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S1. ​ The Data 
 
Following prior work, we assume that employers’ online vacancy postings reflect evolving 
skill demands and valuations (1, 2). We leverage a dataset of approximately 10 million 
(n=9,998,342) U.S. online job postings from January 2018 to December 2023, created by 
Lightcast and provided by the Burning Glass Institute (BGI). These postings are scraped 
from over 65,000 websites—including job boards, company career pages, and aggregators 
(Lightcast Data, n.d.)—capturing the “near-universe” of online vacancies (1). Each posting 
contains information such as job title, occupation category, salary, and a detailed skill list 
derived from the text. 
 
Lightcast data have previously facilitated studies on technology’s labour market effects (e.g., 
1, 3, 4, 5, 6, 7). Extensive tests confirm that Lightcast data mirror U.S. vacancy trends from 
the Job Openings and Labor Turnover Survey (JOLTS) and the Bureau of Labor Statistics 
(BLS), and the dataset aligns closely with state-level BLS statistics (Tables S1–S2). Although 
there is some overrepresentation of professional and technical occupations relative to 
blue-collar jobs—an established characteristic of online postings data (8) — our focus on 
knowledge work and comparative skill shares minimises any potential biases.  



 
Table S1. Job Openings by State - Comparing Online Job Vacancies (OJV) Data to 
Bureau of Labor Statistics (BLS) Data. Information leveraging the closest publicly available 
comparative data for job openings by state: Job Openings by State (2023). (OJV data 
excludes “District of Columbia” which are included in the BLS dataset. Consequently, shares 
for BLS in the table are scaled accordingly, to ensure comparability. 



Table S2. Occupational Category Composition - Comparing Online Job Vacancies 
(OJV) Data to Bureau of Labor Statistics (BLS) Data 
Information leveraging the closest publicly available comparative data for job 
openings by occupational category: Employment by occupational category (2023). 
(BLS data excludes “unclassified occupations” and “military occupations” which 
are included in the OJV dataset. Consequently, shares for OJV in the table are 
scaled accordingly, to ensure comparability).  



S2. ​ Sample Construction 
 

This section describes the procedures used for identifying AI roles and skills clusters. 
 
S2.A. ​ Defining Skills 
 
To classify complementary and substitutable skills, we consulted the literature (e.g., 9, 10, 11, 
12, 13, 14). From this review, we form seven complementary skills clusters: “Analytical 
Thinking”, “Digital Literacy”, “Resilience”, “Technical Proficiency”, “Ethics”, “Working with 
Others”, and “Self-Efficiency”. For “substitutable” skills we extract four clusters: “Summary 
and Reporting”, “Language and Text Review”, “Customer Service”, and “Office and Financial 
Administration”. While the literature also proposes “Basic Data Skills”, “Information 
Management”, and “Prediction and Forecasting”, these are not included in our final 
“substitutable” skills clusters, as we believe these types of skills are likely to co-occur with AI 
requirements. To illustrate, “Prediction and Forecasting” may be required for data scientists 
using AI, and equally, AI researchers need coworkers to manage company information. The 
final skills clusters, alongside the corresponding literature references are presented in Tables 
S3 and S4. 
 
 
 

 
Table S3. “Complementary” Skills Clusters. Consulting the literature, we select seven 
skills clusters to capture AI-complementing skills in our analyses.  

 
Table S4. “Substitutable” Skills Clusters. Consulting the literature, we select four skills 
clusters to capture AI-substitutable skills in our analyses.  



 
 
 
We proceed by identifying specific skills within the Lightcast taxonomy. We embed all skills 
with more than 1000 related posts, as well as each of the category titles with 
“all-mpnet-base-v2” from the Sentence Transformer library. For each category, we select 
relevant skills from 10 skills with the highest cosine similarity. It should be highlighted that 
skills within a category have vastly different occurrence rates. Tables S5 and S6 list all of the 
skills found for the “complementary” and “substitutable” skills categories, as well as the 
number of postings mentioning each skill and our decision of whether or not to include a 
given skill in our analysis. If a job description includes at least one skill from a skill cluster, it is 
classified as requiring that given skill cluster. This threshold minimises sample loss (see 
Figure S1) and aligns with prior research (4, 39).  



 
Table S5. “Complementary” Skills Clusters Matched with Lightcast Skills Taxonomy. 
For each of the seven “complementary” skill clusters, we match skills from the Lightcast 
taxonomy, and record whether the given skill is included in the final set of skills used to 
identify “complementary” skill in the analysis. We further report the number of job postings 
mentioning each skill.  



 
Table S6. “Substitutable” Skills Clusters Matched with Lightcast Skills Taxonomy. 
For each of the four “substitutable” skill clusters, we match skills from the Lightcast 
taxonomy, and record whether the given skill is included in the final set of skills used to 
identify “substitutable” skill in the analysis. We further report the number of job postings 
mentioning each skill. 

 



S2.B. ​ Defining AI-related Roles 
 
The analysis relies on the distinction between AI-related and non-AI roles (i.e. positions 
working with AI technologies, and positions which do not. Following a skills-based approach 
(3, 4, 10), we identify AI-related roles by the presence of at least one AI skill requirement in 
the job posting. This method avoids misclassifying non-AI positions within AI-focused firms 
(e.g., a Human Resources Manager at an AI company) as AI roles. 
 
We use the list of skills in Lightcast’s “Artificial Intelligence and Machine Learning (AI/ML)” 
subcategory as our sample of AI skills, with the exception of the generic terms “Artificial 
Intelligence” and “Machine Learning”, which may be associated with the company 
description. The complete set of skills in this subcategory, as well as the number of job 
postings mentioning each skill, and our decision on whether to include the skill in the 
analysis, are shown in Table S7. Figure S1 further displays the number of job postings 
requiring at least one “complementary”, “substitutable”, or “AI/ML” skill, as well as the total 
number of skills clusters that are mentioned. 
 
 
 
 
 

 
Figure S1. The Count of Job Postings requiring “Complementary”, “Substitutable” or 
“Artificial Intelligence/Machine Learning” Skills. The graph further reveals how many 
individual skills clusters of each skill type are mentioned in job postings. 



 
Table S7. Skills Used to Identify AI-related Roles from Job Descriptions. 
The set of skills is drawn from Lightcasts’ “Artificial Intelligence and Machine Learning 
(AI/ML)” subcategory. “Machine Learning” and “Artificial Intelligence” are excluded from the 
set of skills used to construct the final sample of AI-related roles for the analysis. We further 
report the number of job descriptions mentioning each skill with at least 200 instances. 
 



S3. ​ Applied Methods 
 
This section outlines the statistical models used to estimate internal and external effects, 
including logistic and linear regressions, as well as the control variables employed. 
 
S3.A. ​ Internal Effects Analysis 
 
Regression as a method of analysis has an established precedent of being used to 
understand the relationships between artificial intelligence and patterns demand patterns in 
the labour market (e.g. 1, 40). In this paper, we analyse the internal effects by employing a  
logistic regression to understand the associations between AI roles and demand for 
complementary and substitutable skills. The set of control variables included in this 
regression analysis is provided in Table S8. 
 
The regression formula is captured as follows: 
 

 
Where: 

●​  is the probability of a job posting advertising a given 𝑝 =  𝑃𝑟(𝑌
𝑖

= 1)
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𝑖
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0
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1
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The complete set of results is presented in Table S9. We also provide results for the demand 
for “substitutable” skills in Table S10. 
 
After this main analysis of the internal effects, we proceed to explore whether the demand for 
skills is reflected in the salaries paid in certain roles. We use a linear regression to 
understand how the presence of “complementary” or “substitutable” skills affect the 
(log-transformed) salary in AI-related roles. We again include the control variables listed in 
Table S8.  
 
The regression formula for the wage analysis is written as: 
 

 
 
Where: 

●​  is the salary (log-transformed) for a given role  𝑙𝑜𝑔(𝑌
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'

 
Tables S11 and S12 report the regression results for this wage analysis. 
 
S3.B. ​ External Effects 
 
To investigate the effect of AI prevalence on the demand of “complementary” and 
“substitutable” skill in non-AI roles, we employ a fractional logistic model. We aggregate the 
job postings data by year and conduct analyses at the company, industry, and regional level. 
Thus, we are able to measure AI prevalence as the share of job postings within a given 
entity, which are classified as AI-related roles. The main external effects analysis is 
conducted on the sample of companies, industries, or regions with at least one AI-related job 
posting. A set of control variables is listed in Table S8. 
 
The regression equation is expressed as follows: 
 

 
Where: 

●​  is the predicted share of Non-AI related job postings requiring 𝑝 = 𝐸(𝑦
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At the company-level, we observe an inflated number of companies with zero AI roles posted 
for all three geographies. This zero-inflation further allows us to extend our main analysis to 
the extensive margin. Hence, we can capture how the demand for “complementary” or 
“substitutable” skills is affected by whether or not the company has any AI-related postings. 
In this case, our regression equation presented above remains unchanged, except that our 
main explanatory variable is now expressed as follows:  
 

 
 



The complete set of results, at the company, industry, and region levels for the United States, 
United Kingdom, Australia and New Zealand are presented in Tables S13. The extensive 
margin results at the company level are further displayed in Table S14. 
 

 
Table S8. List of Control Variables Included in the Internal and External Effects 
Regression Analyses. The choice of control variables is based on a literature review, as 
outlined in the third column. 
 

 



S4.​ Results 
 
S4.A. ​ Descriptive Evidence 
This section presents descriptive evidence of the demand for “complementary” and 
“substitutable” skills between 2018 and 2024. In the main manuscript, Figure 1 plots the 
odds-ratios for each of the seven “complementary” skills clusters over this time period. The 
graph reveals that five out of seven clusters are consistently more commonly demanded in 
AI-related roles, as opposed to non-AI roles. Here, Figure S2 replicates the odds-ratio 
calculations for the five “substitutable” skills clusters. 
 
Motivated by recent findings (e.g., 49, 18) suggesting a recent major step change in AI 
adoption, specifically the use of (generative) AI to substitute and complement knowledge 
work, we further investigate the change in demand for complementary and substitutable skills 
clusters across AI role categories over time. The left panel of Figure S3 plots the share of 
AI-related and non-AI roles which require at least one of the skills clusters associated with 
the corresponding “complementary” or “substitutable” skills categories between 2018 and 
2024. We further plot the median salaries associated with different skills categories and AI 
versus non-AI related roles in the right panel of the figure. 
 
 

 
Figure S2. Calculated odds-ratios relating the demand for “substitutable” skills in 
AI-related vs non-AI roles. “Customer Service” skills are consistently less common in AI 
roles. “Language Review” and “Office Admin” skills are also less common in AI roles until the 
later years of the sample (2023-2024), where they become more commonly demanded in 
AI-related roles. Meanwhile, “summary report” skills are consistently higher demanded in 
AI-related roles than non-AI roles. 
 



 
Figure S3. Skills demand and median salaries across job postings between 2018 and 
2024. The left panel plots the demand for any “complementary” or “substitutable” skill in 
AI-related and non-AI roles. Demand for “complementary” skills is consistently higher than 
40%, and growing between 2018 and 2024, while demand for “substitutable” skills remains 
between 20 and 30% amongst AI-related roles. In non-AI roles, “substitutable” skills are 
marginally more demanded than “complementary” skills, and the demand converges after 
2022. The right panel plots the median salaries in job roles and reveals that while salaries 
are generally increasing, they are consistently highest in AI-related roles, specifically those 
demanding “complementary” skills. Median salaries are lowest and experience the least 
growth in non-AI roles, although those roles requiring “complementary” skills are again 
associated with higher salaries here. 
 
S4.B. ​ Internal Effects Results 
In this section we provide results from the internal effects analysis, beyond the findings 
presented in Figure 2 in the main manuscript. First, we explore how working with AI 
technologies affects the demand for “substitutable” skills within roles. We then proceed to 
modelling monetary valuation of skills by running a linear regression to capture how skills 
requirements affect the salary paid in AI-related roles. The resulting coefficients are 
presented visually in Figures S4 and S5. 
 
 



 
Figure S4. Visual Representation of Internal Effects Regression Results for 
“Substitutable” Skills. The left panel presents the effects of working with AI on the demand 
for “substitutable” skills. The right panel presents coefficients from linear regressions (OLS 
method) relating the presence of “substitutable” skills in AI-related roles to (log) salaries paid. 
 
 

 
Figure S5. Visual Representation of Internal Effects Wage Regressions Results for 
“Complementary” Skills. Coefficients from linear regressions (OLS method) relating the 
presence of “complementary” skills in AI-related roles to (log) salaries paid. 
 
We further provide the complete regression results for all internal effects analyses on 
“complementary” and “substitutable” skills. For “complementary” skills, as presented in Figure 2 of 
the main manuscript, the demand analysis is conducted for all occupations, as well as selected 
ONET occupation categories: management, business and financial operations, sales and related, 
and office and administrative support occupations. The complete results are displayed in Table S9. 
 
Regression results for the wage premium analysis, and results for “substitutable” skills are further 
reported in Tables S10, S11, and S12. 



As reported in Table S9 and Figure 2 in the main manuscript, the selection and extent of skills 
demanded further varies when selecting on occupations, particularly those where the potential for 
human-specific value added is expected to be rather high. We further explore this concept in 
Figure S6. Similar to Figure S2, this plots the odds-ratio for different “complementary” skills, 
although here we track how this relative demand changes with seniority of the job roles. There can 
be read a general increase in demand for “complementary” skills with years of experience. In 
positions demanding less experience, the majority of “complementary” skills clusters are more 
frequently demanded in AI-related than non-AI roles, though this difference drastically diminishes 
in more senior positions. The figure further compares salaries paid to roles with or without the 
given “complementary” skills, though no clear pattern can be identified here.  
 
 

 
Figure S6. Tracking changes in demand for “complementary” skills with seniority levels of 
roles. The upper panel plots the odds ratio of demand for skills in AI-related versus non-AI roles 
across different experience levels. Overall, the difference in demand for “complementary” skills 
between roles working directly with or without AI technologies diminishes with seniority. The lower 
panel displays the ratio in salaries paid for different levels of experience, contrasting roles requiring 
a given “complementary” skill with ones that do not.  



 
Table S9. Regression Results for “Complementary” Skills Demand. Results from logistic 
regressions capturing the effect of working with AI technologies (AI-related roles) on demand for 
“complementary” skills. The analysis is performed on the complete sample of job postings, as well 
as subsamples of management, business and finance, sales, and office and administrative support 
occupations.  



 
Table S10. Regression Results for “Substitutable” Skills Demand. Results from logistic 
regressions capturing the effect of working with AI technologies (AI-related roles) on demand for 
“substitutable” skills.  
 

 
Table S11. Regression Results for Wage Effects for “Complementary” Skills. Results from 
linear regressions relating the requirement for “complementary” skills to wages offered within 
AI-related roles. 
 

 
Table S12. Regression Results for Wage Effects for “Substitutable” Skills. Results from 
linear regressions relating the requirement for “substitutable” skills to wages offered within 
AI-related roles.  



S4.C. ​ External Effects Results 
 
This section presents additional results from the external effects analysis, which investigates 
the relationship between AI prevalence and skills demanded in non-AI roles. This material 
provides further details regarding the results displayed in Figure 3 in the main manuscript. 
Figures S6 and S7 plot the relationship between AI prevalence and “complementary” or 
“substitutable” skills in non-AI jobs at the company, industry, and region level, for the United 
Kingdom, and Australia and New Zealand. As in Figure 3, the graphs reveal changing trends 
between the earlier and later years of our sample (2018-2019 versus 2023-2024). A positive 
relationship between AI prevalence and demand for “complementary” skills in non-AI roles 
can be observed at the company, industry, region levels both for the United Kingdom, and 
Australia and New Zealand. With the exception of the United Kingdom’s industry level, this 
relationship is stronger in the later years (2023-2024) of the sample. For “substitutable” skills, 
demand in non-AI roles varies between slightly increasing, to decreasing, to no significant 
relationship, depending on the level, geography, and year of the analysis. 
 

 
Figure S7. Descriptive Evidence of External Effects for the United Kingdom, 2018-2024 
at the Company, Industry, and Region Level. The scatterplots reveal the relationship 
between AI prevalence (the share of AI-related roles) within an entity, and the demand for 
“complementary” or “substitutable” skills in non-AI roles. For “complementary” skills, a 
positive relationship can be observed, which appears stronger in the later years (2023-2024) 
of the sample. For “substitutable” skills, a slight negative relationship can only be read at the 
company level.  



 
Figure S8. Descriptive Evidence of External Effects for Australia and New Zealand, 
2018-2024 at the Company, Industry, and Region Level. The scatterplots reveal the 
relationship between AI prevalence (the share of AI-related roles) within an entity, and the 
demand for “complementary” or “substitutable” skills in non-AI roles. For “complementary” skills, 
a positive relationship can be observed, which appears stronger in the later years (2023-2024) 
of the sample. For “substitutable” skills, the later years bring an upwards shift in skills demand 
within non-AI roles. 
 
 
Building on to the simple evidence depicted in Figures S6, S7, as well as the scatter plots in 
Figure 3, a fractional logistic regression is employed to capture the effect of AI prevalence on 
skills demand in non-AI roles, including a set of controls and fixed effects as described in 
section S3. The complete results, as well as the calculated marginal effects, previously 
presented in the lower panel of Figure 3, are reported in Table S13. 
 
It is particularly notable that Australia and New Zealand exhibit strong marginal effects of AI 
prevalence at the regional level. A 1 percentage point increase in AI prevalence within a region 
is here associated with a 18.23 percentage point increase in the demand for “complementary” 
skills in non-AI roles. By contrast, the marginal effects in the United States and the United 
Kingdom are 4.46 and 1.25 percentage points respectively. To understand the data composition 
leading to this interesting result, we plot the relationship between AI prevalence and demand for 
skills on a linear axis in Figure S8, with different colours distinguishing between different 
regions. This aims to reveal how each region contributes to the effect captured by our 



regression analysis. Among inspection of the graphs, the positive relationship between AI 
prevalence and “complementary” skills in non-AI jobs is particularly pronounced for Australia 
and New Zealand. It can further be observed that regions change values over the years and do 
not stick around the same points, so it appears unlikely that a few select regions are driving the 
regression results reported and calculated in Table S13. 
 

Table S13. Regression Results for External Effects Analysis. Results from fractional logistic 
regressions capturing how AI prevalence affects demand for “complementary” and “substitutable” skills 
in non-AI roles within companies, industries, and regions. The analysis is conducted for the United 
States, the United Kingdom, and Australia and New Zealand. The marginal effects of AI prevalence on 
skills demand are calculated and reported as well. 



 
Figure S9. Skills Demand and AI Prevalence at the Region Level between 2018-2024 for 
the United States, the United Kingdom, Australia and New Zealand. The scatter plots reveal 
the positions of different regions for each geography to understand whether the external effects 
results are driven by patterns within or across different regions. Each datapoint represents a 
region-year pair. 
 
 



We proceed to investigate how the selected skills clusters contribute to the overall effects 
captured for complementary or substitutable skills. First, we conduct the internal and external 
analyses outlined in sections S3.A and S3.B on 30 random skills subsamples, each using 75% 
of skills. Figure S10 visualises the distributions of coefficients resulting from the exercise. To 
understand how each individual skill contributes to the overall effect documented for 
‘complementary’ or ‘substitutable’ skill, we measure the impact of any given skill on the 
coefficients. The results are presented in Figure S11. The external effects of decreased demand 
for ‘substitutable’ skills in non-AI roles are largely driven by the decreased demand for 
‘Customer Service’ and ‘Customer Support’ skills. As AI-related roles become more common 
within companies, industries, and regions, such customer service related skills are demanded 
less frequently. A similar pattern can be observed in the internal effects analysis. For the 
external effects on ‘complementary’ skills, the positive demand effect is most commonly 
associated with the ‘Problem-Solving’ and ‘Analytical Thinking’ skills. 
 

 
Figure S10. Density plots reporting the distributions of coefficients found for internal and 
external effects analyses when randomly varying the skills used to define 
‘complementary’ and ‘substitutable’ skills. The upper panel reports coefficients from the 
internal effects analysis outlined in section S3.A, while the lower panel reports coefficients from 
the external effects analysis described in section S3.B. 
 



 
Figure S11. Contribution of individual skills cluster to the Internal and External Effects 
Results. The bar graphs plot the difference in coefficients reported for the analysis with and 
without each given skill. This exercise reveals how each skills cluster contributes to the overall 
effect reported for the demand of ‘complementary’ and ‘substitutable’ skills. 
 
 
 



To verify the robustness of the external effects documented, we repeat our analysis for 
substitutable skills, omitting “Customer Service” skills, which, as shown in Figure S11, are the 
main contributors to the decreased demand effect observed. Figure S12 shows that, without 
“Customer Service” skills, only a very small negative relationship between AI prevalence and 
substitutable skills can be traced in our data of firms in the United States. 
 

 
Figure S12. Robustness check of external effects results, excluding “Customer Service” 
skills from the set of substitutable skills. The scatter plot in the left panel relates the share of 
AI posts within a firm to the percentage of non-AI roles that require substitutable skills. The 
coefficients plotted in the right panel report a weaker negative relationship between AI 
prevalence and demand for substitutable skills, when “Customer Service” skills are excluded 
from the analysis. 
 
We further present the results from the extensive margin analysis, investigating how AI 
presence, rather than AI prevalence, affects skills demanded in non-AI roles. As outlined in 
section S3.B, this analysis was performed at the company level, where AI presence is captured 
by a dummy variable indicating whether the given company has at least one AI-related role. The 
results reported in Table S14 indicate positive effects on demand for “complementary” skills and 
negative effects for “substitutable” skills. To illustrate, in the United States, a company with at 
least one AI-related role is associated with a 5.93 percentage point higher demand for 
“complementary” skills in its non-AI roles than a company that advertises no AI-related roles. 
For “substitutable” skills this demand difference lies at -2.64 percentage points. 
 
 

 
Table S14. Regression Results for External Effects Analysis, Extensive Margin. Results from 
fractional logistic regressions capturing how the presence of at least 1 AI-related role within a company 



affects demand for “complementary” and “substitutable” skills in non-AI roles. The analysis is conducted 
for the United States, the United Kingdom, and Australia and New Zealand. The marginal effects of AI 
presence on skills demand are calculated and reported as well. 
 
 

 



S5. ​ Compositional Analysis 
 
The qualitative results of the internal effects analysis are robust to many specifications of the 
model with various different controls listed in Table S8. The one exception is when we control 
for the number of skills per post. Adding this control decreases the AI role coefficients for 
both “substitutable” and “complementary” skill demand. In particular, it makes the 
“complementary” skills coefficient negative, which changes the qualitative results. However, 
we find that adding this control always pushes down the relationship between any two groups 
of skills. The plots in Figure S13 relate “complementary” and “substitutable” skills with each 
other and a random sample of skills. When including the "SKILL_COUNT" control, the 
coefficients are always pushed downwards. 
 

        
Figure S13. Relating complementary and substitutable skills with each other and a 
random sample of skills. The left panel does not control for the number of skills per job 
posting while the right panel does. All coefficients decrease when the number of skills is 
controlled for. 
 
Hence, including the "SKILL_COUNT" control may induce a compositional effect whereby 
vacancies with the same number of skills must tradeoff which skills they have (e.g. one more AI 
skill means one less potential “substitutable” skill). In a compositional data structure, out-of-the-box 
regression methods cannot be applied due to the structural tradeoff in a composition. Therefore, 
we treat the AI and “complementary” or  “substitutable” skills in a compositional analysis. This is 
useful if we assume that there is some type of skill requirement "budget" that job posts must 
consider when deciding which skill requirements to include in a post. To add one more AI skill 
means one less “substitutable” skill. In this setting, the presence of any distinct set of skills will tend 
to be negatively correlated with each other due to this tradeoff effect. The ternary plot in Figure 
S14 captures the distribution of AI job postings across the skills compositions. Apart from the 
majority of skills posted falling into the “other” category, the plots present descriptive evidence that 
“complementary” skills tend to coincide with AI skills more than “substitutable” skills do. 
 



         
Fig. S14. Ternary plots mapping the distribution of job postings across skills 
compositions. The skills category “Other” refers to the complement of AI skills + 
“substitutable” skills, or AI skills + “complementary” skills, respectively. “Complementary” 
skills appear more likely to coincide with AI skills. 
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