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 A B S T R A C T

We examine how ChatGPT has changed the demand for freelancers in jobs where generative AI 
tools can act as substitutes or complements to human labor. Using BERTopic we partition job 
postings from a leading online freelancing platform into 116 fine-grained skill clusters and with 
GPT-4o we classify them as substitutable, complementary or unaffected by LLMs. Our analysis 
reveals that labor demand increased after the launch of ChatGPT, but only in skill clusters 
that were complementary to or unaffected by the AI tool. In contrast, demand for substitutable 
skills, such as writing and translation, decreased by 20–50% relative to the counterfactual trend, 
with the sharpest decline observed for short-term (1-3 week) jobs. Within complementary skill 
clusters, the results are mixed: demand for machine learning programming grew by 24%, and 
demand for AI-powered chatbot development nearly tripled, while demand for novice workers 
declined in general. This result suggests a shift toward more specialized expertise for freelancers 
rather than uniform growth across all complementary areas.

. Introduction

The impact of Large Language Models (LLMs) on labor markets remains an open question, with early evidence suggesting a wide 
ange of outcomes. On one hand, LLMs have been shown to reduce demand for certain tasks like writing and translation, where they 
an substitute human labor (Demirci et al., 2023; Qiao et al., 2023; Hui et al., 2023; Liu et al., 2023). On the other hand, laboratory 
xperiments have shown that LLMs can be used as complementary tools that enhance productivity, particularly for less experienced 
orkers (Brynjolfsson and McAfee, 2014; Noy and Zhang, 2023). These mixed results align with the view of Autor (2024), that the 
ffects of new technology on work depend heavily on how it is deployed by firms, governments, and other stakeholders. To better 
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understand the impact of generative AI on work and employment, we examine the effects of the ChatGPT launch on labor demand 
across fine-grained skill clusters that can be substituted or complemented by LLMs.

While LLMs and Generative AI (Gen AI) are fairly new, there is extensive literature estimating the exposure to automation – 
i.e., the technical feasibility of occupations being replaced by AI – using O*NET task data on occupations and patent data. Frey and 
Osborne (2017) estimated that half of the US labor force could be in occupations at risk of automation. Arntz et al. (2016) offered 
a nuanced view of these findings through a task-level analysis and concluded that less than 10% of the jobs in OECD countries 
were at high risk of automation. In 2017, Brynjolfsson and Mitchell (2017) argued that AI would most likely redefine work within 
occupations. Webb (2019) used Natural Language Processing (NLP) to study occupation task descriptions and patent documents, 
suggesting that high-skill tasks are more amenable to AI replacement, potentially decreasing wage inequality between the highest 
and lowest earners without impacting the top 1% of earners. Albanesi et al. (2023) highlighted a positive association between AI 
exposure scores and employment growth across 16 European countries from 2011 to 2019.

Several empirical studies have explored the impact of recent technological innovations on the labor market. Autor et al. (2024) 
found that in recent decades, labor demand-eroding effects of technologies intensified while demand-increasing effects did not. 
Using online platform data, Stephany and Teutloff (2024) documented that workers with machine learning and AI skills can earn a 
premium compared to workers who have otherwise similar skill sets but lack AI proficiency. For online freelancers, Lysyakov and 
Viswanathan (2023) found that in response to the threat of image-generating AI, designers on an online crowd-sourcing platform 
split into two groups: low-tier designers exited the market, while higher-capability designers moved away from direct competition 
with AI by focusing on more complex tasks.

Regarding LLMs, a small but rapidly growing literature examines their labor market impacts. Eloundou et al. (2023) estimated 
that approximately 80% of the U.S. workforce could see at least 10% of their job tasks influenced by the deployment of (LLMs), 
with around 19% of employees potentially experiencing an impact on at least half of their tasks. Noy and Zhang (2023) conducted 
an experiment and found that ChatGPT increased the productivity of mid-level professional writing tasks. Similarly, Brynjolfsson 
et al. (2023) found that access to a generative AI tool led to a 14% increase in productivity, as indicated by the number of issues 
resolved per hour. Novice and low-skilled workers experienced the highest increase in productivity, while the impact on seasoned, 
skilled workers was negligible. Experimental evidence also showed that LLM-based code writing assistants such as GitHub Copilot 
increased developer speed by over 50% (Peng et al., 2023), with less experienced programmers benefiting the most.

Outside laboratory settings, initial evidence shows the short-term effects of LLMs on labor markets from online labor platforms. 
On the demand side, generative AI significantly reduces the number of freelance projects in automation-prone occupations (Demirci 
et al., 2023). Demirci et al. (2023) used a skill co-occurrence network approach to create 15 clusters of jobs that fall within three 
broad groups: manual-intensive, writing automation-prone, and image-generation jobs. They find that writing automation-prone 
and image-generation jobs decrease compared to manual-intensive jobs. On the supply side, effects vary between workers: those in 
occupations highly exposed to generative AI substitution suffer reductions in earnings and employment opportunities (Hui et al., 
2023; Liu et al., 2023). However, while top-performing freelancers might be disproportionately affected by generative AI (Hui et al., 
2023), those who integrate generative AI into their work attract more jobs (Liu et al., 2023). Freelancers in web development whose 
jobs are complemented by AI may increase their earnings, while translators face fewer opportunities and lower wages (Qiao et al., 
2023).

Both experimental studies and those based on online labor platforms offer initial insights into how LLMs may affect the labor 
market. However, these studies have either focused on controlled laboratory settings, which may not translate to complex labor 
markets, or on a limited group of broad skills, potentially obscuring heterogeneous effects. Moreover, online labor platform studies 
have primarily examined substitution effects, while LLMs often serve complementary roles, enhancing certain tasks without fully 
replacing entire jobs (Eloundou et al., 2023). Given that the effects of new technologies depend significantly on their implementation 
and the specific skills they impact (Autor, 2024), we need a deeper understanding of the impact across skill heterogeneity and to 
distinguish between substitutable and complementary skills. However, conducting such a study poses two main challenges. First, 
skill categories on online labor markets evolve over time, complicating the use of co-occurrence networks at a fine-grained level. 
Second, it is manually infeasible to categorize the impact of LLMs on millions of job postings into substitutable, complementary, or 
unaffected categories.

NLP tools, which are frequently used in economic research, can help us overcome these challenges. As Ash and Hansen (2023) 
pointed out, text algorithms can solve several common problems in applied economics, including document similarity measurement 
and concept detection. For example, Hoberg and Phillips (2016) quantifies the relatedness of firms based on the similarity of their 
product offer descriptions. Hansen et al. (2023) and Adams-Prassl et al. (2020) use a language-processing framework to determine 
whether job postings refer to hybrid or fully remote work. del Rio-Chanona et al. (2023) use topic modeling to study how the 
prevalence of topics across the work discourse evolved during the Covid-19 pandemic and the Great Resignation. Most recently, 
LLMs have been shown to perform near the human level on a range of qualitative data analysis tasks, such as e. g. text annotation, 
interview analysis, or automated lexicography (Karjus, 2023). Following this line of work, Eloundou et al. (2023) used ChatGPT to 
quantify the extent to which occupations’ work activities can be performed by LLMs.

To tackle the first challenge of evolving skill categories, we use a topic modeling approach to group job postings into skill 
clusters with similar semantic meanings. This allows us to include more than 3 million job postings into our analysis and identify 
116 distinct skill clusters. To overcome the second challenge of assigning jobs AI exposure labels, we build upon recent LLM prompt 
engineering research (Eloundou et al., 2023; OpenAI, 2023; Wei et al., 2022) to classify the exposure of the skill clusters to LLMs into 
substitutable, complementary or unaffected groups. We identify 71 fine-grained skill clusters to be substitutable or complementary, 
and 45 to be unaffected. This classification allows us to move beyond existing research that manually defines writing-related services 
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to be the main job types affected by the launch of the ChatGPT (Hui et al., 2023; Qiao et al., 2023; Liu et al., 2023) and instead 
allows us to measure the impact across a broader range of substitutable and complementary skill clusters. Finally, we employ a 
difference-in-differences econometric model using the unaffected clusters as a control group to quantify changes in demand across 
substitutable and complementary skill clusters after the release of ChatGPT.

Our results show that while the demand for unaffected and complementary clusters increased after the introduction of ChatGPT, 
the number of job postings in the substitutable clusters decreased by 7%. The difference-in-differences analysis reveals that, 
compared to the unaffected clusters, substitutable clusters experienced a 25% decline, while complementary clusters as a whole 
showed no significant effects. When distinguishing projects by their duration, we find that the decrease in substitutable job postings 
was concentrated in short-term (1–3 weeks) jobs. In terms of worker experience, heterogeneity across substitutable clusters is limited. 
However, we find a decline in job postings for novice workers in complementary skill clusters.

At a cluster level, those related to writing for Real Estate and ‘About Us’ pages showed the most substantial decreases, at 52% 
and 59%, respectively. Translation jobs also saw significant impacts, with the ‘Western European Languages’ category experiencing 
a 23% decline. While complementary clusters did not show significant aggregate effects, demand changes were mixed within these 
clusters. Notably, the demand for jobs in the ‘AI-powered chatbots’ cluster nearly tripled, with a 179% increase, and the ‘Machine 
Learning’ cluster saw a significant rise, with demand increasing by 24%.

Our findings present a nuanced view of the impact of ChatGPT on labor demand. While we observe similar trends to those 
reported by Demirci et al. (2023), Hui et al. (2023), Liu et al. (2023), Qiao et al. (2023) regarding substitutable tasks, our analysis 
indicates that these decreases are primarily concentrated in short-term gigs. Moreover, although there is no aggregate decline in 
complementary skills, we find a reduced demand for novice workers in these clusters. This may appear to contradict the findings 
of Noy and Zhang (2023) and Brynjolfsson et al. (2023), who found that LLM tools boost the productivity of novice workers. 
However, this may result from the complex dynamics of the labor market, where increased productivity of novice workers within 
firms may reduce the need for novice freelancers. Thus, while LLMs usage enhance the efficiency of in-house novice workers, it could 
diminish external demand for similar freelance skills. This suggests a shift toward specialized expertise for freelancer demand rather 
than uniform growth across all complementary areas. Our results also show that while some complementary skill clusters experienced 
significant declines, others, particularly those related to programming and software development, saw substantial increases.

Overall, our analysis underscores the importance of considering the specific nature of tasks and the context of AI implementation 
when assessing its impact on labor markets. The heterogeneity in outcomes suggests that integrating AI into work processes can 
create both winners and losers, depending on how AI technologies are utilized and the specific skill sets involved.

2. Data and methods

2.1. Research design

To measure the impact of LLMs on labor demand at a granular skill level, we distinguish between skill clusters that are 
substitutable by, complementary to, or unaffected by LLMs. We then analyze how demand for these skills changes in an online 
labor platform around the time of the public release of ChatGPT on November 30, 2022.

Our analysis focuses on data from a leading online labor platform, where job postings list detailed skill requirements. We use the 
transformer model BERTopic (Grootendorst, 2022) to group job postings into clusters based on their skill requirements. To assess the 
robustness of our results, we combine hierarchical clustering with a manual inspection of all skill clusters, ensuring that job postings 
with similar skill requirements are clustered together. This procedure results in 116 skill clusters. The methodology of inferring skill 
clusters from the data is illustrated in Fig.  1.

Following LLM exposure definitions from previous literature (Qiao et al., 2023; Eloundou et al., 2023) and through prompt 
engineering techniques, we design prompts for labeling each skill cluster into substitutable, complementary, and unaffected with 
GPT-4o. We manually inspect each cluster label by examining the reasoning provided by GPT and the label coherence within 
hierarchical clusters. In the cases where human and GPT labels diverge, we give priority to human labels. This results in 12 skill 
clusters in the substitutable category, 59 in the complementary, and 45 in the unaffected category.

In the last step, similar to other studies assessing the causal impact of LLMs on the labor market (del Rio-Chanona et al., 2024; 
Demirci et al., 2023; Qiao et al., 2023; Hui et al., 2023), we use a difference-in-differences (DiD) model to estimate changes in 
demand of projects in the online labor market across treatment groups (substitution and complementarity) in comparison to the 
control group (unaffected).

2.2. Data

We use data from one prominent global online freelancing platform, which wished to remain anonymous. Online freelancing 
platforms are digital marketplaces that connect buyers and sellers of remotely deliverable work. Prominent examples are Upwork,
Fiverr, or Freelancer. Jobs on these platforms cover a wide range of professional domains, including writing, translation, software 
development, design, marketing, or legal services. Employers range from individuals to startups and Fortune 500 companies (Cor-
poraal and Lehdonvirta, 2017). When posting a job, employers specify detailed skill requirements, including a mix of broad skills 
such as writing, graphic design or translation and specific skills such as Microsoft Word, Adobe Photoshop or Chinese English translation. 
On average, projects require a median of six skills. In addition, every job posting contains a title and a description specifying the 
task. For the purpose of identifying skill clusters, we only consider the skill tags, not the job title or the text of the job description.
3 
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Fig. 1. Methodological overview: From job postings to AI exposure label. Our approach for creating skill clusters from job postings and assigning them 
to a treatment group consists of three steps. First, we use the large language model SBERT to embed the skill requirements of each job posting, creating 
numerical high-dimensional job-level embeddings. Through UMAP, we reduce the dimensionality and then apply the HDBSCAN clustering algorithm. Second, 
we manually label the resulting skill clusters into substitutable, complementary, and unaffected to create a high-confidence set that serves as a benchmark for 
prompt engineering GPT-4o. The best prompt is used to label all skill clusters. Third, we use GPT-4o’s reasoning and the hierarchical structure of the skill clusters 
to verify the label consistency. Merging similar skill clusters ensures stable observations over time that are robust to the platform renaming skills.

When posting a job, the employer is initially asked to provide a title. Based on this job title, the platform automatically generates 
a set of skill requirements. Employers have the flexibility to edit this list of skills as they see fit. The platform curates the pool of 
available skills, adding new ones based on job postings and ongoing discussions with key clients (for instance, when Python2 was 
replaced by Python3, the relevant skill tags were updated for the new job postings. The old ones still show Python2.). The skill 
clusters are built in a way that the number of clusters does not change during the analysis period.

The granular information on skill demand and the fast-paced nature of this digital labor market make it an ideal setting to study 
the labor market implications of LLMs because changes in demand for specific skills should manifest much faster than in traditional 
labor market settings, making it an ideal real-world ‘‘lab’’ (Horton and Tambe, 2015) for observing the effects of LLMs.

Data for this study was gathered through the Online Labour Index project, as detailed by Kässi and Lehdonvirta (2018), which 
has been monitoring daily new job listings through the platform’s API since January 2017. Further data collection on job specifics 
took place in multiple phases from November 2021 to August 2023. The freelancing platform, while based in the United States, 
operates globally, drawing a significant number of workers from countries such as India, Pakistan, the Philippines, and East Europe, 
as noted by Stephany et al. (2021).

We have collected information on the daily new job postings between January 2021 and September 2023, covering several 
million job postings. In a few cases, there were gaps in the data collection due to various software errors. These are visible as 
sudden ‘‘blips’’ in the time series of postings. Reassuringly for us, the data collection worked without errors from May 2022 to 
September 2023. We also demonstrate that our results remain consistent even when controlling for these fluctuations using week 
dummies or when excluding the few problematic time periods from our data.

Besides detailed information on the skills required for the job posting, our data includes various other metadata. In particular, we 
use two variables as control variables when studying effect heterogeneity: expected project duration and worker experience level. 
When creating a job posting, the employer is asked to provide the expected duration of the job. The duration can be one of the 
following: under 3 weeks, 3–9 weeks, 9–18 weeks, or 18–52 weeks. This information is not binding for either the employer or the 
worker; it merely reflects the employer’s expectation about the contract length.
4 
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Additionally, the employer can specify the experience level of workers they are looking for, choosing from three options: ‘‘I am 
willing to hire an inexperienced freelancer cheaply’’ (novice), ‘‘I prefer an intermediate level freelancer’’ (intermediate), or ‘‘I am 
willing to pay more for an experienced freelancer’’ (veteran). This information is presented to workers when they apply for jobs. 
However, it is important to note that the specified worker level is merely a statement of employer expectations. Novice workers can 
still apply for and potentially be hired for jobs aimed at higher levels.

The job posting metadata also includes other potential control variables, such as expected hours per week, and the desired 
worker’s home country. These variables were not useful as control variables due to a large share of missing values.

Finally, when creating a job posting, the employers can also declare their expected project budget. We use the employer declared 
budget as a proxy measure for employers’ willingness to pay for labor.

2.3. From job postings to skill-clusters with BERTopic modeling

We use BERTopic to form and name clusters of job postings with similar skill requirements. This process is done in five steps, 
which we explain and justify below.

Embeddings. We give a text description to each job posting by appending the pre-text ’Expert in’ to its list of skills, which 
are lower-cased and unhyphenated. For instance, a job posting with skills ‘ghostwriting’, ‘writing’, ‘ebook’, ’creative writing’, and 
‘english’ becomes ’Expert in ghostwriting, writing, ebook, creative writing, english’. We then embed these text descriptions into a 
384-dimensional space using the sentence transformer ‘‘all-MiniLM-L6-v2’’, which is recommended for short texts.

We prefer this approach over skill co-occurrence since skills are not constant over time. For example, while ’news writing style’ 
and ’news writing’ refer to the same or very similar skill, ’news writing style’ appears as a skill between 2021–2022 but not in 
2023, while ’news writing’ is a skill present in 2022–2023, but not before. Network co-occurrence algorithms, which are commonly 
used to model skill networks (Anderson, 2017; Lukac, 2021; Demirci et al., 2023; Stephany and Teutloff, 2024), may struggle to 
see these two skills as overlapping. Transformer models like BERTopic are able to capture the overlap due to semantic similarity. 
In addition, compared to bag-of-words embedding approaches such as GloVE or Word2Vec (Pennington et al., 2014; Mikolov et al., 
2013), transformers have the advantage of not being restricted to a predefined dictionary of words.

Dimensionality reduction The next step is to reduce the dimensionality of the embeddings using Uniform Manifold Approxi-
mation and Projection for Dimension Reduction (UMAP) (McInnes et al., 2018). This step is crucial because, in high-dimensional 
spaces, data points tend to become equidistant from each other, making it difficult for clustering algorithms to identify meaningful 
groupings (Aggarwal et al., 2001). Moreover, high-dimensional representations often contain noise or irrelevant features, which 
dimensionality reduction helps filter out. By focusing on the most important features, dimensionality reduction techniques enhance 
the quality of the clusters (Van Der Maaten et al., 2009).

Clustering We then cluster projects using Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN). 
We adjust the minimum cluster size for HDBSCAN to 1000, as the BERTopic documentation recommends trying different values 
and setting parameters larger than 500 for datasets exceeding one million entries (Grootendorst, 2024b). We further use an outlier 
reduction function to decrease the number of uncategorized topics (Grootendorst, 2024a; McInnes and Healy, 2017).

We use HDBSCAN instead of K-means because K-means assumes clusters to be spherical and of roughly equal size. HDBSCAN, 
however, utilizes density within the embeddings, accommodating clusters of varying shapes (Bhattacharjee and Mitra, 2021). This 
approach is generally preferred for complex data distributions, such as text embeddings, and is recommended by the BERTopic 
documentation (Grootendorst, 2022). HDBSCAN also provides a hierarchy of clusters, allowing us to check cluster coherence 
manually.

This step resulted in 286 clusters. We manually checked the common skills and several job descriptions in each cluster and 
concluded that, at least intuitively, the clustering seems to produce meaningful results. Since BERTopic is stochastic in nature, the 
results depend on the initial, random allocation of topics to clusters. To test the robustness of our clusters, we ran the algorithm 
multiple times and also tried K-means clustering instead of HDBSCAN. The robustness checks are detailed in Appendix E.

Vectorization The clustering procedures end in the previous step. However, BERTopic facilitates giving intuitive names to each 
cluster with two more steps. These two steps do not affect the categorization of clusters into substitutable, complementary, or 
unaffected (see next section) and consequently do not affect our difference-in-difference estimation. Nonetheless, the names help 
interpret our results. The vectorization step converts text in clusters into numerical vectors, which creates a document-term matrix 
where each entry represents the frequency of a token in a document.

cTF-IDF Finally, to label each cluster, the most representative words are chosen via continuous term frequency-inverse document 
frequency (cTF-IDF). This process balances out frequent terms and removes those that are too frequent, ensuring that the most 
informative terms for each cluster are highlighted. This helps in assigning meaningful labels to the skill clusters.

In Appendix A, we provide a comparison of our clusters to the categories used by the online freelance platforms and additional 
arguments for our choice of clustering methods and robustness checks.

2.4. From skill clusters to AI exposure labels with GPT-4o

We apply the definitions from Eloundou et al. (2023) and Qiao et al. (2023) to group skill clusters into the following three 
categories of AI exposure:

Substitutable: A non-expert person can use Large Language Models to complete these tasks with a similar level of quality without 
the help of an expert.
5 
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Complementary: A non-expert cannot use Large Language Models to complete these tasks without significantly compromising the 
quality of execution. However, an expert freelancer can use Large Language models to reduce the time it takes them to 
complete these tasks by at least half and without significantly compromising quality.

Unaffected: While non-experts and experts may be able to use Large Language Models to help in these tasks, Large Language 
Models can only provide limited help. In other words, having access to a large language model will not reduce the time it 
takes an expert freelancer to complete the job by more than half.

These represent ex-ante definitions of the substitution, complemented and unaffected categories. While we conduct the manual 
and GPT-based labeling in 2024, we only consider LLM capabilities that were available by the time ChatGPT was released in 
November 2022 (for more details and showcase examples, see appendices B and C.

Manual labeling. To reliably classify skills clusters into these three groups, we combine several steps of manual analysis and 
GPT prompting as outlined in Fig.  1 sections two and three. First, two authors independently label all skill clusters. Reviewing 
and discussing the labels allows us to create a high-confidence set of 55 skill clusters for which we are confident about the AI 
exposure labels. This set includes 17 clusters in substitution, 14 in complementarity, and 24 in unaffected. However, since many of 
the skill clusters consist of highly specialized skills, reliable manual labeling would require expert knowledge in a variety of different 
occupational fields. Therefore, we rely on GPT-4o to extend our labels to the entire set of skill clusters using the high confidence 
set to optimize GPT prompts and benchmark the results.

Prompt engineering. To develop a prompt for GPT-4o that produces high-quality AI exposure labels for all skill clusters, we 
employ several validated prompt engineering best practices with the high confidence set serving as our test set on which to evaluate 
GPT output. As demonstrated by Brown et al. (2020), LLMs have been found to possess ’few-shot properties’, i. e. their performance 
across most tasks increases when the prompt includes several demonstrative examples. Additionally, so-called ’chain-of-thought’ 
prompting, whereby the user also gives examples of the logical steps that should lead to the correct answer, has been shown to 
significantly improve the complex reasoning capabilities of LLMs (Wei et al., 2022). We consider these insights by including an 
example for each category and a precise description of the reasoning behind the classification to the prompt. Further, as suggested 
by OpenAI (2023), we format our prompt such that the instructions are at the beginning and are separated through quotation marks 
from the context part. We further explicitly articulate our desired output format (JSON).

For each cluster, our input in the prompt includes the top ten skills as identified by cTF-IDF from BERTopic and the cluster’s 
most frequent skills. We incorporate don’t solely rely on the skills identified by cTF-IDF since those  may not include relevant skills 
that are common across many clusters. The final best-performing prompt achieves 93 percent accuracy on the high confidence set. 
The full prompt text and examples for GPT output can be found in Appendix B. Using this final prompt to generate labels for all 
skill clusters results in 31 clusters assigned to substitution, 164 to complementarity, and 91 to unaffected.

Consistency checks. To ensure consistent, high-quality labels, we manually review all GPT labels and the corresponding 
reasoning. Moreover, we use hierarchical clustering to aggregate the original 286 skill clusters into higher-level groups. Label 
coherence within the higher-level skill clusters corroborates the validity of the GPT labels. We change labels where the GPT reasoning 
is unconvincing and labels are not aligned within higher-level hierarchical skill clusters. Lastly, we manually merge small skill 
clusters following the hierarchical structure. While high granularity is beneficial when assigning AI exposure labels, small skill 
clusters are, at times, not stable over time. The online freelancing platform seems to periodically introduce new names for skills 
while discontinuing old ones. As a result, a few skill clusters suddenly disappear while other very similar skill clusters see sudden 
surges in their number of jobs. To smooth this noise, we merge problematic skill clusters into clusters with similar skills. This approach 
allows us to maximize the coherence of AI exposure labels while minimizing noise in the job count of skill clusters caused by the 
renaming of skills by the platform. We obtain a final set of 116 clusters, of which 12 are labeled as substitution, 59 as complementary 
and 45 as unaffected. Appendix section B provides additional information on how we create the AI exposure labels including details 
on manual labeling, prompts, label revision, and robustness.

2.5. Difference-in-differences and causal inference

To estimate the causal effect of the ChatGPT launch on labor demand, we use a standard difference-in-differences design. Our 
control group consists of skill clusters where we assume ChatGPT cannot significantly aid in accomplishing tasks associated with 
jobs in those clusters. The treated clusters are labeled as either substitutable or complementary (examples of substitutable and 
complementary clusters can be found in Appendix C). We compare the two treated groups to the control group and estimate how 
the difference between them evolved since the launch of ChatGPT. More concretely, we express the log count of new job postings 
in cluster 𝑖 in week 𝑡 as: 

log(𝑃𝑜𝑠𝑡𝑖𝑛𝑔𝑠𝑖𝑡) = 𝛽0 + 𝛽1Complementary𝑖 + 𝛽2Substitutable𝑖 + 𝛾After𝑡
+ 𝛿1(Complementary𝑖 × After𝑡) + 𝛿2(Substitutable𝑖 × After𝑡) + 𝜖𝑖𝑡.

(1)

After𝑡 is a dummy variable that gets value 1 after the public launch of ChatGPT on the week of the 30th of November 2022 (and 
zero before that week). The binary variable Complementary𝑖 gets value 1 if cluster 𝑖 is labeled as Complementary, and analogously, 
the binary variable Substitutable𝑖 has value 1 if the cluster is considered containing mainly skills relevant for tasks where humans 
can be substituted by LLMs. As sensitivity checks, we also estimate variations of Eq.  (1) with cluster fixed and week fixed effects to 
account for seasonal variation in market labor demand and possible gaps in data collection.
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Fig. 2. (a) Distribution of the number of skill tags per job posting. (b) Overall distribution of the skill tags in the data set.

To estimate the effect at the skill cluster level we use the following regression model 
log(𝑃𝑜𝑠𝑡𝑖𝑛𝑔𝑠𝑖𝑡) = 𝛽0 + 𝛽1Treated𝑖 + 𝛾After𝑡 + 𝛿𝑖(Treated𝑖 × After𝑡) + 𝜖𝑖𝑡, (2)

where Treated𝑖 = 1 whenever the cluster is in the substitutable or complementary categories and 𝛿𝑖 corresponds to the effect on 
skill cluster 𝑖. 

The log transformation on the outcome variables of Eqs.  (1) and (2) allows us to interpret the estimated 𝛿’s as the percentage 
changes in postings caused by the launch of ChatGPT. To account for possible correlation within skill clusters, we cluster our standard 
errors at the skill-cluster level.

For the difference-in-differences model to capture the causal effect of the ChatGPT launch on labor demand, we need to make 
the standard parallel trends assumption, i. e. that in the absence of treatment, the difference between the two treatment groups and 
the control group would have remained unchanged. In our setting, this implies that we need to assume that the ChatGPT launch 
would not have had an effect on the demand for labor in the unaffected cluster. While this is ultimately untestable, we demonstrate 
that the control group and the two treatment groups evolved almost in parallel before the launch of ChatGPT.

There are some additional threats to our identification strategy that we cannot address. The platform in question may have made 
marketing decisions or pricing changes after the launch of ChatGPT. If these activities were concentrated on skill clusters labeled 
as substitutable or complementary, the difference-in-differences design might partly capture these non-ChatGPT effects. However, 
web analytics data from , indicates that monthly traffic on the platform has remained approximately constant around the ChatGPT 
launch date. Moreover, there were wide concerns about a labor shortage — i.e. a large number of unfilled vacancies — in the U.S. in 
months around the launch of ChatGPT. This could have led to an increased demand for platform labor. Given that all three groups 
showed similar trends before the ChatGPT launch, it is unclear why this business cycle effect would be stronger for skill clusters in 
the unaffected and complementary categories, though.

3. Results

3.1. Descriptive results

3.1.1. Skill requirements of job postings
Before examining the impact of LLMs on online labor markets, we present a descriptive analysis of our dataset. As illustrated 

in Fig.  2(a), most job postings list between three to eight skills, with a median of five skills per job posting. The ubiquity of skills 
across job postings is highly heterogeneous, as depicted in Fig.  2(b). Popular skills such as JavaScript, graphic design, and content 
writing appear in nearly a million job postings, highlighting their fundamental role in the gig economy. Conversely, specialized 
skills like English-Dutch translation, PowerPoint expertise, and deep neural network development are featured in approximately a 
thousand job postings, reflecting their niche demand. Additionally, highly specialized skills such as Montessori education or specific 
sign languages are mentioned only a handful of times, indicating a very limited but specific demand.

3.1.2. Embedding space and AI exposure labels
Our clustering and labeling methodology results in 116 skill clusters, of which 12 clusters are labeled as ‘substitutable’ (i. e., 

those types of jobs can be conducted by a non-expert with the help of LLMs), 59 as ‘complementary’ (i. e., those jobs in which the 
use of LLMs increases productivity substantially, but which still require expert knowledge) and 45 as ‘unaffected’ (i. e., those job 
types where LLMs do not help freelancers or where they lead only to a non-substantial productivity increase). Appendix C showcases 
examples of skill clusters, their representative skills, their assigned category, and the reasoning provided by GPT for the category 
assignment.
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Table 1
Descriptive Statistics of the data per AI exposure category - Panel A: number of clusters, means, median and standard deviations. Panel B: distribution of expected 
project duration by category. Panel C - expected worker experience levels within categories.
 Panel A: Descriptive Statistics of variable Job postings (logarithmic values in parentheses)
 Category Number of clusters Mean Median Standard deviation  
 Unaffected 45 451 (5.3) 208 (5.3) 707 (1.3)  
 Complementary 59 295 (5.2) 185 (5.2) 316 (1.1)  
 Substitutable 12 402 (5.2) 166 (5.1) 660 (1.2)  
 Panel B: Expected Duration Shares
 Up to 3 weeks 3-9 weeks 9-18 weeks 18-52 weeks  
 Unaffected 48% 22% 10% 20%  
 Complementary 47% 25% 10% 18%  
 Substitutable 51% 22% 11% 16%  
 Panel C: Worker Experience Level Shares
 Novice Intermediate Veteran   
 Unaffected 9% 61% 30%  
 Complementary 8% 58% 34%  
 Substitutable 12% 60% 28%  

The substitutable category contains the fewest assigned clusters, while the complementary category has the most. This 
distribution is expected, as complementary skill clusters require only a subset of tasks to be influenced by LLMs, whereas substitutable 
clusters necessitate that most tasks be automatable. Consequently, the combinatorial possibilities for complementary skill clusters 
are larger, resulting in both more clusters and greater heterogeneity within this category (Arthur, 2010). This pattern is consistent 
with findings from Eloundou et al. (2023), who show that only 1.8% of tasks in the U.S. labor market can be fully automated, 18.5% 
of workers have more than 50% of their tasks exposed, but for about 70% of tasks only certain components could be completed by 
an LLM.

Fig.  3(a) illustrates how the transformer model embeds job postings based on their skill requirements and clusters those with 
similar skills together. These figures are a two-dimensional projection of the high-dimensional word embedding space. The first 
panel shows the eight largest clusters (i. e. clusters with the most job postings) within the substitutable category. These clusters 
are mostly related to writing and translation. Writing-related clusters such as proofreading (red), blog writing (light green), and 
script writing (purple) are close together on the right side of the embedding space. In contrast, translation topics such as German 
and Japanese translation are close together on the left side. The second and third panels show the eight largest clusters in the 
complementary and unaffected categories. These figures intuitively show that more similar clusters are placed closer together (e. g., 
in the complementary category, programming-related skills clusters are located close to each other).

Fig.  3(b) shows the most frequent skills required by job postings in each category. To a large extent, those match our expectations: 
In the complementary category, we frequently find skills related to software development (e.g. web development, web design, API) as 
well as references to specific coding languages or tools (e.g. javascript, html, css, php). This aligns with existing research (Moussiades 
et al., 2024) showing that ChatGPT can efficiently be used to significantly speed up coding. Within the substitutable category, we see 
different types of writing skills (e. g., blog writing, copywriting, article writing) as well as translation skills (e. g., French, English, 
Spanish to English translation). Lastly, within the unaffected category, we find many skills that are related to visual capabilities 
(e. g., graphic design, Adobe Photoshop, illustration), which could not be done with the release version of ChatGPT from November 
30th 2022.

3.1.3. Descriptive statistics
After clustering the job postings and labeling the clusters, we aggregate the data on a weekly level. This data forms our analysis 

sample (Table  1). The average unaffected cluster has 451 job postings per week, the average complementary cluster has 295 job 
postings per week, and the average substitutable cluster has 402 new job postings per week. Across the three categories, means are 
much larger than medians, indicating a right-skewed distribution of job postings. After a log transformation, the means and medians 
of the variables are relatively close to one another.

In Panel B, we show the distribution of expected contract lengths across categories. These distributions are very similar to each 
other. The same applies to the desired worker experience level. In roughly 60% of the job postings, the employer has specified a 
preference for hiring a worker with intermediate experience. About 30% of job postings seek a veteran, and approximately 10% 
would consider hiring an inexperienced worker.

The overall number of job postings in the online labor market has grown substantially, as shown in Fig.  3(c). This time series 
shows the demand dynamics for popular skills, which are either substitutable (red), complementary to (green), or unaffected (blue) 
by LLMs. The demand for exemplary skills in the complementary and unaffected groups has grown substantially, while it showed a 
downward trend for skills in the substitutable category.
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Fig. 3. (a) Two-dimensional representation of the skill embedding space with 1% random sample of jobs plotted and the three most frequent skill clusters per 
AI exposure category highlighted. (b) Wordclouds of the 30 most observed important skills per category. (c) Development of job postings between September 
2021 and August 2023 over time for important skills in each AI exposure category.
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Table 2
Difference in Difference regression results - models (1) – (4) show the overall effects, models (5) – (8) the effects by project length, and models (9) – (11) show 
the results by worker experience level. Overall, job demand in the substitutable categories decreased compared to the counterfactual.
 Overall effects Effects by project length Effects by worker experience
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)  
  Intercept 5.21∗∗∗ 7.21∗∗∗ 3.95∗∗∗ 3.20∗∗∗ 2.49∗∗∗ 3.09∗∗∗ 2.96∗∗∗ 4.65∗∗∗ 4.01∗∗∗  
 (0.19) (0.70) (0.18) (0.19) (0.19) (0.22) (0.21) (0.20) (0.19)  
 Substitutable 0.05 −0.13 0.05 0.02 −0.21 −0.21 −0.44 0.25 0.04 −0.01  
 (0.37) (0.34) (0.38) (0.36) (0.37) (0.39) (0.41) (0.43) (0.37) (0.37)  
 Complemented −0.10 −0.05 −0.10 −0.08 0.01 −0.16 −0.21 −0.21 −0.13 −0.05  
 (0.24) (0.21) (0.24) (0.22) (0.25) (0.24) (0.27) (0.26) (0.24) (0.24)  
 After 0.16∗∗∗ 0.12∗∗ 0.11∗∗ 0.14∗∗∗ 0.19∗∗∗ 0.06 0.29∗∗∗ 0.13∗∗∗ 0.17∗∗∗  
 (0.04) (0.05) (0.04) (0.04) (0.04) (0.05) (0.05) (0.04) (0.04)  
 Substitutable ×After −0.28∗∗ −0.29∗∗ −0.28∗∗ −0.28∗∗ −0.29∗∗ −0.14 −0.12 −0.06 −0.19∗ −0.28∗∗ −0.30∗∗  
 (0.09) (0.09) (0.09) (0.09) (0.09) (0.10) (0.07) (0.09) (0.08) (0.09) (0.10)  
 Complemented ×After −0.05 −0.01 −0.05 −0.05 −0.02 0.01 −0.02 −0.06 −0.16∗ −0.03 −0.04  
 (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.06) (0.07) (0.07) (0.05) (0.05)  
 Controls – ✓ – – Exp. project duration (𝑥 weeks or less) Worker experience level
 Week fixed effects – – ✓ ✓ 3 9 18 52 Novice Intermediate Veteran  
 Cluster fixed effects – – – ✓  
 Observations 11 960 11524 11960 11960 11955 11847 11443 11615 11552 11960 11942  
 𝑅2 0.005 0.13 0.02 0.97 0.004 0.007 0.01 0.01 0.02 0.005 0.004  
Notes: ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

3.2. Regression results

Here, we turn to investigating the effect the introduction of ChatGPT had on job demand in the three different AI exposure 
categories: substitutable, complementary, and unaffected. In Fig.  4(a), we plot the total number of job postings in each AI exposure 
category. All three categories follow approximately similar time trends before the introduction of ChatGPT. This is confirmed in 
the event study plot shown in Fig.  4(b). It illustrates that the difference between the two treatment labels (complementary and 
substitutable) and the unaffected control group remained on average constant before the launch of ChatGPT.

Specifically, no significant differences in time trends between the treatment and control groups are evident, and the disparity 
between both treatment groups and the control group is effectively negligible across all but one week in the pre-treatment period.2

We present our difference-in-differences regression results in Table  2 (models 1 – 4). Model (1) shows the results without any fixed 
effects. In model (2), we add two control variables: the percentages of projects with different durations (under 3 weeks, 3–9 weeks, 
9–18 weeks, and 18–52 weeks) and projects aimed at three experience levels of freelancers (novice, intermediate, and veteran). Since 
our unit of observation is the number of new job postings within each cluster-by-week cell, we introduce these control variables as 
percentage shares of the number of job postings within each cell. In model (3), we introduce week fixed effects, and in model (4), 
we further incorporate cluster fixed effects.

Overall, we find the following: After the launch of ChatGPT, the number of job postings in the substitutable clusters decreased 
by 24% (100 ∗ 𝑒.28 − 1), relative to the unaffected clusters.3

The decrease can be decomposed into two effects: (i) the number of new job postings in the unaffected clusters increased by 
17% after the introduction of ChatGPT (100 ∗ 𝑒.16 − 1) and (ii) the number of substitutable job postings decreased by 7% (−24% + 
17%) after the introduction of GPT.

Additionally, we find that the point estimates on the term Complementary×After are also negative but not statistically significant. 
As we show below, this is partly due to the fact that some complementary clusters experienced a decrease in demand after the launch 
of ChatGPT while others experienced an increase.

The difference-in-differences estimates remain highly consistent across the four different model specifications, increasing our 
confidence that no unobserved confounders are driving our results.

3.2.1. Project duration heterogeneity
To investigate the heterogeneity of the effects of ChatGPT by expected project length, we split the data into subsets based on 

the expected project length and then aggregate the four data subsets into week × cluster cells. The results are presented in Table  2 
(models 5 – 8). We find that the demand reduction in the substitutable clusters is driven by a decrease in short projects lasting three 
weeks or less.

Conversely, we observe an increase in labor demand in the unaffected clusters even for short projects, as evidenced by the positive 
coefficient on the After indicator variable. The difference between the unaffected and complemented clusters is not statistically 

2 An exception is noted during the week of the 31st of January 2022 when a transitory spike occurred in the substitution group relative to the two other 
groups. We cannot ascertain whether this is related to an error in the data collection or an exceptional number of job postings on the platform. Nevertheless, as 
detailed in Appendix E, our findings remain substantially unchanged even when we exclude the data from this anomalous week in our pre-treatment analysis.

3 Throughout this section, we transform log points into percentages using the formula 100 × (𝑒𝑥 − 1), i. e., 100 ∗ (𝑒−0.28 − 1) ≈ −24%).
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Fig. 4. (a) Logarithm of aggregated demand per AI exposure category between September 2021 and August 2023. (b) OLS coefficient estimates and their 95% 
confidence intervals showing the difference between each treatment group and the control.

significant and is also much smaller economically across all project duration categories. These findings indicate that the launch of 
ChatGPT resulted in a shift of work from short gigs to longer projects in the substitutable clusters.

3.2.2. Worker experience level heterogeneity
To study the heterogeneous effects with respect to worker experience levels, we split our data into three subsets based on the 

employers’ desired worker experience and then aggregate the data into week × cluster cells (analogous to the previous subsection). 
We present our results in Table  2 (models 9 – 11).

The effect of the ChatGPT launch on the demand for substitutable skills is roughly similar across desired worker experience 
levels. The regression coefficient on the Substitutable×After term is slightly smaller in absolute value in the novice subset compared 
to the other two subsets. However, due to large standard errors, this difference is not statistically significant. More interestingly, 
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we find a negative and statistically significant difference in differences estimate for the complementary group for novice workers. 
This indicates that the demand for novice labor decreased in the complemented cluster after the launch of ChatGPT. This finding 
highlights the importance of considering other dimensions of heterogeneity beyond skill requirements when studying the effects of 
LLMs on the labor market.

3.2.3. Effect heterogeneity by skill cluster
Next, we formally examine the heterogeneity of the impact of the ChatGPT launch across clusters in the substitutable and 

complementary AI exposure categories by estimating the regression in Eq.  (2) presented in the methods section.
Fig.  5 illustrates the estimated changes in demand for each skill cluster in the substitutable and complementary category. Most 

substitutable clusters exhibit a decline compared to the counterfactual: Writing related to real estate and ’about us’ pages show 
the most substantial decreases, at 52% and 59%, respectively. The largest cluster in our sample of affected skill clusters—content 
writing for blogs—declined by 20%. Translation is also significantly impacted, with the ’Western European Languages’ category 
experiencing a 23% decline. In the complementary clusters, demand changes are mixed, with some clusters showing significant 
decreases and others increases. Notably, the demand for jobs in the cluster ’AI-powered chatbots’ nearly tripled, with a 179% 
increase. The cluster of ’Machine learning’ also shows a significant rise, with demand increasing by 29%.

Cluster-specific estimates should be interpreted with caution for two reasons. First, while the complementary and substitutable 
clusters show no statistically significant pre-trends on average, individual clusters may still display notable pre-trends, which could 
influence some results. Rather than excluding clusters with statistically significant pre-trends, we present results for all clusters. 
Given the large number of comparisons, some statistically significant pre-trends will occur by chance, and it is difficult to distinguish 
between true pre-trends and those arising randomly. Second, comparing estimates requires adjusting for multiple hypothesis testing. 
However, adjusting for every pairwise comparison is impractical, as it would inflate standard errors and make Fig.  5 uninformative.4 
We therefore recommend focusing on the top and bottom of the distribution shown in Fig.  5.

Notwithstanding these caveats, the main takeaway from Fig.  5 is that ChatGPT resulted in substantial demand increases for 
clusters related to AI for chatbot development, lead generation, and machine learning and significantly decreased demand for writing 
and translation jobs.5

The results from Fig.  5 align with results on the performance of LLMs across languages (Li et al., 2024) and domains (del Rio-
Chanona et al., 2024). The significant decline in demand for translation of Western European languages compared to less common 
languages, such as Arabic and Hebrew, is consistent with the superior performance of LLMs in Western languages, making them 
more easily substitutable. Clusters related to writing that do not exhibit a significant decrease in demand include Spanish localization 
and translation, fiction writing, editing, and script writing for explainer videos. These skills require an understanding of language 
nuances, creativity, and interaction with video content, which explains their relatively stable demand. In programming, the most 
affected clusters are related to JavaScript, HTML, and CSS, which are also among the most affected programming languages in 
collaborative programming platforms such as Stack Overflow (del Rio-Chanona et al., 2024). The increase in demand for AI-powered 
chatbot development and machine learning is intuitive, as businesses increasingly adopt these technologies. 

3.2.4. Sensitivity analyses
We have conducted a series of sensitivity analyses to demonstrate that our results are robust to reasonable variations in the 

regression model and pass standard checks for identification. While the main exhibits related to these exercises are provided in the 
appendices, we briefly discuss each of them here individually.

Placebo tests. We first provide a standard ’placebo treatment time’ test to show that our results do not capture underlying trends 
that are unrelated to ChatGPT. We do this by entirely dropping the post-ChatGPT period from our data. Thereafter, we introduce a 
placebo treatment set to 30th May 2022. In Appendix F, we show that the difference in differences estimates are indistinguishable 
from zero in this case.

Dropping graphic design. So far, we have focused on studying the effects of LLMs on the labor market, ignoring other breakthroughs 
in generative artificial intelligence technologies related to image generation (such as Dall-E, originally released in 2021, and 
Midjourney, originally released in 2022). According to our labeling which only focuses on text-based models, graphic design tasks 
are mostly in unaffected clusters. Nonetheless, one could argue that our results might be affected by graphic design jobs in the control 
group, which were likely affected by the advent of advanced AI image generation capabilities. We addressed this by dropping all 
clusters that include ’graphic design’ as one of their important skills from the control group. We report the results of this robustness 
check in Appendix G, which are virtually unchanged.

4 Depending on the exact method for multiple hypothesis testing correction, we would need to inflate the standard errors by some constant for every 70 × 69 
pairwise comparison we make.

5 The standard errors on cluster-specific estimates are very similar because the analysis sample consists of week-by-cluster cells, resulting in identical sample 
sizes across clusters.
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Fig. 5. Estimates of log change in demand at the skill cluster level. Error bars denote standard errors, and the node size is proportional to the log average 
number of job postings in the given skill cluster.

Randomization inference. As noted by MacKinnon and Webb (2020), randomization inference can provide more accurate p-values 

when the share of treated clusters is small relative to the control clusters, resulting in either too large or too small standard errors. 
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Fig. 6. Event study: log mean budget - This figure plots the difference in log mean budget between the unaffected cluster and substituted and 
augmented clusters and the corresponding 95% confidence intervals. The vertical line corresponds to ChatGPT launch. Standard errors are clustered 
at job posting cluster level.

Accordingly, we implemented a randomization inference procedure as follows: we first shuffled the treatment labels (Unaffected, 
Complementary, Substitutable) randomly. Then, we re-estimated the difference-in-differences model given by Eq.  (1) using the 
shuffled treatment labels, saving the difference-in-differences terms 𝛿1 and 𝛿2. Repeating this procedure many times produces a 
distribution of 𝛿1 and 𝛿2 pairs under the null hypothesis that the launch of ChatGPT has no effect on the demand for complementary 
and substitutable clusters. Comparing the actual estimates of 𝛿1 and 𝛿2 to this distribution of placebo estimates allows us to 
understand how extreme they are in comparison. We report the results of this exercise in Appendix H. The results indicate that 
the p-values based on randomization inference are very similar to those based on the cluster robust covariance matrix reported in 
the main text.

3.2.5. Isolating the demand shock from general equilibrium effects
The previous analysis demonstrated a reduction in job postings for substitutable skill clusters following the launch of ChatGPT. 

Here, we strengthen the argument that this decline reflects a demand-side shock rather than a reduction in labor supply with three 
key points.

First, we highlight, that using job postings as a measure of labor demand is a well-established approach in labor economics (Davis 
et al., 2013; Marinescu and Wolthoff, 2020; Barnichon, 2010). Job postings are initiated by employers to signal a need for labor, 
making them a relatively pure indicator of demand, independent of supply-side factors such as the number or characteristics of job 
seekers. 

Second, we show that the mean budget per job posting spent by employers require complementary and substituted skill clusters 
did not change due to the introduction of ChatGPT. This suggests that employers were willing to pay the same price for labor but 
demanded less of it, consistent with a leftward shift in the labor demand curve following the ChatGPT launch. Although we lack data 
on realized wages for all employers, some job postings include a desired employer budget as a part of the job posting. We use the 
subset data of job postings of employers who reported a budget, and replicate the event study analysis of the previous section, but 
with the log mean budget as the dependent variable. Fig.  6 and Column (1) of Table  3 show the results of this analysis. There is no 
significant change in the average employer budget across complementary and substitutable clusters in comparison to the unaffected 
category.

Third, we show that applications per job posting increased due to a decrease in job postings rather than an increase in 
applications. To do this,  we replicate the event study analysis using the log of the average number of applicants per job posting as 
the dependent variable. As Fig.  7 and Column (2) of Table  3 show, the number of applicants per project increased after the launch 
of ChatGPT. Moreover, we can decompose the increase in applications per job posting as follows 

log

(
∑

𝑗 𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡𝑠𝑗𝑖𝑡
𝑃𝑜𝑠𝑡𝑖𝑛𝑔𝑠

)

= log

(

∑

𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡𝑠𝑗𝑖𝑡

)

− log(𝑃𝑜𝑠𝑡𝑖𝑛𝑔𝑠𝑖𝑡). (3)

𝑖𝑡 𝑗
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Fig. 7. Event study: log applicants per job posting - This figure plots the difference in log mean number of applicants between the unaffected cluster 
and substituted and augmented clusters and the corresponding 95% confidence intervals. The vertical line corresponds to ChatGPT launch. Standard 
errors are clustered at job posting cluster level.

Table 3
Difference-in-Difference Results - Additional Outcomes: Column (1) reports the difference-in-
difference estimates for the effect of ChatGPT on employers’ reported budgets (measured in 
log-$) across the two treatment groups compared to the control group. Column (2) reports the 
effect of ChatGPT launch on average applicants per job posting (log) across the two treatment 
groups compared to the control group. Standard errors are clustered at the cluster level.
 (1) (2)  
 Dependent Variable log(Avg. budget) log(Avg. Applicants/Job posting) 
 Intercept 6.44∗∗∗ 2.97∗∗∗  
 (0.13) (0.05)  
 Substituted −0.50∗∗ 0.05  
 (0.18) (0.10)  
 Complemented −0.02 0.04  
 (0.15) (0.08)  
 After 0.08∗ 0.06∗∗∗  
 (0.03) (0.02)  
 Substituted ×After −0.13 0.20∗∗∗  
 (0.07) (0.05)  
 Complemented ×After −0.03 0.07∗∗  
 (0.04) (0.03)  
 Observations 11 930 11957  
 𝑅2 0.02 0.03  
Notes: ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

From Column (1) of Table  2 and Column (2) of Table  3 we know that log(𝑃𝑜𝑠𝑡𝑖𝑛𝑔𝑠𝑖𝑡) = −0.28 and log
(
∑

𝑗 𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡𝑠𝑗𝑖𝑡
𝑃𝑜𝑠𝑡𝑖𝑛𝑔𝑠𝑖𝑡

)

= 0.20, 
with respective standard errors 0.09 and 0.05. The difference between the estimates is within the standard errors, and therefore we 
cannot attribute the increase in applications per job posting to an increase in the supply.6

6 More formally: let 𝑅 = log
(∑

𝑗 𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡𝑠𝑗𝑖𝑡
𝑃𝑜𝑠𝑡𝑖𝑛𝑔𝑠𝑖𝑡

)

, 𝐴 = log
(
∑

𝑗 𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑛𝑡𝑠𝑗𝑖𝑡
)

, and 𝑃 = log
(

𝑃𝑜𝑠𝑡𝑖𝑛𝑔𝑠𝑖𝑡
)

. The empirical estimates imply, that 𝛥𝑅 = 0.2, and 𝛿𝑃 = −.28. 
Solving for 𝛥𝐴 yields −.08. To assess the statistical significance of 𝛥𝐴, we can solve for its standard error: 𝑆𝐸(𝛥𝐴) =

√

𝑆𝐸(𝛥𝑅)2 + 𝑆𝐸(𝛥𝑃 )2 ≈ .10 (assuming 
independence between 𝑅 and 𝑃 ).
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In summary, we have demonstrated that the launch of ChatGPT led to a decrease in labor demand without reducing average 
employer budgets. Furthermore, the number of applicants per job posting increased after the launch, and this increase can be 
almost completely explained by the reduction in the number of job postings. Taken together, these findings suggest that the launch 
of ChatGPT led to a reduction in labor demand, with the same number of applicants competing for a smaller pool of substitutable 
jobs.

While our data does not capture wage changes, it is possible that increased competition may have reduced equilibrium wages. If 
this is the case, our demand estimates should be interpreted as a lower bound on the true effect. However, Liu et al. (2023), using a 
similar dataset and research design, did not find evidence of reduced project values, suggesting that the impact on workers’ wages 
may be limited.

One limitation of the previous analysis is that we lack information about the identity or characteristics of the applicants, which 
may have changed over time. If the launch of ChatGPT led to a less qualified applicant pool, this could have also contributed to a 
reduction in labor demand. This shift in applicant quality — along with the possibility of ChatGPT directly replacing certain types 
of work — could be one reason for the observed decrease in labor demand following the launch of ChatGPT. However, we think 
this is unlikely for two reasons. First, we do not find an increase in supply, meaning that if there was an influx of less qualified 
applicants, more qualified workers must have left the platform. We have no reason to suspect this would have happened given that 
the average budget per job remained constant. Moreover,  the platform in question allows employers to closely monitor workers’ 
performance and even withhold payment if the deliverable is deemed insufficient in quality. This level of oversight reduces the 
likelihood that employers would decrease labor demand purely due to uncertainty about worker quality.

4. Discussion

To understand how AI is transforming labor markets, it is crucial to understand its impact on demand across diverse skill sets, 
distinguishing between jobs that AI can substitute and those it can complement. In this paper, we analyze job posting data from 
online labor markets, which are highly flexible and quick to react to external changes. We use transformer-based topic modeling 
to cluster over 3 million job postings into 116 fine-grained skill clusters. Additionally, we employ prompt engineering to label 
these clusters as substitutable by, complementary to, or unaffected by AI. Finally, we employ a difference in differences analysis to 
study the impact of ChatGPT’s release on demand across 71 skill clusters which we have categorized as either substitutable by or 
complementary to AI.

Following the introduction of ChatGPT, we find a reduction in demand of approximately 24% for skills deemed substitutable 
by LLMs compared to unaffected skill clusters, illustrating the potential of LLMs to automate certain tasks historically performed 
by humans. Conversely, the overall demand for skills complementary to LLMs did not change significantly. However, some 
complementary skill clusters, such as those related to chatbot development and machine learning, showed substantial increases 
in demand, while others experienced slight decreases. Regarding wages and geography, substitutable skills are associated with 
higher wages and are typically performed by freelancers in high-wage countries. In contrast, complementary skills exhibit a broader 
wage spectrum and are often performed by freelancers from middle-income countries. The impact varies by project duration and 
worker experience levels, with demand decreasing mainly in short-term projects within the substitutable category. Moreover, while 
complementary skill clusters did not see a reduction in demand as a whole, novice workers within complementary skill clusters 
experienced a significant contraction.

Our results provide a nuanced perspective on the labor market effects of generative AI technologies like ChatGPT and other LLMs. 
Unlike previous literature, which focused primarily on a limited subset of skill clusters in the online freelancing market (Hui et al., 
2023; Demirci et al., 2023; Qiao et al., 2023; Liu et al., 2023), our analysis reveals both job destruction in the substitution category 
and job creation in certain complementary skill clusters. Within the writing and translation sectors, our study uncovers significant 
heterogeneity: for instance, demand for ‘‘about us’’ page writing has decreased more than for multilingual and technical writing, 
while translation demand is most affected for Western European languages. Although the decline in demand for substitutable work 
is concerning, it is predominantly concentrated in short-term gigs rather than long-term projects. Additionally, we highlight the role 
of new technologies in driving job creation, exemplified by the increased demand for AI-powered chatbots. The advancements in 
LLMs have significantly improved chatbot quality, significantly expanding their possible use cases and consequently driving higher 
demand for chatbot development.

The decrease in demand for novice workers within complementary skill clusters may seem to contradict experimental evidence 
suggesting that AI tools benefit inexperienced workers the most (Noy and Zhang, 2023; Brynjolfsson et al., 2023). However, while 
these experimental studies are conducted in controlled environments where workers are directly given the AI tools, in the real labor 
market, it is typically companies or clients who outsource work to freelancers. Thus, novice workers within firms may benefit from 
AI tools, reducing the need to hire external freelancers. This underscores the fact that the impact of technologies on workers depends 
on how tools are implemented and who is provided access to them.

This paper’s analysis has limitations. First, online labor platforms evolve over time, introducing new features and disabling 
others, which introduces a degree of noise into our data collection. As outlined in Section 2.3, skill names change over time 
(e.g., Photoshop to Adobe Photoshop), and as discussed in Section 2.2, we have occasional gaps in our data due to software errors and 
platform interface changes. However, using transformer-based hierarchical topic modeling, we create a stable time series of skill 
clusters. Our results remained consistent when controlling for or excluding the few problematic periods, indicating that the missing 
data adds only random noise rather than systematic bias. Another limitation is our reliance on GPT-4 for labeling skill clusters 
exposure to automation. This is a highly challenging task, even for expert human labelers, as it requires specialized knowledge 
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across a vast array of skills. By using GPT-4, we were able to efficiently label a wide range of skills, allowing for a comprehensive 
and consistent categorization of all job postings in the online labor market. We minimized errors using state-of-the-art prompt 
engineering, measuring accuracy with a test set, and performing manual checks.

In addition, this paper focuses on the partial equilibrium effects of new technology and does not capture potential productivity 
increases outside of the platform under study. Technological improvements can decrease worker demand, but productivity gains 
can lead to new capital and organizational investments, potentially increasing labor demand Acemoglu and Restrepo (2018), Autor 
and Salomons (2018). To better understand how substitution of freelancers with GenAI tools affects in house labor, one would need 
to model the fragmentation of production into tasks in more detail (Rubbo, 2023).

A further limitation is that we only observe labor demand but not wages. Thus, we cannot definitively attribute changes in 
job postings to shifts in the demand curve. Workers might decrease their wage bids if they face more competition, or they might 
increase their wage bids if they believe ChatGPT enhances their value. However, previous research (Dube et al., 2020; Duch-Brown 
et al., 2022; Horton, 2021) suggests that online labor market workers have low bargaining power and act as price-takers. Moreover, 
our analysis indicates, that our results are not substantially biased by simultaneity issues arising from labor supply responses to 
the ChatGPT launch. Specifically, we demonstrate that while the launch of ChatGPT led to a decrease in labor demand, average 
employer budgets remained unchanged. Additionally, we observe an increase in the number of applicants per job posting is of the 
same magnitude than the reduction in job postings. These findings collectively support the conclusion that ChatGPT’s launch led to 
reduced labor demand, with workers competing for a smaller pool of substitutable jobs.

While this analysis focuses on the short-term impacts of LLMs, understanding the long-term effects requires examining how these 
impacts vary based on workers’ skills (Teutloff et al., 2023; Mealy et al., 2018), location (Farinha et al., 2020; Braesemann et al., 
2022), and the alignment between current skills and those needed for emerging jobs (Neffke et al., 2024; Neffke and Henning, 
2013). Our results provide evidence of first-order demand changes, which can be integrated into more complex models of worker 
adaptation (del Rio-Chanona et al., 2021; Acemoglu and Autor, 2011) to answer the broader question on the long-term effects of 
LLMs. Future research could examine the timing of demand shifts more precisely, investigating how long it takes employers to 
incorporate AI-driven tools and what the transition period looks like. Looking more at the firm side could reveal more about how to 
generalize from findings on contract work platforms to traditional labor markets. In addition, further work could explore whether 
the tasks whose demand decreased are now performed more effectively, performed differently, or not performed at all.

Our study reveals that a greater proportion of skill clusters are complemented by AI rather than substituted. However, while some 
of these complementary skill clusters experienced an increase in demand, others saw a decline. This underscores the critical role of 
public and private decision-makers in shaping the socio-economic impact of AI (Ritala et al., 2023; Gerling et al., 2024). Managers 
and policy-makers need to support workers in adapting and reskilling and should empower them to use LLMs in complementary 
ways (Retkowsky et al., 2024; Mollick et al., 2024). Our findings from online labor markets, which adapt quickly to technological 
changes, provide insights into potential future effects on traditional labor markets. Although traditional markets may adapt more 
slowly due to contract and severance laws, they will likely follow similar patterns over time. Policymakers must implement 
reskilling and upskilling programs to help workers transition into roles that complement AI technologies, focusing on foundational 
skills (Hosseinioun et al., 2023) and analytical thinking (Humburg and Van der Velden, 2017). Overall, our study demonstrates that 
while AI tools like ChatGPT can substitute some jobs, it also drives the development of new products and services, exemplifying 
creative destruction (Klimek et al., 2012) and contributing to the economy’s evolution towards greater complexity (Balland et al., 
2022).
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