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1 Introduction

China has emerged as one of the world’s leading Al powers. Yet systematic firm-level evidence
on the speed and depth of Al adoption among its firms remains scarce. Existing studies draw
predominantly on data from advanced economies, such as the United States and Europe (Ace-
moglu et al. 2022; Babina et al. 2023), where firm-level technology sophistication and corporate
governance structures differ markedly from those in emerging markets. In China, distinct market
features, including a large manufacturing base, a prominent state presence, and rapidly expand-
ing digital infrastructure, may shape both the capacity and the incentives for Al adoption in ways
that differ from those in advanced economies. Given China’s growing role in the Al value chain,
filling this gap is vital to understanding how Al diffuses across firms in a developing economy.

While previous studies focused on using exposure-based measures to identify occupations or
tasks that could be affected by (Gen)AI in China (Chen et al. 2025; Zhang et al. 2025), we focus
on firm-level adoption, where firms incorporate GenAl-related capabilities into their operations
through hiring. Following previous research,! a firm is defined as a GenAl adopter after it first
posts a vacancy online explicitly requiring the use of GenAl applications or technical skills. Here,
we combine job postings from three major Chinese online job boards and match them with ap-
proximately 5,000 listed firms, while vacancies on 51job.com are matched to about 2.5 million
non-listed firms. A systematic keyword-based approach is applied to identify postings that re-
quire GenAl-related skills. To ensure identification quality, the approach addresses cross-platform
duplicates, tailors keyword selection to the Chinese context, mitigates false positives, and clas-
sifies postings by business function to capture the sophistication of adoption. It was applied to
72 million job postings from 2015 to 2025 to provide the first comprehensive job-posting-based
picture of GenAl adoption patterns among Chinese firms.

Measuring GenAl adoption is inherently challenging as a firm can engage with the technology
across multiple dimensions, including invention, signaling, perception, and actual use (Babina
2026; Cirera, Comin, and Cruz 2026). Currently, there are four main estimation approaches in the
literature. Survey-based measures ask firms or workers directly and yield interpretable adoption

rates, but estimates swing widely across studies, depending on the technologies covered, question

1See, for instance, Babina et al. (2024), Hampole et al. (2025), and Hosseini and Lichtinger (2025).



wording, sampling frame, and respondents.? Patent-based measures identify Al invention and
tend to capture technology developers and suppliers rather than ordinary adopters (Calvino et
al. 2022). Self-disclosure measures, built from Al-related keywords in annual reports or filings,
offer broad coverage and are common in the Chinese setting, but they reflect strategic orientation
and signaling as much as operational use (Yao et al. 2024). Finally, there is a growing job-posting
literature that infers adoption from firms” demand for Al-related skills.?> As recruiting Al talent is
a costly and observable organizational action, this approach captures firms’ concrete steps toward
Al integration at high frequency and with detail on the business functions where it is deployed.
The approach provides valuable insights into firm-level adoption patterns, including potential
new job creation. Therefore, despite its limitations in capturing adoption through off-the-shelf
tools or retraining existing staff, we adopt this job-posting-based approach and apply it at scale in
a developing-country setting to both listed and non-listed firms.

The evidence from the job-posting approach suggests a rapid yet highly uneven pattern of
diffusion in China. First, GenAl adoption among Chinese listed firms rose steadily following
the release of ChatGPT, reaching approximately 11 percent by the end of 2024 and 21 percent
a year later. Adoption accelerated sharply after the release of DeepSeek in early 2025. * The
increase is particularly prominent among non-listed firms, consistent with the fact that DeepSeek
is a domestic, low-cost, and readily localized model that lowered adoption barriers for smaller
firms. Nevertheless, adoption remains substantially higher among listed firms (21 percent) than
non-listed firms (0.2 percent) by the end of 2025. Second, firm size, market service sectors, and
prior adoption of earlier Al technologies are each positively associated with both the propensity
and intensity of GenAl adoption. Finally, adoption sophistication is highest among listed firms in
market services.

Our paper contributes to the existing literature in several ways. It is the first to document
GenAl adoption patterns among firms in a developing country with detailed granularity. Some
studies used a survey-based approach to measure individual adoption of GenAl in advanced
economies (such as Bick, Blandin, and Deming 2025). Others have used firm-level surveys to

track firms” adoption of GenAl in developing countries by interviewing managers and to under-

2See, for instance, McElheran et al. (2024), Bick, Blandin, and Deming (2025), and Yotzov et al. (2026).
3See, for instance, Babina et al. (2024), Hampole et al. (2025), Alekseeva et al. (2025), and Shi et al. (2025).
4Specifically, we refer to the release of DeepSeek-R1 on January 20, 2025.



stand how GenAlI has been integrated across business functions (Davies et al. 2026). Our paper
also contributes to the general literature on technology adoption (e.g., Comin and Hobijn 2004;
Cirera, Comin, and Cruz 2026).

Second, this is the first rigorous study that tailors the job-posting approach to a developing-
country context. Existing job-posting measures of Al adoption have been developed primarily
for the United States and other advanced economies, where postings are often collected from rel-
atively standardized sources and linked to firms through well-established identifiers. Applying
this approach to China requires addressing a different set of measurement challenges. We combine
postings from three major online job boards, remove cross-platform duplicates, match vacancies
to both listed and non-listed firms, construct GenAI keyword lists that include domestic tools and
Chinese-language terminology, and manually validate the resulting classifications. This proce-
dure allows us to adapt a widely used measurement strategy to a setting where firm identifiers,
posting formats, and language conventions are less standardized, thereby extending the empirical
toolkit for studying technology adoption in developing economies.

Third, it is one of the first studies that attempts to document new GenAl-related job titles and
occupations appearing in online vacancies in a developing country. Since job postings include
detailed information about job titles, responsibilities, and required skills, they enable us to go be-
yond simply measuring whether firms adopt GenAl and to analyze how such adoption affects
the composition of labor demand. We distinguish postings that require GenAl technical skills
from those that require GenAl tool knowledge, and use this distinction to document emerging
patterns in GenAl-related labor demand. Technical-skill postings are concentrated among ICT
specialists, especially algorithm engineers and software developers, while tool-based postings ex-
tend to non-ICT occupations such as operations specialists, UI designers, graphic designers, and
administrative clerks. This evidence shows that GenAl-related hiring is not limited to technical
functions but extends to broader business activities, providing early evidence of how the technol-
ogy is associated with changes in occupational demand in a developing-country labor market.

The remainder of the paper is organized as follows. Section 2 reviews the existing approaches
used to measure Al and GenAl adoption and clarifies how job-posting measures differ from
survey-, patent-, and disclosure-based approaches. Section 3 describes datasets and procedures

used to identify GenAl-related vacancies, including deduplication, keyword construction, val-



idation, and business-function classification. Section 4 presents stylized facts on GenAl adop-
tion among Chinese firms, examines how adoption varies by firm characteristics, and documents
emerging patterns in GenAl-related labor demand. Section 5 concludes and discusses the limita-

tions of current evidence.

2 A Review of Existing AI Adoption Measures

Measuring GenAl adoption is conceptually challenging as available data capture different dimen-
sions of firms’ engagement with the technology.” The existing literature focuses on four estimation
approaches, each with its own limitations and advantages. Survey-based measures can directly
estimate the fraction of firms or workers using Al, but the resulting estimates are sensitive to the
definition of Al, the respondent, the sampling frame, and the weighting scheme. Patent- and
disclosure-based measures do not usually provide clear adoption rates, as the former captures in-
novation and the latter indicates strategic moves or market signals. In contrast, job-posting mea-
sures capture a concrete organizational action, the costly recruitment of workers with Al-related
capabilities, which is more closely tied to firms’ efforts to integrate Al into their organizational

functions.® Table 1 lists a brief comparison across the four approaches.

5As emphasized by Babina (2026), different Al datasets capture distinct economic objects, including invention ver-
sus use, internal capability building versus outsourced adoption, realized activity versus external perceptions, and
broad organizational deployment versus narrowly defined applications (Cirera, Comin, and Cruz 2026).

®Notably, a small but particularly informative strand of research observes firms’ actual activation or use of specific
Al tools through administrative data. For example, Yuan (2025) studies the staggered adoption of an Al tool introduced
by a large Chinese e-commerce platform in 2024. Administrative usage data provide an important benchmark for actual
adoption, but they typically concern one commercial ecosystem or a narrow class of tasks and are rarely available at
the economy-wide scale.



Table 1: Measurement Approaches to Al and GenAI Adoption

Measurement
approach

Representative studies

What the measure mainly
captures

Main advantage and
limitation

Survey-based

Patent-based

Self-disclosure-
based

Job-posting-
based

McElheran et al. (2024);
McElheran et al. (2025);
Bick, Blandin, and
Deming (2025); Bonney
et al. (2026); Yotzov

et al. (2026)

Cheng, Lee, and Tambe
(2023); Calvino et al.
(2022)

Calvino et al. (2022);
Yao et al. (2024)

Calvino et al. (2022);
Alekseeva et al. (2025);
Shi et al. (2025);
Hosseini and Lichtinger
(2025)

Self-reported Al use by
firms, establishments,
executives, or individual
workers

Al invention, technological
development, or
commercialization by firms

Al-related strategic
orientation, public
communication,
investment intentions, or
market signaling

Firms’ observable
investment in Al-related
human capital and efforts
to integrate Al into
organizational functions

Provides direct and
interpretable evidence on
reported use. Estimates are
sensitive to the technology
covered, question wording,
sampling frame, weighting
scheme, and respondent
type. Worker surveys
additionally capture
individual use rather than
formal firm adoption.

Provides an objective signal
of innovative activity.
Identifies Al developers or
innovators rather than
ordinary firms adopting
externally supplied Al tools.

Offers broad coverage and
can be linked to firm
outcomes over time.
Al-related text may contain
strategic rhetoric or
forward-looking statements.

Captures function-specific
organizational action at
relatively high frequency.
May miss adoption through
off-the-shelf tools, external
providers, or existing
employees; vacancies may
reflect intended rather than
realized implementation.

2.1 Survey-based Approach

The most direct approach to measuring Al adoption is to ask firms (or workers) whether they use
Al in their operations. Survey-based measures yield an interpretable extensive-margin indicator—
the share of firms currently using Al—and, when based on representative samples, allow re-
searchers to characterize adoption across firm size, industry, geography, and business functions.
However, reported adoption rates vary substantially across surveys as they differ in sample com-

position and weighting, question wording and technological scope, and respondent incentives



and information sets.

Evidence from the United States illustrates this sensitivity (Crane, Green, and Soto 2025). Us-
ing the 2018 Annual Business Survey, McElheran et al. (2024) find that fewer than 6 percent of
tirms used at least one of the five early Al technologies in 2017, though the employment-weighted
rate exceeded 18 percent. Among manufacturing firms, McElheran et al. (2025) report adoption
ranging from 13 to 23 percent in 2021 depending on the definition used. After the diffusion of
GenAl applications, the Census Bureau’s Business Trends and Outlook Survey reports that 18
percent of U.S. firms used Al during November 2025-January 2026, rising to 32 percent when
weighted by employment (Bonney et al. 2026). At the other extreme, a survey of senior executives
using a broad definition of Al reports a U.S. firm adoption rate of 78 percent (Yotzov et al. 2026).”

International evidence displays similar variation. Based on harmonized enterprise surveys,
Eurostat reports that 20 percent of EU enterprises used at least one Al technology in 2025, up from
8 percent in 2023, with adoption rates ranging from 5 percent to 42 percent across member states
(Eurostat 2025). Using executive surveys with comparable questions across four countries, Yotzov
et al. (2026) report much higher adoption rates: 78 percent in the U.S., 71 percent in the U.K., 65
percent in Germany, and 59 percent in Australia. These estimates underscore that cross-country
comparisons remain highly dependent on survey design, particularly on firm-sample coverage
and on who is being surveyed.

China provides an especially relevant setting for our study. The 2024 National Economic Cen-
sus collected information on enterprise Al use for the first time and reports an adoption rate of
approximately 20 percent. The 2025 Enterprise Survey for Innovation and Entrepreneurship in
China (ESIEC), which primarily covers micro and small firms, estimates that 26 percent of sur-
veyed firm owners used Al in business operations (Song, Yang, and Zhang 2025). These differ-
ences are informative rather than merely contradictory: they suggest that the estimated prevalence
of Al adoption in China is sensitive to the inclusion of small firms, the scope of Al use covered
by the questionnaire, and the extent to which respondents can observe technology deployment
within their organizations.

Reviewing the existing literature suggests that differences in reported Al adoption rates across

7 At the individual worker level, Bick, Blandin, and Deming (2025) finds that, by late 2024, nearly 40 percent had
used GenAl, and 23 percent of employed respondents had used it for work. These worker-level estimates capture
individual task use rather than formal firm adoption, as the latter requires organizational shifts or investment.



surveys mainly stem from three sources. First, as Al adoption rates tend to be positively associated
with firm size, ® both the sampling frame and the weighting scheme applied to survey responses
substantially affect the resulting estimate. In the U.S., the BTOS mirrors the actual firm popu-
lation, where 95 percent of firms have fewer than 50 employees, and produces a firm-weighted
estimate of 18 percent as of year-end 2025 (Allen 2026). The SBU oversamples large firms and
reports an employment-weighted estimate, reaching a much higher rate of 78 percent (Yotzov et
al. 2026). Second, the framing of a survey question substantially affects reported adoption rates.
For instance, the Census Bureau revised its BTOS question in November 2025, which broadened
the scope from Al use in "producing goods or services" to use in "any of its business functions."
This change alone produced a discrete upward jump in reported adoption rates (Allen 2026; U.S.
Census Bureau 2025). Similarly, when the OECD restricts its question to Al use in core busi-
ness functions, estimated adoption rates fall far below the headline figures from broader national
surveys (OECD 2025). The Eurostat survey, by contrast, broadened the range of specific Al tech-
nologies covered, yielding higher rates. Third, the composition of survey respondents and their
incentives also matter. On the one hand, firm representatives may overreport adoption due to
social desirability pressure as Al becomes a marker of organizational competitiveness.” On the
other hand, operational staff may underreport due to limited visibility into firm-wide deployment
(Allen 2026). Surveying senior executives partly mitigates this issue but does not fully resolve it

(Yotzov et al. 2026).1°

2.2 Patent-based Approach

A second strand of research measures firms’ Al-related innovation using patents, trademarks, or
related intellectual-property records (e.g., Cheng, Lee, and Tambe 2023). Such measures capture
costly and verifiable activities tied to the development or commercialization of Al, making them
well-suited for studying frontier innovation or the geography of Al invention. They are less suit-

able for measuring adoption and diffusion: A firm can adopt a commercial large language model

8Acernoglu et al. (2022), McElheran et al. (2024), Eurostat (2025), and Song, Yang, and Zhang (2025).

9The general survey methodology literature establishes that respondents systematically misreport on topics where
social norms create pressure to answer in a particular direction (Tourangeau and Yan, 2007; Groves et al., 2009). Allen
(2026) and Yotzov et al. (2026) flag this as a plausible concern in the AI adoption context, though direct empirical
evidence remains limited.

105ee, also, the executive surveys used by Hoffreumon et al. (2023) and Fontanelli et al. (2024).



or reorganize workflows around GenAl tools without filing a single patent; conversely, a firm
holding Al patents may develop technologies for sale to others without deploying them internally.
Patent measures thus identify Al innovators and technology suppliers rather than the broader
population of firms integrating Al into their operations. The distinction is visible in Calvino et al.
(2022), who combine intellectual-property records, corporate websites, online job postings, and

firm financial data to identify Al-active firms in the United Kingdom.!!

2.3 Self-disclosure Approach

Another approach measures firms” Al engagement by constructing text-based indicators from Al-
related keywords or passages using public disclosures, such as annual reports, regulatory filings,
earnings communications, and corporate websites. For example, Yao et al. (2024) measure Al-
related keyword frequencies in the annual reports of Chinese listed firms. Similarly, Calvino et
al. (2022) use Al-related content on corporate websites to identify Al-active firms in the United
Kingdom. As these sources are widely available and readily linked to firm outcomes, they are
useful for studying firms’ strategic attention to Al and its relationship with financial performance
or market valuation. Their primary limitation is that firms may discuss Al to signal technological
orientation to investors or describe future strategies without any meaningful internal deployment
or adoption.!? Disclosure-based measures are therefore better interpreted as indicators of Al-

related strategic orientation than as direct measures of realized adoption.

2.4 Job-posting Approach

A growing literature uses online job postings to measure firms” demand for Al-related capabilities
(Babina et al. 2024; Hampole et al. 2025; Hosseini and Lichtinger 2025). This approach identifies
vacancies requiring Al-related skills, occupations, or task knowledge, and then aggregates these
postings to the firm, industry, or regional level. Relative to patents and public disclosures, job

postings offer an appealing behavioral interpretation: recruiting workers with Al-related capabil-

N Their classification distinguishes firms conducting “Al innovation,” firms with an “Al core business,” and firms
demanding “Al talent.” This multidimensional framework is useful precisely because the three groups need not co-
incide. Firms developing Al technologies, firms publicly positioning themselves around Al, and firms recruiting Al-
related human capital represent different forms of engagement with the technology.

12Moreover, keyword-based indices are difficult to interpret as adoption rates: more frequent mentions of Al do not
necessarily imply more intensive use of the technology.



ities is a costly, observable organizational decision. Firms generally post vacancies to fill specific
operational needs, and job advertisements reveal both the functions in which firms seek Al capa-
bilities and the complementary skills that they regard as valuable.

Existing studies demonstrate the usefulness of this approach for measuring Al-related orga-
nizational investment. Calvino et al. (2022) construct an Al-hiring intensity measure for British
tirms, defined as the ratio of Al-related vacancies to total vacancies. They interpret this measure as
a proxy for firms’ specialization in Al and their longer-run commitment to Al capability building.
Using U.S. data, Alekseeva et al. (2025) identify Al-related vacancies based on the co-occurrence
of listed skills with unambiguous Al skills and construct a firm-year Al adoption proxy. More
recently, Shi et al. (2025) focus directly on the measurement of Al jobs in online vacancies. They
compare existing skill-taxonomy methods with fine-tuned large language model classifiers and
construct a quarterly firm-level dataset for Russell 1000 firms. Their measure of Al Jobs Intensity,
the ratio of Al-related job postings to all job postings, increases from 0.2 percent in 2018 Q1 to 0.8
percent in 2025 Q3. Importantly, this quantity measures labor demand for technical Al capabilities
rather than the fraction of firms that have fully adopted Al in operational use.

Job-posting data offer several advantages for studying firm-level Al diffusion. First, they pro-
vide high-frequency, firm-level measures that can capture changes in Al-related organizational in-
vestment over time. Second, they reveal where in the organization Al capabilities are demanded,
allowing researchers to distinguish technical positions from non-technical ones. Third, job post-
ings are less likely to serve as mere rhetorical signals, as posting a vacancy and screening candi-
dates require genuine organizational resources. This measure should nevertheless be interpreted
with care. Firms may adopt off-the-shelf GenAl tools, rely on external providers, or encourage
existing employees to use GenAl without posting new vacancies. Conversely, a GenAl-related

vacancy indicates an intended investment that may not immediately translate into realized use.

3 Applying the Job Posting Approach to Chinese Firms

Given the advantages of the job-posting approach summarized above, we apply it to Chinese
firms to measure the rate and intensity of GenAl adoption, and to identify the business functions

in which these capabilities are demanded.
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This section outlines the data sources and the steps we followed to build the firm-level Al-
adoption dataset. We begin with an overview of job posting data (Section 3.1) and how they are
merged with the firm-level data (Section 3.2). We then explain the deduplication process (Section
3.3), particularly when postings are gathered from multiple job boards, and the keyword approach
used to identify postings requiring Al-related skills (Section 3.4). These postings are then manu-
ally reviewed to correct misclassifications and potential false positives (Type I errors). Then, an
LLM-based classification method is employed to categorize Al-related posts by business function,
leveraging details from job descriptions (Section 3.5). Finally, we present some emerging trends

from the identified postings (Section 3.6).

3.1 Job Posting Data

Our job posting data come from three major online job boards in China: 51job.com, Zhaopin.com,
and Liepin.com, covering the period 2015-2025.1> We have data access to all vacancies posted
on 51job.com, comprising 67 million unique postings over 2015-2025, and we restrict the sample
to the 63 million postings matched to the business registry database (Section 3.2), covering ap-
proximately 2.5 million firms. From the firm registry, we can further identify about 6 million job
vacancies posted by firms listed on China’s stock exchanges.!* The remaining 57 million jobs are
posted by "non-listed" firms.

For the listed firms, we complement 51job.com postings with those from the other two job
boards, Zhaopin.com and Liepin.com, with stock IDs already labeled for matching. Pooling the
three boards gives 16.9 million raw postings for listed firms. Because a firm can advertise the same
vacancy on more than one platform, we deduplicate these cross-platform repeats before analysis
(Section 3.3). After deduplication, we have 14.7 million unique postings for listed firms. The job

posting data, therefore, support two samples that differ in platform coverage: a listed-firm sample

1351job.com was founded in Shanghai in 1998 and listed on NASDAQ in 2004. It had accumulated over 155 mil-
lion registered users by 2021, with monthly active users reaching approximately 20 million as of December 2022.
Zhaopin.com was founded in Beijing in 1994 and consistently ranks among the top two online recruitment platforms
in China by monthly active users. Liepin.com was founded in 2011 and listed on the Hong Kong Stock Exchange in
2018. It differentiates itself by focusing on mid-to-senior white-collar and executive talent and has over 84 million reg-
istered users as of 2022. According to the 2024 China Online Recruitment Industry Research Report conducted by iResearch
(see https:/ /report.iresearch.cn/report/202204 /3981.shtml), online recruitment accounts for approximately 70% of the
total recruitment activities, and these three job boards accounted for more than two-thirds of China’s online recruitment
market during most of our sample period.

14The term "listed firms" refers to firms publicly traded on mainland China’s stock exchanges, including both the
Shanghai Stock Exchange and the Shenzhen Stock Exchange, together known as the A-share market.
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built from all three boards, and a non-listed-firm sample built from 5Ijob.com alone. In total, our
sample contains 72 million unique postings across listed and non-listed firms.

Each job posting contains structured information on the employer name, job title, occupational
category, posting date, work location, educational requirements, number of vacancies, and salary,
as well as unstructured text describing job responsibilities and skill requirements. The unstruc-
tured job description is typically several hundred Chinese characters long. We apply keyword
matching and Large Language Model (LLM) methods to job titles and descriptions to determine
whether Al-related skills are required (Section 3.4) and to identify the business functions that the
worker is expected to support (Section 3.5).

Job posting data have certain limitations. Online job postings tend to provide better coverage
of high-technology industries and high-skill occupations. Firms” decisions to post vacancies on-
line may be selective and not perfectly aligned with their underlying labor demand (Kurekova,
Beblavy, and Thum-Thysen 2015). Nevertheless, compared with traditional surveys, job postings
offer large-scale, timely, and detailed information on job requirements, skill demand, and geo-
graphic distribution, making them especially useful for tracking firms” hiring-based responses to

fast-changing technologies such as GenAl.

3.2 Firm-level Data

We match job postings to two sets of firm-level data: 1) annual reports of listed firms, and 2) the

business registry database for non-listed firms.!>

Listed firms. We compile firm-year panel data from the annual financial reports of Chinese listed
firms.!® The dataset is sourced from Wind Information, containing up to 5,182 firms by the end

of 2025.17 These firms are classified into four broad sectors, namely manufacturing, mining and

15The two Chinese sources are | 17/ & 4E 4 (annual reports of listed firms) and H[E i)l T-7 15 B (the business
registry database).

1611 China, listed firms are required to disclose their financial information and workforce structure annually. Ac-
cording to the Content and Format Standards for Information Disclosure of Companies Issuing Securities Publicly No. 2—
Content and Format of Annual Reports, issued by the China Securities Regulatory Commission (CSRC), listed firms are
required to disclose employment-related information. As stipulated in Article 34: "Firms shall disclose information
about employees... including the total number of employees at the end of the reporting period, along with their func-
tional composition (such as production, sales, technical, financial, and administrative personnel) and educational back-
ground..." These disclosures list employee numbers by function—such as sales, technical, production, administrative,
and financial—offering insight into the firm’s organizational structure.

17Link of Wind Information: https://www.wind.com.cn/.
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construction, market services, and non-market services, and 18 more granular industries. Man-
ufacturing firms account for 68 percent of the listed-firm sample. Most of the remaining firms
operate in services, with market services accounting for 21 percent of the sample, including 8 per-
cent in ICT and 2 percent in scientific research and technical services. As for ownership, 26 percent

of listed firms are state-owned enterprises (SOEs),'®

which tend to be larger in employment size.
We link listed firms to job postings using stock IDs, which helps avoid matching errors arising
from variations in firm names. As shown in Table A4, the matching rate increases from 87 percent

in 2015 to 95 percent in 2025, with an average of above 90 percent over the sample period. This

confirms that our job posting data provide comprehensive coverage of listed firms.

Non-listed firms. To identify and characterize non-listed firms, we match job postings to the
State Administration for Industry and Commerce (SAIC) business registration database.’” This
database covers the universe of legally registered business entities in China and provides admin-
istrative records on registered name, industry classification, address, establishment and closure
dates, registered capital, legal representative, and ownership structure. These records allow us
to characterize firms by sector, location, age, operating status, and ownership type. They are
particularly valuable for studying non-listed firms, which are typically absent from standardized
financial databases and often lack consistent identifiers in job posting data.

We match job postings to the business registration database using standardized employer
names, constructed by removing punctuation, whitespace, and common legal suffixes from firm
names in both datasets.?’ 93 percent of the 67 million unique job postings from 51job.com are suc-
cessfully matched to registered business entities in the SAIC database, and in total, we match 63
million postings to approximately 2.5 million firms. Among them, 57 million job postings are from

non-listed firms.

18We identify SOEs based on ultimate control: if the ultimate controlling shareholder is the government, the firm is
classified as a state-owned enterprise.

19The SAIC business registration database has been widely used in the literature (Cong, Yang, and Zhang 2024; Dai
and Zhang 2026). See Appendix A.1 for more details.

20When multiple registration records share the same standardized name, we use location and sector information as
tiebreakers.
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Figure 1: Sectoral Distribution of Listed and Non-listed Firms

Note: The figure shows how listed and non-listed firms are distributed across the industry sections of China’s GB/T 4754
classification.

Listed vs non-listed firms Listed firms tend to be larger, more productive, and more technolog-
ically advanced than non-listed firms. In our matched sample, listed and non-listed firms also
differ sharply in their sectoral composition (Figure 1). Listed firms are highly concentrated in
manufacturing, which accounts for 68% of all listed firms, with very limited representation in
agriculture, health and social work, and residential services. By contrast, non-listed firms are
more evenly distributed across sectors and have a stronger presence in services, led by wholesale
and retail trade at 22%, leasing and business services at 16%, and scientific and technical services
at 15%. Manufacturing accounts for only 13% of non-listed firms. Sectoral composition and un-
even GenAl exposure across industries may shape differences between listed and non-listed firms,

which matters for interpreting the adoption patterns in Section 4.

3.3 Deduplication of Job Postings

For listed firms, our job postings are sourced from three online job boards, and a firm may post

the same position on multiple boards. To prevent duplicates from influencing our results, we

developed a deduplication algorithm for postings across different platforms.?!

210ur approach is closely aligned with the deduplication method adopted by Revelio Labs, a workforce intelligence
company (https://www.reveliolabs.com/). The differences are that we use a wider window to detect duplicates and
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Deduplication algorithm. The deduplication algorithm processes raw postings in three stages.
We first extract and standardize key fields (location, job title, job responsibilities, and posting date);
we then remove exact repeats within a short time window (strict deduplication); and we finally use
a text-similarity measure across platforms to catch near-duplicates that differ only in formatting
or wording (loose deduplication).

Extracting the job responsibility text is the main challenge, because raw descriptions of post-
ings are highly unstructured.?? We use a segment-based rule that captures the text following job-
responsibility headers (e.g. tasks, duties and responsibilities) up to the next header of qualifications,
skills, or company information.”> And we then standardize the result by removing platform-
specific formatting. Strict deduplication then removes identical postings defined by the same firm,
the same city and county, the same standardized job title and raw description, posted within over-
lapping £3-day windows. This stage runs across platforms, capturing the same vacancy posted
on multiple boards.

Loose deduplication catches near-duplicates that strict matching misses. For example, postings
that share the same job responsibilities may have job titles with small differences on two plat-
forms, such as “software engineer” vs. “software development engineer”. For every posting pair
from the same firm and city posted within three days,?* We compute the Jaccard similarity of the

standardized titles and of the responsibility sections,

_lAnB

](AIB) - m/

where A and B are the sets of unique 2-grams from each title (or standardized job responsibilities).
Posting pairs are flagged as duplicates if the Jaccard similarity of their standardized titles exceeds
0.8, or the similarity of their responsibility sections exceeds 0.6, with the latter threshold being

lower due to the greater average length of the "job responsibility" section in a posting. Similarity

more granular location information to detect duplicates, so our deduplication method is stricter than Revelio Labs’.
Moreover, we use Jaccard similarity to capture the similarity between two postings, as it is better suited to the Chinese-
language context, where job postings are frequently re-posted with identical content in a different sequence, posting
length varies substantially across firm types, etc. See more details in Appendix B.

22The responsibilities section may appear in no fixed order, recur multiple times, or be interspersed with unrelated
material such as company background.

Z3When both a start and an end header are present, we keep the intervening text; with only one header we keep
the text on the relevant side; with none we fall back to the full description. Extractions shorter than 15 characters are
treated as failures, and multiple qualifying segments are concatenated. See Appendix B.

24Pairs differing only in county-level location are kept as distinct vacancies.
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is computed at the character level rather than at the word level, as Chinese text lacks whitespace
delimiters and character bigrams capture sub-word overlap more reliably in this setting. Flagged

pairs are then clustered, and only the earliest-dated posting is retained in one cluster.®

Deduplication results. The raw data contain 16.9 million postings in total, of which 2.2 million
(13 percent) are identified as duplicates and removed. The duplicate share is relatively stable
across years, ranging from 9% in 2015 to 15 percent in 2022, suggesting that cross-platform re-
posting is a persistent rather than episodic feature of the data. Annual posting numbers follow
an inverted-U pattern, peaking in 2022 and then declining through 2024-2025, consistent with the
broader employment contraction in China’s labor market in recent years. After deduplication, the

cleaned sample retains 14.7 million postings, which forms the basis for all subsequent analysis.

3.4 The Keyword Approach

We construct three keyword categories to measure (Gen)Al adoption: tools associated with GenAl
applications ("GenAl tool"), technical terminology specific to GenAl ("GenAlI tech"), and Al terms
that predate the emergence of GenAlI ("Earlier AI"). This taxonomy reflects a meaningful skill hier-
archy. GenAl tool keywords capture entry-level, cross-functional GenAl skills relevant to a broad
range of firms and industries, while GenAl tech keywords capture more specialized competencies
typically concentrated in technical functions such as research and development. The Earlier Al
category identifies earlier waves of Al adoption and serves as a benchmark.

A firm is classified as a GenAl adopter upon posting its first vacancy explicitly requiring either
GenAl tool or GenAl tech skills.?” To capture the intensive margin of adoption, we also construct a

continuous measure defined as the share of a firm’s postings that list GenAlI skill requirements.

Compiling the lists. The three keyword lists are compiled systematically and tailored to the
Chinese context (see Appendix Table Al for the complete lists). The first category, GenAl tool,

encompasses specific GenAl products that employers explicitly require workers to use, ranging

25 As we receive the full set of postings from 51job.com, we apply strict deduplication to all of its postings, which yields
67 million unique postings spanning both listed and non-listed firms (down from 77 million raw postings). The 57
million postings from non-listed firms, after merging with business registry data, all come from this single platform, so
they do not require cross-board (loose) deduplication.

26Table A5 presents the number of job postings before and after deduplication across the sample period.

27Gee, for instance, Babina et al. (2024), Liu and Webber (2026), Alekseeva et al. (2020), and Goldfarb, He, and
Teodoridis (2025).
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from internationally prominent platforms, such as ChatGPT, Gemini, and Claude, to domestically
developed models, such as DeepSeek, Qwen, Ernie Bot, and Doubao. The second category, GenAl
tech, includes more technical terms such as transformers, fine-tuning, retrieval-augmented gener-
ation (RAG), and prompt engineering. It is worth noting that some of the GenAl technical terms,
such as Transformers, existed before GenAl tools became widely available (i.e., around the end of
2022).%% The third category, Earlier Al, covers machine learning and artificial intelligence technical
terms that predate ChatGPT’s launch in November 2022, such as deep learning, computer vision,
and natural language processing (NLP).

The lists are developed from considering industry terminology, prior literature, and manual
inspection of job postings to ensure broad coverage and relevance in the context of China. For
instance, the construction of the GenAl application tool list begins with 60 top global GenAlI ap-
plications in Liu, Huang, and Wang (2025) and Liu and Wang (2026), augmented with tools from
analogous rankings for the Chinese market. All three lists are tailored to the Chinese context, both
by emphasizing tools with substantial domestic market penetration and by including terms in
both English and Chinese.?’ The three lists are applied to the 72 million job postings in our sam-
ple to identify postings that include any of these keywords in their job descriptions, particularly
in the "job responsibilities" section. In total, we identified approximately 0.5 million job postings

with related keywords.

Validation. After identifying postings containing the relevant keywords, we randomly sample a
few thousand identified postings for manual review. This inspection reveals that certain Al-related
technical terms are susceptible to conflation with unrelated concepts, potentially generating false
positives (Type I errors).’’ Based on these insights from the sampled postings, we refine the key-
word list and identification algorithm to reduce such Type I errors, which account for a negligible

fraction of the identified postings.

28This is less true for GenAl tools, but there are a couple of cases, such as Midjourney, where GenAl tools were
available before the launch of ChatGPT.

2Many technical terms appear in both languages within Chinese job postings, as practitioners frequently use En-
glish acronyms or brand names alongside their Chinese translations; matching on either form is therefore necessary
to avoid systematic undercounting. Where no widely adopted Chinese equivalent exists, only the English form is
matched; where a Chinese expression has no standard English counterpart, only the Chinese form is used.

30For example, the acronym LLM may denote either a large language model or a Master of Laws degree, and GAN
may refer to either a Generative Adversarial Network or a Romanized transliteration of a Chinese proper noun.
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3.5 Classifying Postings by Business Functions

To better understand Al adoption across business functions within firms, we develop a business
function classification algorithm, taking into account the Chinese business context. We define five
functional categories, namely technical, production, sales, administrative, and financial, to match
the information in the financial report data for listed firms.

The classification approach proceeds through a cascaded three-tier architecture, combining
rule-based matching, semantic embeddings, and LLM reasoning. Tier I applies deterministic key-
word matching to job titles. For each of the five functional categories, we compile a list of high-
frequency, unambiguous title keywords drawn from Chinese labor markets. For instance, titles
containing terms such as "Sales" or "Marketing" are assigned to the Sales function. In Tier II, titles
that do not match any Tier I keyword are passed to semantic vector similarity, which captures roles
that share functional meaning with the keyword list but lack an exact lexical match. We employ the
text2vec-base-chinese sentence embedding model, a transformer-based model pre-trained on large-
scale Chinese corpora that encodes semantic relationships among words and phrases in Chinese
text. In Tier III, the most ambiguous cases are classified using the Qwen-Plus model, prompted
with a structured expert system. The expert system encodes category definitions, boundary rules,

and disambiguation logic for high-frequency ambiguous terms.>!

3.6 Emerging Trends from the Identified Postings

As illustrated in Figure 2, several keyword trends have emerged from the data. First, the share of
postings requiring GenAl tools has risen sharply since 2022, reaching 0.25 percent among listed
firms and 0.09 percent among non-listed firms by the end of 2025. About 65 percent of this in-
crease occurred in 2025, driven by rising demand for DeepSeek. Although ChatGPT remains the
most popular GenAl tool, firms increasingly prefer domestic ones such as DeepSeek, Qwen, and
Doubao. The pattern is evident in both listed and non-listed firms, with non-listed firms showing

a greater reliance on domestic tools.

31Gee Appendix Section C for more details.
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Figure 2: GenAl Keyword Trends, % of Total Postings

Note: Each panel shows the top ten keywords in a domain (GenAl tool, GenAl technique) for one type of firm (listed, non-listed). In
2025, the ten most frequent GenAl tools account for 96.7% of all GenAl-tool postings among listed firms and 94.9% among non-listed
firms; the ten most frequent GenAl-technique terms account for 99.1% and 93.5%. Keywords that refer to the same tool or technique,
including English and Chinese variants, are merged into a single item (e.g., ChatGPT/GPT; GLM/Zhipu; LLM/large language
model).

Among all the GenAlI technical terms, AIGC (AI-Generated Content) remained the most popu-
lar term until 2025, driven by rising demand for LLM and RAG (Retrieval-Augmented Generation)-
related skills. By 2025, postings mentioning LLM and RAG had overtaken AIGC. This shift may
indicate that the purpose of Al adoption is shifting from simpler applications (such as text or im-
age generation) to more sophisticated, productive uses, as RAG is typically used to connect Al
models to firms’ proprietary, domain-specific data. This allows models to answer highly specific
questions using internal documents, reduce "hallucinations,” and provide verified citations with-
out the high costs of retraining the underlying model.

Figure 3 shows how the intensity of posting requiring GenAl-related skills has evolved. Over-
all, the share of postings requiring GenAl-related skills (either tools or technical terms) remains
small but has been rising rapidly. By the end of 2025, this share has reached 0.7 percent of total
postings made by listed firms and 0.2 percent among non-listed firms, up from near zero by the
end of 2022. In both listed and non-listed firms, the increase in demand for workers with GenAl

skills has intensified over time, with the 2025 surge driven more by demand for workers with
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GenAl technical skills. The increase in demand is more pronounced in listed firms, resulting in a
widening gap between listed and non-listed firms (i.e., from a near-zero gap in 2022 to a gap of

about 0.5 percentage points in 2025, see the right panel of Figure 3).
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Figure 3: GenAl Job Postings, % of Total Postings

Note: The figure shows the share of job postings that require a GenAlI skill, by type (GenAl tool, GenAl technique, and the union of
the two), for listed and non-listed firms. Each panel pools 2015-2021 as a near-zero baseline and then reports 2022 through 2025.

Figure 4 compares the diffusion of "earlier" Al technology against generative Al using posting
intensity. On average, the share of postings requiring earlier Al technical skills was about 0.7 (0.3)
percent among listed (non-listed) firms over the period 2015-2021. The rise of GenAl around late
2022 appears to have increased demand for workers with earlier Al skills, with the share rising to
1.7 percent for listed firms and 0.7 percent for non-listed firms.??> This seems to suggest that these
earlier Al skills may complement GenAlI skills rather than replace them. Notably, demand growth
for earlier Al skills is more pronounced among listed firms, widening the adoption gap between
listed and non-listed firms. When considering both earlier AI and GenAl-related skills together,
over 2 percent of postings in listed firms and 0.8 percent in non-listed firms required any Al skills.
Although listed firms had roughly twice the posting intensity for any Al skills during 2015-21, this

increased to 2.5 times by late 2025.

32 A similar pattern was also found in the case of U.S. (Kalyani et al. 2025).
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Figure 4: Posting-Level Adoption, by Measure

Note: Share of job postings that require an earlier-Al, GenAl, or any-Al skill, by period, for listed and non-listed firms.

4 GenAI Adoption among Chinese Firms

This section first shows stylized facts on Chinese firms” GenAl adoption patterns, followed by
some early evidence on new GenAl-related occupations. It then presents a section that empirically

examines which firm features are linked to GenAlI adoption.

4.1 Stylized Facts from the Job Posting Approach

Fact 1: Adoption rate. We begin by documenting the overall adoption rate over time. Figure 5
presents the cumulative GenAl adoption rate, by month, for listed and non-listed firms. A firm
is counted as a GenAl adopter in the month it first posts a vacancy that requires a GenAl skill
(including tool or technical skills). By the end of 2022, right after the release of ChatGPT, adoption
remains near zero for both listed and non-listed firms. The adoption rate then picks up among
listed firms, reaching 11 percent by the end of 2024 and 21 percent by the end of 2025. Non-listed
firms adopt at a much lower rate. Only 0.2 percent of non-listed firms have recruited workers with
some GenAl skills by the end of 2025.

As shown above, the adoption gap between listed and non-listed firms has been widening over
time. Part of this gap reflects the fact that non-listed firms are smaller and less financially able to
make employment adjustments or recruitment decisions to adopt the new technology. It is also

possible that non-listed firms are less technically sophisticated than listed firms, so that GenAl
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technologies do not deliver sufficient productivity gains to justify their costly adoption (such as
hiring a new worker).

The adoption rates for both listed and non-listed firms also reveal a clear "DeepSeek moment"
in which they rise sharply around the public release of DeepSeek in January 2025 (the second
dashed line in Figure 5). Among listed firms, GenAl adoption has expanded rapidly after the
release of DeepSeek, rising from 11 percent at the end of 2024 to 21 percent at the end of 2025. This
is the largest single-year increase that has been recorded so far, much larger than what is seen after
the release of ChatGPT. The surge was even sharper for non-listed firms, where the adoption rate
rose 2.7 times between 2024 and 2025 (reaching 0.17 percent by the end of 2025).

The influence of DeepSeek is most visible in postings requiring GenAl application tools. Among
non-listed firms, the share of firms that have had postings requiring such tools more than tripled
in 2025, rising from 0.03 to 0.09 percent. Meanwhile, the share of GenAlI tool adopters among
listed firms doubled in 2025, from 7 to 14 percent. This finding suggests that by offering a domes-
tic, low-cost, and readily localizable alternative to frontier models, DeepSeek plausibly reduced
both price and integration barriers to adoption. As these barriers are most binding for smaller,
less resourceful firms, a model like DeepSeek might have disproportionately broadened access at

the lower end of the firm-size distribution (like non-listed firms).
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Figure 5: Cumulative GenAl Adoption Rate, 2019-2025

Note: Each line traces the cumulative share of firms that have adopted GenAl, by month, from January 2019 to December 2025. A
firm counts as an adopter from the month of its first job posting that requires a GenAl-related skill. We plot three series: GenAl tool,
GenAl tech, and the union of the two ("GenAI"). The denominator is the number of listed firms for the left panel, and the number of
non-listed firms registered by that month for the right panel. The two dashed lines mark the public release of ChatGPT (November
2022) and DeepSeek (January 2025).

Comparing the diffusion speed of GenAl with earlier Al technologies shows that GenAl has
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been adopted faster among listed firms (Figure 6). Earlier Al technologies, especially deep learn-
ing and advanced machine learning techniques, experienced a boom in the 2010s, driven by access
to large amounts of data (known as "big data") and by cheaper, faster computers. In China, the
adoption rate of earlier Al technologies among listed firms rose from 12 percent in 2015 to 23 per-
cent in 2017 and to 56 percent in 2025. If we take 2010 as the starting point for earlier Al technology
diffusion, we see that it took earlier Al technologies about 7 years (i.e., from 2010 to 2017) to reach
a comparable level that took GenAl about three years to reach (i.e., from close to zero in 2022 to 21
percent in 2025). The rapid spread of GenAl could be attributed to the availability of Generative
Al tools that are easier for workers with limited computer science backgrounds or basic ICT skills

to adopt productively. The previous technologies are largely reserved for ICT engineers working

on more technical functions.??
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Figure 6: Diffusion of GenAl versus Earlier Al

Note: The figure compares how fast firms take up GenAl against how fast they took up earlier Al. Both series are placed on event
time. For GenAl (tool or tech), year 0 is 2022, the year ChatGPT was released. For earlier Al, year 1 is 2015, the start of our posting
data. The vertical axis is the cumulative share of firms that have posted at least one vacancy requiring the relevant skill. The left
panel covers listed firms, and the right panel covers non-listed firms.

Meanwhile, the same surge in GenAl adoption was not observed among non-listed firms. The
share of non-listed firms that adopted earlier AI technologies rose from below 0.5 percent in 2015
to above 2 percent in 2025. Adoption picked up notably between 2015 and 2022, then slowed
after the rise of GenAl tools. The share of non-listed firms that adopted GenAlI tools or techniques
reached only 0.2 percent, one-fifth of the level observed in 2017. If this trend persists, the adoption

gap between listed and non-listed firms may be wider for GenAl than for earlier Al technologies.

33 Appendix D repeats the adoption patterns for earlier Al, GenAl, and any Al (their union) across the cuts used in
Section 4.
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The gap could be driven by the fact that listed firms are more likely to adopt GenAl by hiring new
workers, while non-listed firms may adopt it narrowly by accessing GenAl applications. It is also
possible that the high adoption cost of GenAl does not justify the benefits for non-listed firms,

where scale effects may be limited.

Fact 2: Adoption by sector. GenAlI adoption varies across sectors. Figure 7 shows the GenAl
adoption rate by four broad sectors for listed and non-listed firms. Among listed firms, market
services sectors have the highest adoption rate, reaching 35 percent by the end of 2025, ahead of
non-market services at 23 percent, manufacturing at 17 percent, and construction, mining, and
utilities at 15 percent. Non-listed firms show a different adoption pattern across the four broad
sectors. The highest adoption rate was 0.3 percent among manufacturing firms, followed by 0.2
percent in market services. The adoption rates for non-listed firms in non-market services, con-
struction, mining, and utilities were below 0.1 percent. The results are largely consistent with
existing studies, which show that jobs in the market service sector are more exposed to Genera-

tive Al (Gmyrek, Viollaz, and Winkler 2026).
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Figure 7: Cumulative GenAl Adoption Rate by Broad Sector, 2019-2025

Note: Each line traces the cumulative share of firms in a broad sector that have adopted GenAl (tool or tech), by quarter. Firms are
grouped into four broad sectors: manufacturing; construction, mining, and utilities; market services; and non-market services. The
denominator is the total number of firms existing in the sector-quarter cell. The left panel covers listed firms, the right panel
non-listed firms.

The GenAl adoption rates also differ across industries within each broad sector (Figure 8).
Among listed firms, the adoption rate is highest in information and communication technology
(ICT) at 48 percent, education at 46 percent, and finance at 41 percent. It is lowest in accommo-

dation and food, mining, and utilities. The non-listed firms showed a similar ranking, with the
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highest adoption rates observed in the ICT industry, finance, and science and technology services,
and the lowest among accommodation and food. Furthermore, the adoption pattern seems to
differ between listed and non-listed firms for a few industries, such as education, manufactur-
ing, utilities, and construction. These differences could stem from differences in firm size and the

industry value chain segments in which they operate between the two groups of firms.
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Figure 8: GenAl Adoption Rate by Industry, End of 2025

Note: Bars show the share of firms in each industry that have adopted GenAl by the end of 2025. Open circles mark the share by the
end of 2024 and open diamonds the share by the end of 2023, so the gap between the bar and the markers shows recent growth.
Industries follow the single-letter sections of China’s GB/T 4754 classification; public administration is dropped, as is agriculture for
non-listed firms, and we keep only industries with at least five firms. Each panel is sorted by its own 2025 rate.

Fact 3: Adoption by size. Here we plot firms” adoption rates by size. Since we do not have em-
ployment sizes for non-listed firms, we assume a positive relationship between employment size
and posting number and measure firm size as the total number of vacancies a firm posts over the
sample period, placing listed and non-listed firms on a common scale. As shown in Figure 9, the
size distribution of GenAl adopters is notably more skewed to the right than that of non-adopters,
suggesting that GenAl adopters tend to be larger in employment size than non-adopters. This
pattern is observed in both listed and non-listed firms. The median listed adopter posts 3,378
vacancies over the sample period, against 681 for non-adopters. Among non-listed firms, the

medians are 112 and 5. This finding aligns with existing studies that show larger business orga-

nizations are more likely to adopt Al and make Al-related hiring decisions (e.g., McElheran et al.
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2024; Kazakova et al. 2020).3 It is possible that larger firms may have more resources to experi-
ment with new technologies and can better absorb the fixed costs of Al adoption. Additionally,
the scaling effects of Al might also reward bigger companies, motivating them to adopt.
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Figure 9: Firm Size of GenAl Adopters and Non-adopters

Note: The figure compares the size distribution of GenAl adopters and non-adopters. We measure firm size by the total number of job
postings a firm makes over the whole sample, which lets us compare listed and non-listed firms on one scale; Appendix Figure Al
shows that this proxy lines up with reported employment for listed firms. The x-axis is on a log scale, and the y-axis is the share of
firms in each size bin. The left panel covers listed firms, and the right panel non-listed firms. The median adopter posts 3,378
vacancies versus 681 for non-adopters among listed firms, and 112 versus 5 among non-listed firms.

The GenAl adoption rate also increases with firm size within each sector (Figure 10). The in-
crease with size is steepest for market and non-market services, more modest for manufacturing,
and almost flat for construction, mining, and utilities. Among listed firms, the adoption rate in-
creases from about 1 percent in the smallest size bin to about 60 percent in the largest. Meanwhile,
among non-listed firms, the adoption rate increases more steadily with size for manufacturing and
market services, but only moderately for non-market services and construction, mining, and util-
ity. The adoption rate rose from zero in the smallest size bin to about 1 percent in the largest size
bin (i.e., close to the smallest size bin for listed firms). These patterns suggest that both sectoral

features and firm size help shape GenAl adoption decisions.

34Former studies, such as Zolas et al. (2020), also showed that advanced technology adoption is generally skewed
towards larger firms.
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Figure 10: GenAl Adoption Rate by Firm Size and Sector

Note: The figure plots the GenAl adoption rate against firm size, separately for each broad sector. Firm size is the total number of
postings over the sample, split into six equal-count bins; the x-axis is on a log scale. The left panel covers listed firms, and the right
panel non-listed firms.

Fact 4: Adoption by ownership (for listed firms). For listed firms, we are able to sort them into
state-owned enterprises (SOEs) vs non-SOEs and compare their GenAl adoption rates. Among
listed firms, SOEs and non-SOEs adopted GenAlI at a similar overall rate, 21 percent and 22 per-
cent, respectively, by the end of 2025 (Figure 11). However, when we plot GenAl adoption rates
by employment size, we notice that, at the same employment levels, there are more non-SOEs
than SOEs that have adopted GenAl For instance, among firms with about 12,000 employees,
47 percent of non-SOEs have adopted GenAl, against 38 percent of SOEs. The similar overall
adoption level between the two firm groups is mainly due to the fact that listed SOEs are larger
than non-SOEs. In addition, government policies may help SOEs keep the overall adoption rate.
For instance, the State-owned Assets Supervision and Administration Commission (SASAC) has

consistently encouraged State-Owned Enterprises (SOEs) to adopt AL%

35For example, in February 2024, China’s State-owned Assets Supervision and Administration Commission
(SASAC) convened a special meeting to advance the integration of "AI+" initiatives into the operations of central state-
owned enterprises.
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Figure 11: GenAI Adoption by Ownership Type, Listed Firms

Note: The figure covers the listed firms only. The left panel plots the quarterly cumulative GenAl (tool or tech) adoption rate for
state-owned enterprises (SOEs) and non-SOEs, with the denominator fixed at the number of firms in each group; the dashed lines
mark the release of ChatGPT (November 2022) and DeepSeek (January 2025). The right panel plots the GenAlI adoption rate by the
end of 2025 against firm employment on a log scale, averaged within size bins, for SOEs and non-SOEs.

Fact 5: Adoption intensity. We then show how adoption intensity, measured as the share of
a firm’s postings that require (Gen)Al-related skills relative to total postings, evolves over time.
Figure 12 presents the median and interquartile ranges of adoption intensity across all firms that
adopted GenAl, with separate breakdowns by firms’ listing status. Figure 12a shows the adoption
intensity among firms that have at least one posting requiring GenAl tools or technical skills.>
The lines show the median rates, and the shaded area represents the interquartiles. Across both
listed and non-listed firms, the median intensity increases steadily over time, with the top quartile
rising faster than the median and the bottom quartile. This indicates that, while overall adoption
intensity is moderate, some firms are adopting GenAl more aggressively than the sample majority.

Figure 12b repeats the exercise for earlier Al adoption. As postings requiring earlier Al skills
are common over the whole sample period, we also show the intensity levels before 2021, with
the level averaged over the period 2015-19. We find that the intensity for earlier Al skills has
remained largely stable over the past decade. While earlier Al intensity levels are notably higher
than GenAl intensity in both firm groups at the beginning of 2021, they are comparable by the end
of 2025. This is likely because earlier Al technologies have been around longer and have reached

a mature stage. It is also possible that the rapid increase in adoption intensity for GenAl skills

36We begin in 2021 because postings requiring GenAl-related skills before then come from too few firms to summa-
rize a representative sample. The full year-by-year distributions are in Appendix Figure ??.
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indicates that its adoption barriers might be lower than those for earlier Al technologies.
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Figure 12: Adoption Intensity: Median and Interquartile Range by Year

Note: Intensity is the share of a firm’s postings in a year that require the relevant Al skill, computed among firms with at least one
such posting (firm-years with none are dropped). In each panel the line is the median and the shaded band the interquartile range;
listed firms are on the left and non-listed firms on the right, each on its own scale, and the label marks the 2025 median. Panel (a)
covers GenAl (tool or tech) and begins in 2021, because GenAl postings before then come from too few firms to summarize a
representative sample. Panel (b) covers earlier Al, which is common throughout the period, so it begins with a pooled 2015-2019
point followed by individual years. The full year-by-year distributions appear in Appendix Figures ?? and ??.

Fact 6: Adoption sophistication. Here, we utilize the two different sets of GenAl keywords to
understand the sophistication of GenAl adoption. We treat GenAl tech term adoption as more
technically advanced than GenAl tool adoption, and split adopters into three levels: tool-only,
tech-only, and both tool and tech. The results are shown in Figure 13. We find that listed firms
are notably more likely to adopt both GenAlI tools and technical skills, while the majority of non-
listed firms have adopted either GenAl tools or technical skills. Moreover, the rate of GenAl tool

adoption is much higher for non-listed firms, ranging from 33 percent for market services to 48
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percent for non-market services, than for listed firms (i.e., 12 percent for market services and 27
percent for non-market services). The results also show that adoption tends to be more technically
sophisticated in market services than in other sectors, across both listed and non-listed firms, as

indicated by the highest level of GenAl tool and technical adoption.

Listed Non-listed

I
|
Consteten minng & 4L . 7 .

o merketsences” : . .

| |
0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%
Share of GenAl adopters Share of GenAl adopters

Tool only B Tech only H Tool + tech

Figure 13: Sophistication of GenAl Adoption, by Sector

Note: Among GenAl-adopting firms, the bars decompose adoption into three rising levels of sophistication: tool only (lightest), tech
only, and both tool and tech (darkest). Bars are 100 percent stacked within each broad sector and sorted by the share that uses both.
The left panel covers listed firms, and the right panel non-listed firms.

Furthermore, we show which business functions listed firms adopt GenAl for, and how this
varies across sectors. As mentioned above, when listed firms post vacancies online, they need
to indicate which business functions they are recruiting for. As detailed in Section 3.5, we used
job titles and descriptions about job responsibilities to map each GenAl-related posting to one of
the five core business functions: production, sales, technical, administrative, and financial (see
Appendix C for the detailed methodology). As shown by Figure 14, across all broad sectors,
the adoption rate is highest for technical functions, followed by sales and administration, with
the lowest adoption rate found for production and financial functions. The adoption rate for
production, administrative, and financial functions each remains at or below 4 percent across all
sectors. This indicates that only the most intensive adopters, concentrated in market services,

extend GenAl beyond technical roles into customer-facing and back-office work.
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Figure 14: GenAlI Adoption Rate by Business Function, within Each Sector (Listed Firms)

Note: Each panel covers one of the four broad sectors. A bar shows the share of listed firms in that sector that posted at least one
GenAl vacancy in the corresponding business function. Functions are taken from the posting’s job description field using the
methodology documented in Section 3.5 and mapped to the five annual-report categories (more details see Appendix Section C).

Fact 7: Adoption and pre-existing skilled workers.
for earlier Al skills are more likely to adopt GenAl later. Figure 15 splits firms by whether they
had posted an earlier-Al vacancy by 2022 and compares the two groups” GenAl adoption rates.
Among listed firms, 37 percent of those that have previously adopted Al skills go on to adopt
GenAl by the end of 2025, compared with 7 percent for the rest. The gap is just as sharp for non-
listed firms, 2.9 percent among those that have adopted earlier Al skills versus 0.1 percent among

those that have not. The results suggest that having a pool of Al-skilled workers lowers the cost

of adopting GenAl (new Al technologies).
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Figure 15: GenAlI Adoption by Earlier Al Experience

Note: Firms are split by whether they posted at least one earlier-Al vacancy by 2022 ("AI adopters before 2022") or not ("No earlier
AI"). Bars show the share of each group that has adopted GenAl (tool or tech) by the end of 2025, with listed firms in the left panel
and non-listed firms in the right panel. Group sizes appear under each bar.

Fact 8: Adoption and potential job creation An analysis of job titles from postings requiring
GenAl technical skills or tool knowledge shows rising demand for some GenAl-related occu-
pations (Figure 16). Panel (a) shows that among postings requiring GenAl tool knowledge, the
largest absolute increase in demand over the period 2022-2025 is for Operations Specialists, who
manage and improve the day-to-day processes within an organization, followed by Algorithm
engineers and software developers. Panel (b) further shows how the demand has increased for
some occupations requiring GenAl technical skills. The largest increase in demand is among algo-
rithm engineers, who develop algorithms for applications in machine learning, computer vision,
and related fields. Comparing the two panels shows that the top occupations requiring GenAl
technical skills are all ICT specialists, whereas those requiring GenAl tools also include non-ICT
experts, such as Ul Designer, Graphic Designer, and Administrative Clerk, who are highly ex-
posed to GenAl but are not ICT workers (Gmyrek et al. 2025). This confirms that the impact of

GenAl at the firm level is not confined to ICT workers or specialists.
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Figure 16: Annual Trends in GenAl-Related Job Postings by Occupation

Note: Each line traces yearly postings from 2022 to 2025 for one of the top eight occupations in this sample. A steep upward slope
indicates that the occupation became increasingly central to GenAlI hiring over time.

We further analyze job titles in GenAl-related job postings to identify "new" occupations that
may have emerged after the rise of GenAl. We rank the Top 15 such new occupations by skill re-
quirements (i.e., GenAl technical skills vs tool knowledge) in Figure A4. Panel (b) shows that since
2022, the uptake of GenAl has created demand for engineers who specialize in GenAl technolo-
gies, while Panel (a) shows that it has also given rise to some non-ICT jobs, such as GenAl-related
business development specialists. Both figures indicate that the need for proficiency in GenAl
tools has spread well beyond technical specialists, whereas demand for greater GenAl technical

skills remains largely concentrated among a narrow set of roles.

4.2 What Predicts GenAl Adoption?

The stylized facts listed above show that a range of firm characteristics are associated with GenAl
adoption rates or intensity. Here, we estimate cross-sectional firm-level regressions to identify the
firm characteristics most strongly associated with GenAl adoption by the end of 2025, conditional
on the other included covariates.

Table 2 presents the estimation results. Columns (1) to (3) are linear probability models for
whether a firm has ever adopted GenAlI tools, GenAl techniques, or either. Column (4) applies
the Poisson pseudo-maximum likelihood model to explain the adoption intensity (captured by
the number of GenAl-related vacancies a firm posts). The correlates under consideration include:
state ownership and log employment (both for listed firms only), broad-sector dummies (with

manufacturing as the base), log total postings as a size measure, and a dummy for having posted
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an earlier-Al vacancy by 2022. The two log terms are centered at their means, so the constant
refers to a firm of average size. Panel A covers listed firms and Panel B the much larger pool of
non-listed firms.

Table 2: Regression results: correlation between firm features and GenAl adoption

1) @ (©) 4

Dependent Variable GenAlTool (=1) GenAlTech (=1) GenAl(=1) GenAl postings
OLS OLS OLS PPML
Panel A. Listed firms
SOE -0.915 -1.159 -0.931 0.153
(1.110) (1.177) (1.248) (0.212)
Market services 6.576%** 10.593*** 10.474*** 0.705***
(1.297) (1.402) (1.451) (0.173)
Non-market services 3.690 -0.228 2.368 -0.403
(2.645) (2.671) (2.904) (0.288)
Construction, mining & utility 1.613 0.932 1.641 -0.675**
(1.577) (1.767) (1.873) (0.268)
Log total postings 4.018*** 4.772%** 5.614*** 1.108***
(0.242) (0.265) (0.286) (0.090)
Log employment 3.890*** 4.192%** 4.203*** 0.092
(0.403) (0.430) (0.448) (0.082)
Earlier-Al adopter by 2022 9.203*** 13.361%** 14.632%** 0.845***
(0.988) (1.097) (1.206) (0.157)
Constant 8.204*** 9.879*** 12.510%** -1.906***
(0.623) (0.680) (0.750) (0.159)
Observations 5,183 5,183 5,183 5,183
R? 0.162 0.208 0.223 -
Panel B. Non-listed firms
Market services -0.004 0.015** 0.003 0.185**
(0.007) (0.007) (0.009) (0.072)
Non-market services -0.001 0.001 -0.008 -0.383***
(0.008) (0.008) (0.010) (0.116)
Construction, mining & utility -0.029%** -0.016* -0.046*** -0.310
(0.008) (0.009) (0.011) (0.254)
Log total postings 0.111*** 0.143*** 0.207** 0.984***
(0.003) (0.003) (0.004) (0.043)
Earlier-AI adopter by 2022 1.032%** 2.368*** 2.790*** 1.465%**
(0.053) (0.075) (0.083) (0.061)
Constant 0.078*** 0.067*** 0.129*** -7.203***
(0.006) (0.006) (0.008) (0.142)
Observations 2,438,447 2,438,447 2,438,447 2,438,447
R? 0.005 0.013 0.014 -

Note: Columns (1)—(3) are linear probability models (OLS) for the adoption of GenAl tools, GenAlI techniques, and either; column (4)
is a Poisson pseudo-maximum-likelihood (PPML) model for the firm’s total number of GenAl postings. Coefficients in columns
(1)~(3) are in percentage points. Manufacturing is the omitted sector. Log total postings and log employment are centered at their
sample means, so the constant is the predicted value for a baseline firm (a non-SOE manufacturer with no earlier Al) of average size.
Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05,* p < 0.1.

First, we find that firms with more postings are more likely to adopt GenAl and to do so inten-
sively. This finding holds for both listed and non-listed firms. For listed firms alone, employment
size is also positively and significantly associated with GenAl adoption and GenAl adoption in-

tensity.
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Second, sector matters for GenAl adoption as well, but mainly among listed firms. Listed
market-service firms are about 10 percentage points more likely to adopt than manufacturers,
while adoption probabilities for construction, mining, utilities, and non-market services differ
little once size is controlled. In addition, market-service firms also post more GenAl vacancies
than firms in other sectors.

Third, being an earlier Al adopter strongly predicts GenAl adoption after 2022. Listed firms
that had posted an earlier-Al vacancy by 2022 are about 15 percentage points more likely to adopt
GenAl by the end of 2025, and they post far more GenAl vacancies than those that had not adopted
earlier Al. Similar effects are found for non-listed firms. Moreover, having adopted earlier Al
technologies is also positively and significantly associated with the number of postings requiring

GenAl tools/technical skills for both listed and non-listed firms.

5 Conclusion

This paper provides a job-posting-based account of how generative Al is diffusing across Chi-
nese firms. The evidence points to a highly uneven pattern of diffusion. GenAl-related hiring
has grown rapidly since the release of ChatGPT and accelerated further after the emergence of
DeepSeek, but it remains concentrated among listed firms, larger firms, market-service firms, and
firms with prior experience in earlier Al technologies. This pattern suggests that the diffusion of
GenAl depends not only on access to low-cost tools but also on complementary organizational
capabilities, technical readiness, and the ability to adjust hiring and internal functions.

The results suggest several directions for future research. First, combining job postings with
firm surveys or administrative records would help distinguish between capability building and
actual use. Second, linking GenAl adoption measures to firm performance, employment, and
workforce composition would clarify the economic consequences of this new technology. Third,
applying the same measurement approach to job postings from other countries would allow the
Chinese patterns documented here to be placed in a cross-country perspective. Finally, the large
gap between listed and non-listed firms highlights the importance of understanding what organi-
zational and institutional frictions prevent smaller firms from translating accessible GenAl tools

into productive adoption.
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Appendix

A Data

A.1 Details on the Firm-level Datasets

Listed firms In China, listed firms (" . 77/2 7]") are companies whose shares are publicly traded
on the Shanghai or Shenzhen Stock Exchange. Under regulations administered by the CSRC, they
are required to file audited annual reports ("% #i") disclosing financial statements, ownership
structure, board composition, employment level and structure, and other material information.
This mandatory disclosure regime has made annual reports a central data source for empirical
research on Chinese firms, such as Bryson, Forth, and Zhou (2014). The dataset covers about 5000
companies over the period 2005-2025, with the majority of firms from the manufacturing sector

and larger in size than non-listed firms.

Non-listed firms. Firm-level information for non-listed firms is taken from China’s official busi-
ness registry (" E & TEENER"). All legally registered business entities in China are re-
quired to submit necessary information to the State Administration for Market Regulation (SAMR,
formerly known as SAIC), thus forming the SAIC business registration database. The required in-
formation includes the unified social credit code, legal name, registered address, establishment
date, registered capital, business scope, organizational form, and operational status. It also in-
cludes information on legal representatives, shareholders, and equity stakes, annual report fil-
ings, and any administrative penalties. By the end of 2024, the total number of registered business
entities covered by this database stood at approximately 189 million, including 60.867 million
enterprises. The recruitment data cover 2.8 million non-listed enterprises, accounting for approx-
imately 4% of all enterprises.

The official business registry is publicly accessible through the National Enterprise Credit In-
formation Publicity System (https://www.gsxt.gov.cn/index.html). More convenient access is
provided through an online platform Qichacha ("7 & #"), a leading commercial corporate in-

formation platform founded in 2014. Through a data partnership with the SAMR, the platform
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provides real-time updates of business registration information.*”” For each business entity, the
platform aggregates key registration details — including unified social credit codes, legal rep-
resentatives, registered capital, and business scope (sector) — alongside shareholder and equity
structures, subsidiary relationships, patent holdings, legal proceedings, and credit ratings. It has
been widely used in academic research papers, such as Stone, Wang, and Yu (2022), Dai and Wang
(2024), and Fang et al. (2023).

As non-listed firms do not report employment, we proxy firm size by the total number of job
postings a firm makes over the sample period in Section 4. Figure A1 checks whether this proxy
is valid by plotting the reported employment against the number of job postings for listed firms
in our sample. Postings and employment line up well on a log scale, with a correlation of 0.42,

supporting our usage of the number of postings as a proxy for firms” employment size.
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Figure Al: Total Postings versus Reported Employment, Listed Firms

Note: Each point is a listed firm. The horizontal axis reports employment, and the vertical axis is the total number of postings over
the sample, both on a log scale. The dashed line is the 45-degree line. The two measures are positively correlated, with a log-log
correlation of 0.42, which supports using total postings as a size proxy for firms without employment data.

37For more information, visit the company website: https://wuw.qcckyc. com/about-us-our-company.
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A.2 Keyword Lists

The keyword list used to identify Al-related job postings is constructed around three concep-
tually distinct groups. The first group, GenAl Tool, captures specific generative Al products
and platforms that firms may require employees to use, ranging from internationally prominent
tools such as ChatGPT, Gemini, and Stable Diffusion to domestic Chinese platforms, including
Doubao, Ernie Bot, Tongyi Qianwen, and Kimi chatbot. The second group, GenAl Tech, covers
the technical methods, architectures, and workflows underlying generative Al development, such
as prompt engineering, retrieval-augmented generation (RAG), fine-tuning, and large language
models (LLMs). The third group, Earlier Al, encompasses broader machine learning and artificial
intelligence concepts that predate the generative Al era, including deep learning, computer vision,
natural language processing, and standard supervised learning methods.

Since the data derive from Chinese recruitment platforms, the keyword list incorporates both
English-language terms and their commonly used Chinese equivalents. Many technical terms
circulate in both languages within Chinese job postings, as practitioners frequently use the English
acronym or brand name alongside the Chinese translation, so matching on either form is necessary
to avoid undercounting. For keywords with no widely adopted Chinese equivalent, only the
English form is matched; for Chinese-only expressions with no standard English counterpart,

only the Chinese form is used. The full keyword list is reported in Table A1.
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Table Al: AI Keyword List by Category

Category

Keyword List

GenAlI Tool

ChatGPT, DeepSeek (I % 5k &), Gemini, Perplexity, Grok (% %' 3t), Claude, Copi-
lot, Suno, Eleven Labs, Doubao (% fl), DeepAl, Poe, Kimi chatbot (Kimi%® fE8) F),
Blackbox Al, Tencent Yuanbao ([ ifl 7T %), Midjourney (MJ% [&]), PixVerse, Meta
Al, Leonardo, Ideogram, Zapier Chatbots, KREA, Prezi, Sora, NotebookLM, Le chat,
v0.dev, Pixai, Nightcafe, OpusClip, Ernie Bot (UL —73F), Youchat, ChatPDF, Synthe-
sia, Pictory, Canva Al, Craiyon, Tongyi Qianwen (ifi 3. T [7]), Nano Al Search (Nano
AI#R), MaxAl, Playground, Easy-peasy, Writesonic, Liner, Murf Al, Stable Diffusion,
DALL-E 3, Jasper Al, Phind, Artbreeder, Fliki, Luma Dream Machine, Designs.Al, Ifly-
tek Spark (Hl ¥ k), Sparkdesk (& k K1), Genmo Al, InVideo, 10Web AI Website
Builder, Meta Image, StepFun (18X £ J%), MiMo, GPT, GLM, Pangu Model (% 5 A
#¥), Hunyuan Model (27T KB, Zhipu Al (1), Baichuan (I K#EAY), Minimax,
Qwen (7)), E 7 KRB, HiF KA, Mistral, Falcon, 5 FH K& F A, A AU
TAqe, A REAL 1 AAHECAL A RERAL

GenAl Tech

Fine-Tuning (%Y f#{}), LangChain (LangChainf£48), Prompt Engineering (&7~ L1%),
&% 1, Diffusion Model (§ #U%!), Multimodal Model (£ &%), AIGC (N L%
AEAE RN ZY), FF & AR N TR 68, 1 & 4 A zCAL Reinforcement Learning from Hu-
man Feedback (A3 & 1581k % >]), Reinforcement Learning from Al Feedback (Al
IR 1L 3]), PEFT (B335 3040VH), CLIP (CLIPIRA!), RAG (&R 38 4L ), Retrieval-
Augmented Generation, MultiModal Machine Learning (% 1 &1L 2% 2% >]), Diffusers
(Diffusers/%), LoRA ({KFkiEHEL), QLoRA, Multi-turn Dialogue (£ # %] 1%), GAN (4%
SPLMLE), VAE (2 4 B %5 2%), Transformers (Transformerf&7), LLM (K& & A,
Large Language Models, /I & K& F 1%, Al-Generated Content (AIAERAZ), 74
HFAL F & B HERAL Crowdsourcing Annotation (A 45{F), Mixed Precision Train-
ing (B 15 Z1)I1ZF), Hallucination (%150 {)

Earlier AI

Deep Learning (iR 5 %% >]), Computer Vision (i H AL ), Chatbot (IR HLEF N), Ma-
chine Learning (1125 %%>J), Machine Vision (HL.25 %), Virtual Agents (5 U BE1E),
Natural Language Processing (H #A 1% 5 4t #), NLP, Speech Recognition (i & iR ),
Pattern Recognition (1317 51]), Object Recognition (H #1153 %!]), Neural Networks (f#45
M%&), Supervised Learning ({5 % >]), Unsupervised Learning (- Ia & 2% >]), Text Min-
ing (LA #i), Mahout, Recommender Systems (7% % 4t), Support Vector Machines
(GZFFm &EAL), SVM, Random Forests (FEHLARHK), Latent Semantic Analysis (78 7£1& X
53#7), Sentiment Analysis (1824 1T), Opinion Mining (W 55,37 ##), Latent Dirichlet Al-
location (& 7EJKF 70 & S EL), Predictive Models (Fiill#57), Kernel Methods (1 77 1%),
Keras, Gradient Boosting (¥ £ f), OpenCV, XGBoost, Libsvm, Word2Vec (i [a] &1
#1), Machine Translation (F.£5#1%), Sentiment Classification (f§/&43%), Decision Tree
(IRERT), Bayes (VLI HHT), Bayesian Methods (ML 771%), KEHEANFENEZE, Large-scale
Training (KFELIIZ5), Distributed Training (571 201)l|ZF), Open-source Dataset (FF{£%
PE£R), Parallel Training (FF171/l145), ImageNet
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B Job Posting Deduplication Methodology

B.1 Overview

This appendix describes the deduplication pipeline applied to job posting data from major Chi-
nese online recruitment platforms. Because firms routinely post identical or near-identical vacan-
cies across platforms and refresh listings over time, deduplication is necessary to avoid inflating
job counts in the analytical sample.

Listed and non-listed firms are treated differently owing to structural differences in their data
sources. For listed firms, postings are drawn from three platforms (51job, Zhilian, and Liepin);
cross-platform formatting variation precludes exact-match deduplication and necessitates a multi-
stage fuzzy-matching pipeline. For non-listed firms, postings are sourced exclusively from 51job;
the uniform single-platform format permits a simpler, more stringent exact-match procedure. The
key procedural differences are summarised in Table A2.

Table A2: Comparison of Deduplication Procedures (Listed vs Non-listed Firms)

Dimension Listed Firms Non-listed Firms
Data source 51job, Zhilian, Liepin (3 platforms) 51job only
Coverage period 2015-2025 2015-2025

Deduplication stages 3 stages: text preparation, strict, loose 2 stages: text cleaning, strict

B.2 Listed Firms

The data for listed firms are processed in the following three steps (Figure A2): (1) text preparation,
(2) strict deduplication of exact-match postings, and (3) loose deduplication via location filtering

and Jaccard similarity on job title and job responsibility.

B.2.1 Text Preparation

B.2.1.1 Extracting job responsibilities. To extract the sections on job responsibilities, we nor-
malize the relevant text and implement a segment-based extraction approach on the job descrip-

tions as follows:

¢ Start-section detection. Responsibility segments are identified by matching against a set of

section-header keywords: K MZIRTE, TAEN %A, FEIRT, TIERS, EEAES, P5T, R
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TeXt Extract responsibility text from unstructured job descriptions
Clean and standardize text for titles and responsibilities

preparation Extract location information (city+county)

EXaCt Remove identical postings with the same firm name,
city+county location, job title, and job description within

dedUpIiCaﬁOn a3 day window

Generate candidate pairs (same firm + city, within

Loose a+3 day window )
Location filter

dEdUplicaﬁon Title jaccard similarity filter (20.8)

Responsibility jaccard similarity filter (20.6)

Figure A2: Flow chart of deduplication procedure - listed firms.

DR, BABLUERA, B AL BT 4E, BAGLERBY, TIEHAR, RALHER, BALBEA, tasks, duties, job
responsibilities, job description, and responsibilities. Content is extracted from the earliest

matched start keyword to the next section header or the end of the document.

End-section detection. Segment boundaries are identified via a second keyword set: £§A
BERE, AEHRZER, BAGLEER, RINLEESK, (ERASR I, 2EACEK, FRBS 2K, P AL AERRZEK, EHR A 1F
RESR, DGR, F i, BHE TR, TIFER, TREER, G870 B, FrlM A, F 518, EF)
fril, AR, 7@, TOEM S, Dt BRRDT 5, Rig 05, ik, TIERE, BREEESR, A
AIE Y, AT, KT HA, requirements, qualifications.

Extraction hierarchy. Multiple responsibility segments are concatenated. Text is extracted
between both markers when available, before the end marker if only that is found, after
the start marker if only that is found, and the full description if neither marker is present.
Extractions shorter than 15 characters are flagged as failures. Extracted text is truncated to

300 characters to bound computational cost in subsequent similarity steps.

B.2.1.2 Text cleaning and standardisation. Job titles and extracted job responsibility text are

cleaned through an identical procedure to remove platform-specific noise and improve matching

accuracy. Specifically, we clean all text fields by converting strings to lowercase and applying

Unicode NFC normalization, removing bracket delimiters while retaining their content ( () -

(1 - ©O,01, stripping HTML tags, URLs, email addresses, and phone numbers, normalizing

punctuation to spaces, removing all non-CJK, non-Latin, and non-digit characters, and collapsing

whitespace. Job titles undergo additional cross-platform formatting as we remove recruitment
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tags (e.g., S0« P - TfE—4, etc.), salary strings (e.g., "8k-12k"), city names, and trailing job
ID codes (e.g., "J[12345", "BJ-001").

B.2.1.3 Location variable construction. We need information on locations to identify cases
where the same type of workers are hired for two positions in different locations. The raw address
field follows a semi-structured format with "—" delimiters, showing province, city and country
information in a sequence (e.g., "/~ R — IRYI T — B 1L X"). Here, we extract province, city, and
county/district information to the extent possible. For regular cities, the district information is

extracted from the third segment, which is empty if district information is unavailable.

B.2.2 Strict Deduplication (Listed Firms)

Exact-match duplicates are defined as postings from the same firm, at the same city-and-county
location, with identical standardized titles and identical raw job descriptions, posted within over-
lapping time windows. This stage operates across platforms, capturing within-firm cross-platform
reposts. Time proximity is operationalized by assigning each posting to a 7-day bin and expanding
itby &1 bin to create overlapping weekly windows. Matching is performed on the raw (uncleaned)

description to ensure only character-for-character identical postings are collapsed.

B.2.3 Loose Deduplication (Listed Firms)

Strict deduplication removes character-for-character identical postings but misses near-duplicates
arising from platform-specific formatting differences or minor firm-side adjustments across sites—
such as slight title variations (e.g., "¥ i TREH" vs." ¥ {4 7+ & TH&IT") or description rewording
and appended boilerplate. Loose deduplication addresses this via a Jaccard similarity pipeline
applied to cleaned text fields, with an early location filter to improve computational efficiency

and matching precision:

¢ Candidate pair generation. We block on firm name and city within a +3-day posting win-
dow and form candidate pairs via a three-way join on firm name, city, and time bin. Pairs

with an actual date gap exceeding three days and self-pairs are excluded.
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¢ Location filter. Before computing text similarity, we drop pairs for which both postings carry
county information and the counties differ, as postings across counties within the same city

typically reflect distinct office locations.?®

¢ Title similarity. For each surviving pair, we compute the Jaccard index over character-level

bigrams of the standardized titles,

|AN B|
A,B) = ,

where A and B are the bigram sets. We discard pairs with | < 0.8.

* Responsibility similarity. Pairs passing the title filter are evaluated on cleaned responsi-
bility text using the same character-bigram Jaccard measure. Only pairs with | > 0.6 are

retained as duplicates.

¢ Clustering and representative selection. Duplicate pairs may form transitive chains: if
a~bandb ~ c, then {a,b,c} form one cluster. We resolve clusters via iterative label prop-
agation, initializing each posting with its own ID and updating each label to the minimum

among its neighbors until convergence, capping at 50 iterations.

B.3 Non-Listed Firms Pipeline

Here, we use a two-step deduplication procedure for non-listed firms because their postings orig-
inate exclusively from 51job, making exact-match deduplication both feasible and sufficient.*
First, both job title and job description are cleaned via a unified procedure: strings are converted
to lowercase and Unicode NFC normalized; bracketed content is removed across all bracket types
( C..) ~ ..~ €., (¢..), [...1); HTML tags, URLs, email addresses, and phone numbers
are stripped; all punctuation—ASCII and Chinese full-width—and digits are removed; and any re-
maining non-CJK, non-Latin characters are dropped before collapsing and trimming whitespace.

Then, strict deduplication is applied where duplicates within a 7-day overlapping time window

are dropped (conditioning on firm name, location, title, time bin, and cleaned description).

38Coun’cy information is missing for some listed-firm postings; we therefore retain any pair for which county data
are absent in either posting.

39 As a robustness check, the full three-stage listed-firms pipeline was applied to non-listed firms. The resulting
loose-duplication removal rate was negligible, confirming that the simplified procedure introduces no material bias.
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C Classify Al-related Job Postings by Business Function

To better understand Al adoption across business functions within firms, we develop a function
classification system based on job postings. We define five functional categories — technical, pro-
duction, sales, administrative, and financial — and implement a three-tier classification pipeline

(Figure A3) to assign each posting to its corresponding function.

Multi-Tier Automated Functional Classification of Job Postings
Three-Tier Cascaded Architecture

[ Job posting input ]

+

Tier | — Deterministic rule-based matching
Pre-compiled regex on high-frequency, unambiguous job titles

-

{ Match found? Yes Classified

#No

Tier Il — Semantic vector space mapping ‘

text2vec-base-chinese - cosine similarity to category centroids

i

{ Similarity > 0.75? Yes Classified

#No

I — | reasoning vi; B
Job title Job description
Full text passed to LLM Full text passed to LLM

-
{ Classified 7

v

Output: label + confidence score + source tag ‘

0.9-1.0 high - <0.6 cross-functional/vague - source: rule / embed / LLM

{ Technical J[ Production }[ Sales }{ Administrative }{ Financial ]

Figure A3: Three-tier classification pipeline for job postings.

C.1 Functional Taxonomy

Job postings are classified into five mutually exclusive business functions based on their core or-

ganizational role:
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¢ Technical (R&D): Roles focused on software development, algorithm design, hardware re-
search, and technical architecture, including algorithm engineers, data scientists, and chief

technology officers.

¢ Production (Product & Delivery): Roles centered on product management, project deliv-
ery, manufacturing processes, and data operations, including product managers, DevOps

engineers, and data labeling specialists.

¢ Sales (Commercial & Growth): Roles oriented toward revenue generation and market ex-

pansion, including business development, sales, marketing, and customer success.

¢ Administrative (Support & Compliance): Roles providing organizational support, includ-

ing human resources, legal, compliance, and executive administration.

¢ Financial (Finance & Risk): Roles focused on capital management, accounting, and risk

monitoring, including auditors, investment analysts, and quantitative traders.

C.2 Three-Tier Classification Pipeline

To accommodate the inherent ambiguity in job titles and descriptions, classification proceeds
through a cascaded three-tier architecture, combining rule-based matching, semantic embeddings,

and large language model (LLM) reasoning.

Tier I: Rule-based matching. Tier I applies deterministic keyword matching to job titles. For
each of the five functional categories, we compile a list of high-frequency, unambiguous title key-
words drawn from domain knowledge of Chinese labor markets (Table A3). A posting is classi-
tied at this tier if its title contains an exact match to any keyword in the corresponding list. For
instance, titles containing terms such as #§&" or 13" are assigned to the Sales category, while
titles containing %" or TH2/ii" are assigned to Technical. The keyword lists are implemented
as pre-compiled regular expressions, enabling efficient batch processing of large-scale job posting
datasets. Since this tier relies solely on explicit title signals, it achieves high precision for standard-
ized roles and serves as the primary classification layer, handling the majority of postings before

any model-based inference is required.
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Table A3: Functional categories and representative keywords (Tier I)

Category Representative Keywords

Sales W&, ms, WSH, MY, Wi, B, Gh, e, FEH,
AT, marketing, sales

Financial W5, =it Hah, oA, 4555, b, s, 3088, B, X, B

4%, finance, fintech

Administrative 1T, L8, BI &, 128, A%, I8, 155, &8, #F, HR,
admin, legal

Production FE 2R, P B, PR AR 51, I B 2B, AT, dliE, BURR
F, BEFRA, BIERA, WEHX, bNEFH X, ZUERE, Al
SR, BAE T, T, ST, B, RS, FEE, AT, BRI
L, B, Wkl 832, P&, production

Technical BE, PR, &, TARIW, 2844, #2731, 5, B, Ui, 15
A, KERE, BB 547, BURR, HUK, # 0, NLP, engineer,
developer, algorithm, DevOps, SRE, SaaS, PaaS

Tier II: Semantic embedding similarity. Titles that do not match any Tier I keyword are passed
to Tier II, which applies semantic vector similarity to capture roles that share functional meaning
with the keyword list but do not contain an exact lexical match. We employ the text2vec-base-chinese
sentence embedding model, a transformer-based model pre-trained on large-scale Chinese cor-
pora that encodes semantic relationships between words and phrases in Chinese-language text.
For each functional category, we construct a category centroid by averaging the embeddings of its
representative keywords (Table A3). We then compute the cosine similarity between the embed-
ding of each unmatched job title and each of the five category centroids. A posting is assigned to
the category with the highest similarity score, provided that score meets or exceeds a threshold
of 0.75. Postings whose maximum similarity falls below this threshold are considered ambiguous

and forwarded to Tier III for further reasoning.

Tier III: LLM contextual reasoning. Postings that fall below the Tier II similarity threshold are
forwarded to Tier III, which employs a large language model (LLM) to perform contextual rea-
soning over both the job title and the full job description (JD). Unlike the preceding tiers, which
rely on lexical or distributional similarity to a fixed keyword list, Tier III is designed to handle

genuinely ambiguous roles where functional identity cannot be inferred from the title alone. We
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use Alibaba’s Qwen-Plus model, prompted with a structured expert system that encodes category
definitions, boundary rules, and disambiguation logic for high-frequency ambiguous terms, as
shown in Listing 1.

The prompt instructs the model to prioritize functional content over seniority level, so that
senior roles such as directors and vice presidents are classified by their business domain rather
than their rank. It also supplies explicit branching rules for commonly ambiguous terms. For
instance, a procurement role is assigned to Production if its focus is raw materials or supply chain
management, to Administrative if it concerns office supplies or indirect sourcing, and to Financial
if the primary responsibility is budget control or auditing. Similarly, operations roles are routed
to Technical for infrastructure or DevOps work requiring programming, and to Administrative
for office or facilities management. For English-language postings, the model is instructed to
translate job responsibilities before classification to avoid misleading surface-level terms such as
"production environment."

The model returns a Python-formatted list containing the assigned category and a confidence
score between 0 and 1. Scores of 0.9 or above indicate unambiguous postings with explicit func-
tional signals; scores below 0.6 flag cross-functional roles or vague job descriptions for potential
manual review. In cases where responsibilities span two clearly distinct functions with no dis-

cernible primary role, the model may assign up to two categories.
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Listing 1: Tier III classification prompt (Qwen-Plus)

You are an expert HR job function classifier. Based on the job title

and description, assign the posting to one of five functional categories.

### Category definitions:

1. Technical: Core focus on coding, algorithms, hardware R&D, or
technical architecture (e.g., algorithm engineers, data scientists,
Dev0Ops, CTOs).

2. Production: Core focus on product definition, project delivery,
manufacturing processes, or data processing (e.g., product managers,
AT trainers, data labeling, industrial design).

3. Sales: Core focus on revenue generation and market expansion
(e.g., BD, sales, marketing, customer success).

4. Administrative: Core focus on organizational support, legal, and
HR compliance (e.g., HR, admin, legal, compliance, secretaries).

5. Financial: Core focus on capital management, accounting, and risk
monitoring (e.g., auditors, quant traders, investment analysts).

### Disambiguation rules for ambiguous terms:

- Procurement: -> Production if raw materials/supply chain;
-> Administrative if office supplies/indirect sourcing;
-> Financial if budget control/auditing.

- Operations: -> Technical if DevOps/SRE/coding required;
-> Production if IT application maintenance/data ops;
-> Administrative if office/facilities management.

- Business/BD: -> Sales if client acquisition with revenue targets;

-> Production if supply-chain negotiation/contract drafting.

### Classification rules:
1. Output only the single most relevant category by default.
2. Output two categories only if responsibilities clearly span two
domains with no discernible primary function.
3. Prioritize functional content over seniority 1level.
4. For English postings, translate responsibilities before classifying.
5. Assign a confidence score from 0.0 to 1.0:
1.0: Information is explicit (e.g., Java software engineer).
.7-0.8: Category is clear but JD is somewhat vague.
5-0.6: Cross-functional role or highly ambiguous description.

Job title: {p_title}
Job description: {p_jd}

Output format (Python list only, no explanation):
[["Category"], confidencel
Examples: [["Technical"], 0.98] / [["Production", "Sales"], 0.75]
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D Additional Tables and Figures

Table A4: Job Posting-Listed Firms Sample Matching Rate

Year Matched sample Full listed firms sample Matched rate
2015 3,616 4,159 86.9%
2016 3,959 4,406 89.9%
2017 4,270 4,721 90.4%
2018 4,562 5,006 91.1%
2019 4,738 5,151 92.0%
2020 4,770 5,181 92.1%
2021 4,741 5,183 91.5%
2022 4,787 5,183 92.4%
2023 4,742 5,183 91.5%
2024 4,672 5,182 90.2%
2025 4,943 5,182 95.4%

Note: The listed firms database is sourced from WIND.
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Table A5: Number of Job Postings (millions) Before and After Deduplication, Listed Firms

Year After Deduplication Before Deduplication Duplicates Removed

2015 0.93 1.02 0.09
2016 1.16 1.29 0.14
2017 1.58 1.77 0.19
2018 1.69 1.90 0.21
2019 1.60 1.85 0.25
2020 1.10 1.29 0.19
2021 1.57 1.83 0.26
2022 1.76 2.06 0.31
2023 1.41 1.63 0.23
2024 1.03 1.20 0.17
2025 0.86 1.01 0.15
Total 14.68 16.85 2.18

Notes: Figures in millions of job postings. Data of listed firms’ job postings are sourced from three major Chinese recruitment
platforms (51job, Zhaopin, Liepin), 2015-2025. Duplicates are identified via a three-stage pipeline as indicated in Appendix Section B.
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New Occupations by Year: GenAl Tech

Prompt Engineer

LLM Fine-tuning Engineer
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New Occupations by Year: GenAl Tool
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Figure A4: New GenAl-related Occupations

Note: The stacked bars show occupations that did not appear before 2022 in the full posting data but appear in post-2022 GenAl

hiring. Colors decompose each occupation’s total into the first observed and subsequent years.
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Figure A5: Top Earlier Al Keywords

Note: The ten most frequent earlier-Al keyword concepts by number of postings, grouped into 2015-2018, 2019-2022, and 2023-2025.
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Figure A6: Cumulative Adoption Rate

Note: Monthly cumulative share of firms that have adopted earlier AI, GenAl, or any AL By the end of 2025, among listed firms, the
rates are 58 percent (any Al), 56 percent (earlier Al), and 21 percent (GenAl); among non-listed firms, they are 2.3, 2.2, and 0.2
percent. Counterpart of Figure 5.
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Figure A7: Adoption by Broad Sector, End of 2025

Note: Adoption rate by broad sector for each measure, end of 2025, for listed and non-listed firms. Counterpart of Figure 7.
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Figure A8: Adoption by Industry, End of 2025

Note: Adoption rate by GB/T industry section for each measure, end of 2025. Information and communication technology leads on
every measure. Panels use independent x-scales. Counterpart of Figure 8.
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Figure A9: Adoption by Ownership, by Measure (Listed Firms, End of 2025)

Note: Adoption rate among listed firms by ownership type for each measure, end of 2025. Non-SOEs adopt at higher rates than SOEs
on every measure. Counterpart of Figure 11.
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Figure A10: Adoption by Firm Size, by Measure

Note: Adoption rate by firm-size bin (total postings, six equal-count bins) for each measure. Adoption rises with size on every
measure. Panels use independent scales. Counterpart of Figure 10.
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