
Investing in AI Talent: Labor-Market Returns to AI
Skilling College Infrastructure in India *

Yutong Chen† Sheetal Sekhri‡

This Version: January 2026

We study the labor-market effects of establishing AI centers at India’s leading engi-

neering institutions. Exploiting staggered adoption and recent difference-in-differences

estimators, we find that AI center establishment increases full-time placement rates

by about 4 percentage points and raises median earnings by 8–9 percent, with ef-

fects that strengthen over time. A simple conceptual framework highlights two mar-

gins—crossing a placement barrier and realizing wage gains conditional on entry—and

the observed institution-level heterogeneity aligns closely with these mechanisms. AI

centers also generate sharp expansions in computational infrastructure and research

capacity. Together, the results demonstrate how targeted educational investments can

shape labor-market outcomes in the AI era.

Keywords:Artificial Intelligence, Skills, Higher Education, Labor Markets, India

JEL Codes: I25, J24, O33, O15

*We are grateful to Milind Sohoni for discussing the National Institutional Ranking Framework (NIRF),
and to Nivetha Thangaraj and Sparsh Badjate for their assistance in collecting data from the NIRF website.
We are also grateful to Sandip Sukhtankar for their insightful comments.

†Department of Economics, University of Texas at Arlington. Email: yutong.chen@uta.edu
‡Corresponding Author: Department of Economics, University of Virginia. Email:

ssekhri@virginia.edu

mailto:yutong.chen@uta.edu
mailto:ssekhri@virginia.edu


1 Introduction

The rapid diffusion of artificial intelligence (AI) is reshaping occupational structures, task
content, and the returns to technical skills (Acemoglu et al., 2022; Hui et al., 2024). As
firms adopt AI-intensive production technologies, the supply of workers able to com-
plement these tools becomes a central determinant of labor-market performance. Yet de-
spite growing policy attention to AI-related education, there is limited causal evidence on
whether higher-education institutions can meaningfully build AI-complementary human
capital at scale—particularly in middle-income economies, where mobility frictions and
human-capital bottlenecks remain salient (Bryan et al., 2025). This paper studies whether
institutional investments in AI-complementary skills enable workers to benefit from the
global AI transition.

A motivating feature of the global landscape is the gap between countries with strong
AI-related institutional capacity and those with rapidly expanding STEM supply but lim-
ited AI-specific infrastructure. Figure 1 illustrates that India, despite producing one of
the world’s largest cohorts of engineering graduates (around 1.5 million per year), lags
well behind the United States, China, and several upper-middle-income comparators
in AI-oriented research infrastructure, high-performance computing capacity, and AI-
specialized academic programs per student. These differences underscore a broader pol-
icy question: can investments in AI-complementary infrastructure meaningfully shape
early-career labor-market outcomes?

We address this question by examining the establishment of dedicated AI centers at
India’s leading engineering institutions between 2017 and 2024. India provides a com-
pelling setting for this analysis. It is home to one of the world’s largest emerging engineer-
ing labor markets, and evidence points to rising employer demand for machine-learning
and data-intensive skills. Industry and policy analyses warn that the supply of such skills
is not keeping pace, highlighting the need for targeted investments in tertiary education
and research capacity (Mani et al., 2020; World Bank, 2025). Recent micro-evidence fur-
ther shows that AI-related demand has already begun to reshape wage offers and hiring
patterns in Indian service-sector firms (Copestake et al., 2023).

The Indian AI centers are institution-level investments that expand computational lab-
oratories, specialized faculty, and externally funded research in machine learning and
data science, thereby increasing students’ exposure to frontier tools and project-based
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training.1 Their staggered rollout across institutions provides an opportunity to estimate
the causal effects of concentrated expansions in AI-related educational capital. Using
institution-by-year administrative data from the National Institutional Ranking Frame-
work (NIRF) and recent difference-in-differences estimators designed for staggered adop-
tion, we find that AI center establishment leads to persistent labor-market gains: under-
graduate placement rates increase by approximately 4 percentage points, and median
early-career earnings rise by 8-9 percent relative to non-adopting institutions. These ef-
fects strengthen over time, consistent with rising instructional capacity and expanding
research-linked opportunities.

Beyond the average effects, we document substantial institution-level heterogeneity
that aligns with the conceptual framework discussed in Section 5.2. Institutions serv-
ing academically stronger or more geographically mobile cohorts exhibit especially large
gains in placement, consistent with a mechanism in which AI centers provide specialized
infrastructure such as advanced laboratories, computational resources, and deeper fac-
ulty expertise that complements baseline preparation and relaxes a placement barrier. By
contrast, institutions serving more disadvantaged or locally anchored cohorts experience
smaller placement gains but markedly larger proportional increases in earnings condi-
tional on placement, consistent with a wage-returns barrier in which students with weaker
outside options realize steeper returns upon entering AI-intensive roles. Consistent with
these mechanisms, we find that treated institutions sharply expand computing laborato-
ries, faculty capacity, and industry-facing research activity. Taken together, these patterns
provide institution-level evidence in line with canonical models of complementarity, sort-
ing, and Roy-type heterogeneous returns.

While the heterogeneity patterns are consistent with the proposed mechanisms, two
related concerns are that our estimates might reflect selective student redistribution or
coincident local labor-market booms rather than the causal effect of AI center adoption.
We find little evidence supporting either explanation. First, we do not observe statisti-
cally significant treatment effects on the share of within-state students, suggesting that
cohort composition remains stable after AI center establishment. This pattern is con-
sistent with India’s centralized engineering admissions system, in which institution and

1For example, leading engineering institutions in India have established interdisciplinary AI centers
that combine advanced computational infrastructure, dedicated faculty, and externally funded research
programs in machine learning and data science. These include the Robert Bosch Centre for Data Science
and Artificial Intelligence at Indian Institute of Technology (IIT) Madras, which supports research and
training in deep learning, natural language processing, and related areas, as well as AI research hubs at
institutions such as International Institute of Information Technology (IIIT) Hyderabad and IIT Bombay
that host specialized laboratories, faculty, and industry-linked research projects. Such centers are designed
to integrate students into hands-on research and project-based learning using frontier AI tools (Ravindran
et al., 2022).
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major assignments are largely fixed at entry and across-institution transfers are extremely
rare.2 Second, our results are robust to restricting the analysis to a more selective sub-
sample of top-ranked institutions and to specifications that include state fixed effects and
flexible controls for district-level labor-market conditions, implemented by interacting
baseline district employment, labor-force participation, unemployment rates, and pre-
period changes in IT-related employment with year dummies. These controls absorb
time-invariant regional differences and allow districts with different initial labor-market
conditions to follow distinct time paths. Finally, recent evidence from online vacancy
data indicates that the post-2016 surge in AI-specific labor demand in India did not trans-
late into detectable district-level changes in total hiring or wage growth (Copestake et al.,
2023), mitigating concerns that localized labor-market booms coinciding with AI center
establishment drive our estimates. Taken together, these patterns strengthen confidence
that the observed labor-market gains reflect the causal impact of AI center establishment
rather than shifts in student composition or coincident local demand shocks.

Substantively, the paper advances knowledge in three areas. First, we contribute to
a growing literature on artificial intelligence and labor markets. Prior work primarily
uses task- or occupation-level measures of “AI exposure” to examine how advances in
machine learning reshape employment and wages (Acemoglu and Restrepo, 2018; Ace-
moglu et al., 2022; Brynjolfsson et al., 2025a,b; Demirci et al., 2025; Webb, 2020). This
research emphasizes that the effects of AI are highly skill-biased and depend critically on
complementary investments in human capital and organizational practices. A parallel lit-
erature extends these exposure measures to low- and middle-income countries, showing
how occupational structures shape the incidence of AI across development contexts (De-
mombynes et al., 2025). In contrast, we shift the focus from occupation-level exposure to
the educational supply side, providing the first causal evidence on how targeted invest-
ments in AI-complementary educational capital translate into early-career labor-market
outcomes in a large emerging economy.

Second, we contribute to research on human-capital production and the distributional
implications of skill-biased technological change. Prior work highlights complementari-
ties between technology adoption and baseline skills (Krueger, 1993; Acemoglu and Au-
tor, 2011) and the role of selection into high-return sectors (Heckman and Honoré, 1990),
but evidence on how technology-specific educational investments shape these margins is
scarce. We show that the returns to AI-oriented institutional investments vary systemat-
ically with pre-treatment composition: more selective and geographically diverse insti-
tutions realize larger placement gains, while those serving cohorts with weaker outside

2See Bagde et al. (2016) for evidence on limited post-admission mobility in Indian engineering colleges.
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options exhibit larger proportional wage gains. These institution-level patterns extend
canonical theories of complementarity and Roy-type selection to a frontier technological
context and reveal how emerging technologies interact with existing educational inequal-
ity.

Third, we contribute to research on capability formation and technology adoption in
developing economies. A broad literature emphasizes that participation in frontier sec-
tors requires complementary investments in human capital and innovation infrastruc-
ture (Acemoglu et al., 2005; Cohen and Levinthal, 1989; Hausmann et al., 2007; Nelson,
1993). Most existing empirical work examines either broad expansions of STEM edu-
cation or firm-side adoption of new technologies (Bloom et al., 2016; Goldin and Katz,
2018), and evidence from low- and middle-income countries remains largely descriptive.
We provide the first causal evidence on a technology-specific investment in higher educa-
tion—AI centers—that expands computational infrastructure, deepens faculty specializa-
tion, and increases sponsored research activity. These institution-level capacity improve-
ments are followed by persistent gains in placement and earnings, demonstrating that
targeted educational investments can build the absorptive capacity needed for emerging
economies to enter AI-intensive global value chains.

Overall, our findings demonstrate that technology-specific investments in tertiary ed-
ucation can accelerate entry into AI-intensive labor markets, but with distributional pat-
terns that reflect differences in preparedness, mobility, and institutional capacity. These
results highlight the central role of higher-education policy in shaping who benefits from
the AI transition—an issue that is increasingly prominent in national development strate-
gies worldwide. Designing educational systems that both expand AI-complementary
skill formation and reduce inequality in access to frontier opportunities remains a first-
order challenge for policymakers.

The remainder of the paper is organized as follows. Section 2 provides background on
India’s national AI strategy. Section 3 describes the data. Section 4 outlines the empirical
design, including the staggered adoption of AI centers, the construction of institution-
level panels, and the implementation of recent difference-in-differences estimators. Sec-
tion 5.1 presents the results on placement and earnings; these patterns motivate a sim-
ple conceptual framework, which we develop in Section 5.2. The framework formalizes
two barriers—placement and wage returns, and clarifies how institutional characteris-
tics shape heterogeneous effects. We test the model’s predictions and examine potential
mechanisms in Sections 5.3 and 5.4. Section 6 reports robustness checks. Section 7 dis-
cusses the study’s limitations, and Section 8 concludes.
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2 Background

India has rapidly expanded its engineering and computer-science education system over
the past two decades, producing one of the largest cohorts of tertiary STEM graduates
worldwide. However, AI-specific educational infrastructure—high-performance com-
puting resources, applied AI laboratories, specialized faculty, and industry-linked re-
search programs—remains limited relative to both the size of the student population and
the growing demand from technology-intensive sectors.

Beginning in 2018, a combination of central government initiatives, state-level pro-
grams, and philanthropic efforts encouraged the creation of dedicated AI centers at se-
lected engineering institutions. The 2018 “AIforAll” strategy identified AI-related capacity
building as a national priority and supported the establishment of Centers of Excellence
(CoEs) in emerging technology fields by providing funding. These CoEs complemented
earlier state efforts and parallel initiatives by industry-funded foundations and higher-
education philanthropies to set up new AI centers. As a result of different funding mod-
els, AI centers were introduced at different institutions in different years between 2017
and 2024, generating staggered adoption across institutions with similar baseline charac-
teristics.

AI centers typically include (i) computational laboratories with high-performance com-
puting resources, (ii) faculty positions and training programs in AI and data science,
(iii) industry-facing research projects, and (iv) curricular revisions expanding AI-oriented
courses and experiential learning opportunities. These components mirror the forms of
“AI-complementary educational capital” emphasized in our conceptual framework.

Temporal Distribution Figure 2 presents the distribution of establishment years across
institutions, with the blue bars showing these for the 80 institutions with confirmed
years.3 There is a clear surge in center establishment after 2018, consistent with insti-
tutional responses to the National Government’s AIforall Strategy. The number of new
centers peaks in 2022, when 18 institutions established an AI center.

Geographical Distribution Figure 3 displays the geographic distribution of the 113 in-
stitutions included in the main analysis. The institutions are spread across 21 states and
union territories, with some concentrations in southern states such as Kerala and Tamil
Nadu, as well as around the Delhi–NCR region. Institutions that established an AI center

3This data was collated by us and we could confirm dates for 80 among 87 AI centers. See Section 3 and
Appendix D for details.
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between 2017 and 2024 are indicated by colored markers, while those without such cen-
ters are shown in gray. The distribution reveals that the establishment of AI centers spans
diverse regions rather than being concentrated in a few states, reflecting the nationwide
diffusion of institutional participation.

We leverage this temporal and geographic variation in the establishment of AI centers
in our identification strategy, as discussed in detail in Section 4. Additional policy back-
ground is provided in Appendix C, and Appendix Table C9 lists the institutions along
with the corresponding years in which their AI centers were established.

3 Data

We combine multiple administrative and hand-collected sources to construct the first
micro-linked dataset on AI center adoption and graduate outcomes in India. Our primary
data come from the National Institutional Ranking Framework (NIRF), which provides
detailed performance statistics for academic institutions. We hand-collected information
on the establishment and timing of AI centers and merged it with the NIRF data.

3.1 AI Centers in Indian Engineering Institutions

To identify whether and when an institution established an AI center, we manually col-
lected information from multiple sources. For each institution, we reviewed official web-
sites, social media announcements (e.g., Facebook and LinkedIn), and coverage in major
news outlets such as The Hindu and The Times of India. We cross-validated the dates across
these sources, which provide consistent documentation of both the existence and timing
of AI center establishment. Among the 268 institutions in our sample, we identify 87 that
had established an AI center by 2024. For seven institutions, the establishment year could
not be verified, and we exclude these institutions from the analysis.4

4We assess whether these institutions differ systematically from those for which we were able to verify
the year of establishment in Appendix Table C10. We find that the two groups are not jointly statistically
significantly different across baseline characteristics at conventional levels, including overall enrollment,
student composition, and expenditure measures.
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3.2 NIRF - Institution by Year Panel Data

Our analysis uses institution-by-year administrative data from NIRF, covering engineer-
ing institutions in India from 2016 to 2024.5 The data contain rich information on stu-
dent outcomes, faculty and research inputs, and financial resources. We construct an
institution-level panel using annual information on student placement rates, median earn-
ings among placed graduates, the percentage of students pursuing higher studies, capital
and operating expenditures, and student demographics. We focus primarily on outcomes
for four-year undergraduate programs, which represent the modal engineering degree
and account for the largest share of graduates entering technical labor markets.

The NIRF data are compiled through annual submissions by institutions and are col-
lected to construct rankings as a metric of quality. While institutions certify the accuracy
of their reported information, NIRF performs internal consistency checks and validates
submissions against regulatory data. Research-related indicators are independently ver-
ified using third-party bibliometric databases such as Scopus and the Web of Science. In
addition, these submissions are subject to public audit.6 Appendix D provides details on
how these data are assembled.

3.3 Main Outcomes

Our primary outcomes of interest are (i) the placement rate, defined as the ratio of stu-
dents placed to students graduating; (ii) the higher studies rate, defined as the ratio of
students pursuing higher studies to students graduating; and (iii) the median annual
salary of placed graduates. To ensure comparability over time, we normalize all expen-
diture variables (e.g., capital expenditure on library resources) and the median annual
salary using the Consumer Price Index (CPI), with 2016 as the base year. All monetary
values are therefore expressed in real 2016 INR.

3.4 Sample for Main Analysis

For our main analysis, we restrict the sample to institutions with an average NIRF en-
gineering rank of 100 or better for two reasons.7 First, top-ranked institutions are more
comparable in scale, resources, and academic reputation, and thus are better suited for

5Note that the 2017 rankings are based on statistics from the 2015–16 academic year. Accordingly, our
dataset incorporates the rankings published from 2017 to 2025. We provide additional details on data
construction in Appendix D.

6Under NIRF guidelines, institutions are required to make their most recent submission publicly acces-
sible, enabling external validation and enhancing transparency in the reporting process.

7Appendix D describes how NIRF ranks are computed.
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constructing counterfactuals for institutions that established an AI center.8 Second, con-
sistent data across all years are only available for institutions ranked 100 or better.9 Im-
portantly, an institution’s 2017 rank is not correlated with subsequent adoption of an AI
center, making this restriction innocuous.10

Our main analysis sample includes 113 institutions, of which 34 established an AI
center between 2017 and 2024. Because some institutions share the same rank, the total
exceeds 100 even though we restrict the sample to institutions ranked 100 or better.11 We
also use the full sample of all 268 institutions to assess the robustness of our results in
Section 6.

As in the full sample (discussed in the Background section), there is variation in the
timing of the establishment of AI centers among our main analysis sample. Figure 2
shows the distribution of the establishment dates of the 34 AI centers in this sample. We
observe a surge in establishment activity after 2018, analogous to the full sample.

3.5 Descriptive Statistics

Table 1 reports descriptive statistics for the main outcome variables between 2016 and
2018.12 For four-year undergraduate programs, the average placement rate is 70.6%, and
11.7% of graduates pursue higher studies. The average annual median salary of em-
ployed undergraduates is 585,362 INR (in real 2016 terms).13 This is equivalent to 8,722
USD in 2016. For two-year master’s programs, the average placement rate is lower at
48.4%, and the average annual median salary is 556,000 INR (8,284 USD in 2016). In
terms of expenditures, institutions spend, on average, 114 million INR (1.7 million USD
in 2016) on new equipment and software for laboratories, 582 million INR (8.7 million
USD in 2016) on salaries for teaching and non-teaching staff, and 408 million INR (6.1
million 2016 USD in 2016) on maintenance. Finally, in 2018, institutions undertook an
average of 93 sponsored research projects receiving 226 million INR (3.4 million USD in
2016) in total funding, and 141 consultancy projects earning 55 million INR (0.8 million
USD in 2016).

8Indian engineering sector saw a steep surge in private engineering institutions in the last 2 decades
but the quality of these new institutions is not at par with the top-ranked institutions.

9See Appendix D for details.
10We regress an indicator for whether an institution established an AI center between 2017 and 2024 on

its 2017 NIRF engineering rank. Note that the 2017 ranking is computed using data from the 2015–2016
academic year. The estimated coefficient is –0.002 (p = 0.25).

11We exclude one institution that had already established an AI center by 2016, as it is always treated
and lacks a pre-treatment period for comparison.

12Research project variables are shown only for 2018, the first year in which they become available.
13The average exchange rate in 2016 was 1 INR = 0.0149 USD.
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We also report descriptive statistics comparing institutions that established an AI cen-
ter between 2017 and 2024 with those that did not in Appendix Table D12. These in-
stitutions differ along several dimensions, including student composition and multiple
categories of capital and operating expenditures. Our empirical strategy addresses these
differences and constructs plausible counterfactuals to identify causal effects.

4 Econometric Framework and Identification

Our empirical goal is to estimate the causal effect of establishing an AI center on student
labor-market outcomes. We exploit the staggered year of establishment across institutions
between 2017 and 2024. The treatment timing corresponds to the first year an institution
reports an operational AI center. Given the non-contemporaneous treatment, we imple-
ment three recent Difference-in-Differences (DiD) estimators designed for settings with
potentially heterogeneous treatment effects across cohorts. We interpret all estimates as
the Average Treatment Effect on the Treated (ATT) at the institution level.

4.1 Synthetic Difference-in-Differences (SDID)

We first implement the Synthetic Difference-in-Differences (SDID) estimator of Arkhangel-
sky et al. (2021). SDID is a doubly robust estimator that combines unit-level synthetic con-
trol weighting (ω̂i) with time weighting (λ̂t) to construct a comparison group that flexibly
absorbs common shocks and closely matches the pre-treatment trajectories of treated in-
stitutions. The estimator τ̂sdid is derived from a regularized least-squares problem:

(τ̂sdid, ω̂i, λ̂t) = arg min
τ,µ,α,γ

N

∑
i=1

T

∑
t=1

ω̂iλ̂t(Yi,t − µ − αi − γt − τDi,t)
2. (1)

Here, Yi, t denotes the outcome of institution i in year t, µ is a constant intercept, and
αi and γt represent institution and year fixed effects, respectively. Di,t denotes the treat-
ment indicator for institution i in year t. Standard errors are computed using a bootstrap
procedure with 999 replications. While the exposition above presents the canonical for-
mulation, our empirical setting involves staggered treatment adoption, which requires a
slightly modified implementation; we provide a detailed discussion in Appendix E.1.

Data Requirement For the SDID estimator, we construct a balanced panel of institutions
with complete observations over the entire 2016–2024 period. This requirement ensures
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the optimal weights are consistently identified across all time periods, a crucial design
feature of the SDID procedure.

4.2 Alternative Robust DiD Estimators

To complement the SDID results and to relax the requirement of a balanced panel, we
employ two additional staggered-adoption estimators that utilize the full set of available
institution-year observations.

4.2.1 Callaway and Sant’Anna (CS) DiD

We implement the non-parametric estimator of Callaway and Sant’Anna (2021) (CS),
which directly estimates Group-Time Average Treatment Effects (τg,t) for each cohort g
at event time t. The CS method identifies these effects by comparing cohort g to a valid
control group (specifically, the never-treated institutions in our setting) and is known to
avoid the issue of negative weighting. Identification relies on the Group-Specific Parallel
Trends assumption, which is weaker than the global parallel trends assumed by the two-
way fixed effects model. We aggregate the τg,t estimates to obtain the overall pooled ATT
and the event-study plots (Figures 5-7). We report robust asymptotic standard errors,
clustering at the institution level.

4.2.2 Borusyak, Jaravel, and Spiess (BJS) Imputation

We also apply the imputation estimator of Borusyak et al. (2024) (BJS). This approach con-
structs counterfactual outcomes for treated units by first estimating the underlying two-
way fixed effects (α̂i and γ̂t) using only non-treated institution-year observations (that is,
observations with Di,t = 0, including both never-treated institutions and pre-treatment
years of treated institutions). The ATT is then calculated as the average difference be-
tween the observed outcome and the imputed counterfactual, Ŷi,t(0) = α̂i + γ̂t. This
method is efficient and relies on the parallel-trends assumption for untreated potential
outcomes implied by the factor model. We report standard errors clustered at the institu-
tion level for the BJS estimates.

4.3 Identification and Robustness

Support for Identification Identification across all three methods ultimately relies on
the assumption that, conditional on the method-specific controls (weights, fixed effects,
or factor structure), treated and comparison institutions would have exhibited similar
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trends in the absence of AI center establishment. This assumption receives strong support
in the data. Event-study estimates derived from the CS and BJS methods (Figures 5–7)
show mostly flat and statistically indistinguishable pre-treatment trends for placement,
earnings, expenditure, and sponsored-research outcomes.

By contrast, SDID cannot provide a single unified event-study graph under staggered
adoption because the procedure solves a separate optimization problem for each adoption
cohort, producing different cohort-specific unit and time weights. These cohort-specific
weights define distinct synthetic counterfactuals for each first-treatment year, which are
not comparable along a common event-time scale. Nonetheless, the SDID estimates
exhibit close pre-treatment fit: the method assigns high weight to control institutions
with similar baseline outcomes, research intensity, and resource profiles, yielding credi-
ble counterfactual trajectories.14

The identified parameter is the institution-level ATT. We note a scope restriction due
to the data’s aggregation: we cannot estimate micro-level mechanisms. All heterogeneity
analyses rely exclusively on pre-treatment institution characteristics, which avoids me-
chanical biases but limits individual-level interpretation. We address the possibility of
cross-institution spillovers in Section 6.

5 Main Empirical Results

In this section, we first examine the effects of AI center establishment on labor-market
outcomes for graduates of four-year undergraduate programs and two-year master’s
programs. We then explore potential mechanisms that may contribute to the observed
labor-market effects.

5.1 Average Effects of AI Center Establishment

Undergraduate Programs Establishing an AI center generates sizable improvements in
labor-market outcomes for graduates of four-year undergraduate programs.15 Across the
SDID, CS, and BJS estimators (columns 4-6 in Table 2), the share of graduates obtaining
full-time employment rises by roughly 4 percentage points (p < 0.05), corresponding to

14See Appendix Tables E13–E14 for the distribution of synthetic weights used in the SDID estimation for
the four-year undergraduate program outcome variables.

15The number of observations varies across columns because the SDID estimator is implemented on a
balanced panel, which restricts the sample to institutions with complete data over the analysis period.
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an increase of about 5–6 percent relative to the 2016 baseline mean.16 Under the CS esti-
mator, this effect corresponds to an increase of approximately 0.28 standard deviations in
the placement rate, indicating a quantitatively meaningful improvement at the institution
level.17

Earning outcomes exhibit similarly positive gains. Median earnings among employed
graduates increase by 8–11 percent, with estimates consistently positive and statistically
significant for SDID and BJS (columns 7 and 9). These earnings gains are economically
meaningful, albeit modest. Because all salary measures are deflated to constant 2016 INR,
the effects represent real increases in purchasing-power–adjusted earnings.18 The BJS es-
timate implies an increase of approximately 66.5 thousand INR relative to a 2016 baseline
median salary of 606 thousand INR, an improvement of roughly 11 % in the first place-
ment cycle. This corresponds to about 0.24 standard deviations of the untreated outcome
variable, placing the magnitude in the medium-effect range.19 AI centers primarily oper-
ate on the extensive margin (placement), with modest but detectable effects on entry-level
earnings.

These effects emerge gradually rather than as a one-time jump. Event-study estimates
(Figure 5) show that placement gains appear in the first post-establishment year and con-
tinue to accumulate over subsequent cohorts. Earnings effects follow a similar trajectory
(Figures 5c-5d), becoming more pronounced as AI centers mature and institutional in-
vestments are integrated into instruction and recruitment pipelines. While earnings ef-
fects are noisier than placement effects, the event-study estimates show no evidence of
pre-trends and suggest gradual institutional adjustment rather than an immediate wage
response. Finally, we find little evidence that AI-center establishment crowds out the
pursuit of higher education: estimated effects on the share of graduates entering further
study are small in magnitude and statistically indistinguishable from zero.

16As placement is a rate outcome, proportional changes provide a natural summary of improvements
along this margin. Consistent with this interpretation, log specifications of the placement rate—reported in
Appendix Table F1—show statistically significant relative increases in employment.

17The standard deviation of the placement rate among institutions without AI centers is 0.15.
18We focus on real earnings levels rather than log specifications. Median salary is an institution-level

outcome with limited proportional dispersion; as a result, log transformations substantially compress vari-
ation and reduce statistical power. Level estimates therefore, provide a more transparent and economically
meaningful measure of income differences at labor-market entry. Nonetheless, we report results using log
specifications for both the placement rate and median salary in Appendix Table F1. The log placement es-
timates confirm that AI center establishment increases the share of graduates obtaining employment, with
effects that are statistically significant across estimators and consistent with the level results reported in
the main text. In contrast, log salary estimates are smaller in magnitude and imprecisely estimated, re-
flecting the limited proportional variation in institution-level median salaries. The estimated signs remain
consistent with the level-based results.

19The standard deviation of the median salary among institutions without AI centers is 275.94.

12



Master’s Programs In contrast, we detect no measurable short-run effects on labor-
market outcomes for graduates of two-year master’s programs (Table 3). Across all three
estimators, the effects on higher studies, employment, and median earnings are small
and statistically insignificant. A plausible interpretation is that four-year programs pro-
vide substantially greater exposure to the new AI-related infrastructure, coursework, and
research activity. Master’s students, by comparison, typically arrive with a shorter time to
graduation and weaker integration into undergraduate-focused AI center initiatives, lim-
iting their opportunities to convert these new inputs into placement and wage gains. This
pattern is consistent with our framework: the longer the exposure to AI-complementary
capital, the more likely students are to cross the placement barrier and benefit from sub-
sequent higher earnings levels.

5.2 Conceptual Framework

The average effects provide a parsimonious view of the impact of AI center establish-
ment, but they mask sharp differences across institutions. To interpret these heteroge-
neous responses and the mechanisms underlying them, we develop a simple conceptual
framework in which AI centers relax two barriers to success in AI-intensive careers. The
framework is intentionally parsimonious and focuses on institution-level channels that
our data can support.

The first channel is a placement barrier. Students must attain a threshold level of AI-
complementary skills to be competitive for AI-intensive roles. Investments associated
with an AI center—including expanded laboratory capacity, enhanced computational re-
sources, and deeper faculty expertise—increase the efficiency with which students con-
vert their baseline preparation into employable AI skills. Institutions serving more aca-
demically selective or more geographically diverse cohorts are therefore positioned to
exhibit larger gains in placement rates after establishing an AI center. This mechanism
is consistent with theoretical models of skill-biased technological change, in which new
technologies complement pre-existing skills and raise the returns to more prepared work-
ers (Acemoglu, 1998; Acemoglu and Autor, 2011; Krueger, 1993). Higher post-entry
wages reflect improved job-match quality as students access roles better aligned with
AI-complementary skills.

The second channel is a wage-returns barrier. Conditional on entering AI-intensive oc-
cupations, students may experience different returns depending on the outside options
available in the absence of an AI center. Institutions historically serving cohorts with
limited access to high-return labor markets may exhibit modest placement responses
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but large proportional wage gains once students clear the placement barrier. This pat-
tern aligns with Roy-type occupational choice models, where individuals with weaker
counterfactual opportunities experience steeper gains upon entering high-return sectors
(Heckman and Honoré, 1990; Roy, 1951).

These two channels provide a structured way to interpret the heterogeneous treatment
effects we estimate.20 The wage-returns barrier mirrors the comparative-advantage logic
of Roy-type occupational choice models, in which groups with weaker outside options
experience steeper returns conditional on entering high-return occupations (Heckman
and Honoré, 1990; Roy, 1951). A stylized institution-level model formalizing these two
barriers and deriving the heterogeneity predictions appears in Appendix H.

Our heterogeneity analysis relies on pre-treatment institutional characteristics that
proxy for differences in student preparation, mobility, and outside options. These mea-
sures are supported by well-documented empirical relationships in India:

• Higher shares of socially disadvantaged (Scheduled Caste) students are strongly
associated with lower levels of pre-college academic preparation and reduced access
to professional labor markets (Desai et al., 2010; Muralidharan and Prakash, 2017;
Hnatkovska et al., 2012). We therefore use these shares as proxies for lower baseline
preparedness and weaker counterfactual labor-market options.

• Institutions with larger out-of-state student shares tend to be more selective and
attract more academically competitive applicants (Bagde et al., 2016). We use this as
a proxy for academic selectivity and competitiveness, reflecting stronger baseline skills
and mobility.

• Geographic immobility is associated with substantially restricted access to high-
return urban labor markets (Hnatkovska and Lahiri, 2013). Therefore, we interpret
the share of in-state students as a proxy for higher mobility frictions and more limited
outside options.

These pre-existing compositional differences provide the basis for the heterogeneity
analysis that follows, in which we examine how the effects of AI center establishment
vary across institutions facing different placement and wage-returns barriers.

20The placement barrier reflects the complementarity between new technologies and baseline skills em-
phasized in the skill-biased technological change literature (Acemoglu, 1998; Acemoglu and Autor, 2011;
Krueger, 1993).
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5.3 Heterogeneous Effects

To implement this structure empirically, we group institutions along two main dimen-
sions: (i) social disadvantage and (ii) geographic mobility of student cohorts. For each
dimension, we compare institutions above and below the sample median and estimate
post-treatment differences using the SDID, CS, and BJS estimators. Detailed estimates are
reported in Tables 4 and 5; in the main text, we highlight the most economically mean-
ingful patterns.

Socioeconomic Disadvantage The social-disadvantage split closely mirrors the two-
barrier framework. Institutions serving a lower share of socially disadvantaged students
(socially “forward” cohorts) exhibit sizable gains in full-time placement but little change
in conditional wages. The differences between socially backward and forward institu-
tions are reported at the bottom of Table 4. The Treatment (Below) estimates for placement
rates are positive and statistically significant, and the corresponding difference is nega-
tive and statistically precise under the BJS estimator (columns 4–6). These cohorts appear
better positioned to convert AI-complementary educational capital into successful entry
into AI-intensive jobs, consistent with the placement barrier being most binding for more
prepared institutions.

In contrast, institutions serving a higher share of socially disadvantaged students (so-
cially “backward” cohorts) show little evidence of increased placement, but placed gradu-
ates experience large proportional earnings gains. The Treatment (Above) estimates for me-
dian real salary are positive and statistically significant under the BJS estimator (columns
7–9), with the difference estimates showing a similar pattern. This is consistent with
the wage-returns barrier: students with weaker counterfactual opportunities experience
steeper wage returns once they enter frontier occupations, even when the probability of
entry itself changes only modestly.

Geographic Mobility Institutions serving more geographically diverse incoming co-
horts (i.e., those with a lower within-state share) exhibit larger proportional earnings
gains among placed graduates, even though differences in placement rates are modest.
The Treatment (Below) estimates for median earnings (in real terms) are positive and sta-
tistically significant under the BJS estimator. The difference between Treatment (Above)
(institutions with more in-state students) and Treatment (Below) is negative and signifi-
cant for BJS in columns 7–9 of Table 5. However, the corresponding differences for place-
ment rates are small and statistically insignificant in columns 4–6. In the context of the
framework, more mobile students can access higher-return AI labor markets once placed,
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generating steeper conditional wage gains even when placement effects remain limited.
To summarize, the heterogeneous effects follow a coherent pattern: AI centers raise the

productivity of academically stronger and more mobile cohorts on both the placement
and wage margins, while students from more disadvantaged or locally anchored back-
grounds experience steeper earnings increase conditional on entry. These results are con-
sistent with a unified two-stage mechanism in which AI centers expand AI-complementary
educational capital, relaxing the placement and wage-returns barriers in systematically
different ways across institutions.

Additionally, we examine heterogeneity by gender. Institutions with larger baseline
shares of women do not experience a placement advantage (see the differences between
Treatment (Above) and Treatment (Below) in columns 4-6 of Table 6). A striking result is
that these institutions exhibit an earnings disadvantage. The differences in real median
earnings are negative in columns 7 and 9, and the effect is statistically significant under
the BJS estimator. This pattern is consistent with the large gender wage gap observed in
STEM fields and with women facing wage penalties relative to men (Kahn and Ginther,
2017; Sahoo and Klasen, 2021). The expansion of AI-complementary education does not
appear to mitigate this gap, at least in the short run.

5.4 Mechanisms: Institutional Capacity and Research Activity

We next examine how AI center establishment alters the internal capacity of institutions,
focusing on changes in AI-complementary educational capital that operate through the
two channels in Section 5.2. Across three domains—computational infrastructure, in-
structional staffing, and sponsored research—the introduction of an AI center gener-
ates targeted institutional expansions that map naturally onto the placement and wage-
returns barriers.

Laboratory and Computational Infrastructure The strongest institutional adjustment
occurs through expanded digital and computational infrastructure. Columns 1–4 of Ta-
ble 7 show sharp increases in capital spending on laboratory equipment and software,
nearly doubling relative to 2016 baseline levels. Consistent with these average effects,
Figures 6a and 6b show a gradual post-treatment increase in equipment spending follow-
ing AI center establishment. These investments enhance students’ exposure to hands-on
AI applications and high-performance computing environments that are central to AI-
related instruction, while spending on engineering workshops, libraries, and other capi-
tal assets remains unchanged, indicating that improvements are concentrated in domains

16



most aligned with AI curricula and recruiter demand. Within the two-barrier framework,
these targeted upgrades raise the productivity of AI-complementary educational capital
and relax the placement barrier. Institutions serving more academically selective or more
geographically diverse cohorts—consistent with the heterogeneity results—convert these
resources into employable skills more effectively, generating larger placement gains.

Faculty and Technical Staffing Column 5 of Table 7 show sizable increases in spend-
ing on specialized faculty and technical personnel. Event-study evidence in Figures 6c
and 6d indicates a similarly gradual upward pattern in salary expenditures after AI cen-
ter introduction. These investments deepen advanced instruction, ensure reliable access
to updated computational environments, and support sustained project-based learning.
Such expansions further relax the placement barrier for cohorts with stronger baseline
preparedness, who are able to internalize new content more efficiently. At the same time,
enhanced instructional and technical support broadens access to advanced skill-building
opportunities for students in institutions where mobility frictions or weaker outside op-
tions are more prevalent, contributing to the conditional wage gains documented in Sec-
tion 5.3.

Sponsored Research and External Engagement A third channel operates through ex-
ternally funded research and industry engagement. Columns 1–3 of Table 8 show signifi-
cant increases in sponsored research activity,21 which support faculty-led projects, create
research-assistant opportunities, and raise institutional visibility in frontier AI domains.
Dynamic evidence from the event-study graphs in Figure 7 further supports these find-
ings, revealing no detectable pre-trends and a steadily increasing post-treatment pattern
across all three outcomes. Sponsored research reinforces both channels: on the placement
margin, active research agendas signal program quality to recruiters and attract more mo-
bile and high-ability students; on the wage-returns margin, experiential learning through
sponsored projects improves job-match quality once students enter AI-intensive roles,
helping explain the steeper proportional earnings gains observed for disadvantaged and
locally anchored cohorts.

Overall, the institutional adjustments triggered by AI center establishment across digi-
tal infrastructure, staffing, and research engagement align closely with the two-stage con-
ceptual framework. Expanded AI-complementary educational capital relaxes the place-
ment barrier most strongly for institutions serving more prepared and more mobile co-
horts, while enhanced access to frontier learning opportunities relaxes the wage-returns

21By contrast, we do not observe a similar pattern for consultancy projects in columns 4–6.
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barrier for cohorts facing weaker outside options. These institutional adjustments pro-
vide a unified mechanism linking the expansion of AI-complementary educational capital
to the differential placement and wage effects estimated above, strengthening the causal
interpretation of our findings.

6 Robustness Checks

In this section, we assess the stability of our findings through a series of robustness checks
that address alternative explanations related to sample composition, institutional trends,
and geographic economic conditions.

6.1 Are Results Sensitive to Sample Restrictions?

We first extend the analysis to all institutions with available NIRF data. Because SDID
requires a balanced panel—and only one institution ranked below 100 is observed in
all nine years—we rely on the CS and BJS estimators for this exercise. The full-sample
results (Appendix G.1) remain consistent with our main findings in direction, statistical
significance, and dynamic evolution over time. This confirms that our conclusions are
not driven by restricting the sample to institutions with complete balanced-panel data or
to those with an average engineering rank of 100 or better.

6.2 Independent Trends Among Elite Institutions

Another potential concern is that treated institutions may have experienced rising place-
ment and earnings outcomes even in the absence of AI centers, particularly if they were
already high-performing. To assess this possibility, we re-estimate all specifications us-
ing a sample restricted to institutions with an average NIRF engineering rank of 50 or
better. This approach limits comparisons to a group of elite institutions while preserving
staggered treatment timing.22 As shown in Appendix G.2, the estimated effects remain
similar in sign, magnitude, and statistical precision to the baseline results. Moreover, AI
centers are not disproportionately concentrated among top-ranked institutions: as shown
in Appendix Table C9, about 55% of adopting institutions have an average rank above
100, alleviating concerns that elite-specific trajectories drive our findings.23

22Adoption of AI centers is not correlated with baseline NIRF rank in 2016.
23In each year, institutions with both higher and lower average ranks adopt AI centers.
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6.3 Do Students from Control Institutions Transfer to Treated Ones?

A further concern is that our estimates may reflect selective transfers of students from
non-treated to treated institutions following AI center establishment. Two pieces of evi-
dence mitigate this concern.

First, structural features of Indian engineering admissions substantially limit cross-
institution movement. Nearly all seats in accredited four-year engineering programs
are allocated through centralized entrance examinations, most prominently the Joint En-
trance Examination (JEE) and state-level engineering entrance tests—followed by a single-
round matching process that assigns students to institutions and programs based on rank
and seat availability.24 There is minimal scope for transfers after enrollment, and lateral
admission into higher-ranked institutions is extremely rare. These institutional frictions
make post-treatment sorting across colleges an unlikely explanation for our results.

Second, we assess whether the results could be driven by treatment-induced redis-
tribution of students from non-treated to treated institutions. Specifically, we apply the
SDID, CS, and BJS estimators to the share of within-state students. Appendix Table G7
reports the estimated ATT effects, which are small and statistically insignificant across all
three methods. The findings suggest that the treatment does not induce changes in ge-
ographic student composition—a pattern consistent with features of India’s engineering
admissions system that limit post-admission sorting.

Together, institutional context and empirical evidence support our interpretation of
the estimated effects as changes in institution-level outcomes, rather than artifacts of
treatment-induced student reallocation.

6.4 Can Boom in Local Labor Markets be Driving the Results?

If AI centers were disproportionately established in districts experiencing contemporane-
ous growth in AI-intensive sectors, our estimates could reflect local labor-demand shocks
rather than institutional investments. Several pieces of evidence suggest this is unlikely.

First, AI production and hiring in India do not necessarily occur in the same districts
where prestigious engineering colleges are located. For example, one of the most promi-
nent IITs is located in Kanpur, yet the district has a relatively low IT-oriented employ-
ment share compared with major technology hubs such as Bangalore and Hyderabad.25

24See Bagde et al. (2016) for evidence on centralized allocation, limited post-admission mobility, and
how admission ranks map into institutional quality.

25Using the 2016 Consumer Pyramids Household Survey (CPHS) collected by the Centre for Monitoring
Indian Economy, we find that only 0.6% of employed individuals in Kanpur hold a degree in computer
applications or engineering, compared with 6.4% in Bangalore and 6.8% in Hyderabad.
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In practice, graduates from selective institutions commonly relocate to major hubs after
graduation, implying that district-level labor-market conditions around the campus are
only weakly informative about realized placement outcomes.26

Second, evidence from online vacancy data indicates that the national demand shock
for AI skills begins only in 2016. Using archival job postings from 2010–2019, Copestake
et al. (2023) show that India’s share of vacancies requiring machine-learning or AI skills
rises sharply only after 2016, consistent with the diffusion of open-source ML tools.27 Be-
cause our identification compares trends between treated and never-treated institutions
and includes year fixed effects, this common national demand shock is absorbed by time
variation rather than confounding treatment assignment.

Third, when vacancy trends are aggregated to the district level, existing evidence finds
no meaningful changes in broader labor-market outcomes. Copestake et al. (2023) report
no detectable effects on total vacancies, district-level employment, or wages in either the
short or medium run, suggesting that localized AI booms are limited in this period.28

6.5 World-Wide Increase in AI Jobs

A related concern is that our estimates could be confounded by the worldwide expan-
sion of AI-related employment rather than by the establishment of AI centers themselves.
Our empirical design addresses this concern in two ways. First, year fixed effects absorb
shocks common to all institutions in a given year, including aggregate growth in AI-
related jobs. Second, the staggered establishment of AI centers across institutions allows
identification to come from relative timing rather than from global trends. A global in-
crease in AI demand therefore does not threaten identification unless it induces differen-
tial district-level labor-demand shocks that simultaneously affect graduate outcomes and
the timing of AI center adoption. As discussed in Section 6.4, existing evidence suggests
that AI demand growth during our study period was not geographically concentrated in
a manner likely to drive either adoption timing or placement outcomes.

To further address this concern empirically, we allow for flexible geographic hetero-
geneity in exposure to global AI demand. We incorporate two sets of geographic controls

26See Bagde et al. (2016) for evidence on spatial mismatch between training institutions and high-
productivity labor markets.

27Copestake et al. (2023) distinguish between “AI-demanding” and “AI-producing” firms and show that
the large increase in AI-skill demand in 2016–2019 reflects a technology shock rather than changes in job-
posting composition.

28Copestake et al. (2023) also show that increases in AI vacancies at adopting establishments reduce non-
AI hiring and wage offers within the same establishment, but these within-establishment effects net out
when aggregated to the district level, yielding no detectable impacts on total labor demand or NSS/PLFS
employment outcomes.
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in our specifications.29 First, we include state fixed effects in the CS and BJS specifications
to absorb time-invariant differences across states. Second, we allow for district-specific
labor-market trends by interacting 2017 district-level employment, labor-force participa-
tion, and unemployment rates with year dummies.30 in addition, we include a measure
of pre-period change in local labor market for IT related employment—the growth in
the share of employed professionals between 2012 and 2017—interacted with year dum-
mies.31 These interactions flexibly account for heterogeneous district-level labor-market
trajectories that might otherwise correlate with AI center adoption. The results are re-
ported in Appendix G.4. As shown, the estimated effects remain robust after including
these controls. These patterns mitigate concerns that our estimates are driven by ge-
ographically concentrated labor-demand shocks rather than by changes in institutional
educational capital.

Overall, the above robustness checks show that the estimated effects are not artifacts of
sample selection, elite-institution trends, or local labor-market booms. The results remain
directionally stable and economically meaningful under alternative samples, alternative
timing windows, and stricter geographic controls, reinforcing the credibility of the causal
interpretation.

7 Discussion of Limitations

Our findings should be interpreted with several caveats. First, we study the upper tier
of India’s engineering ecosystem, where baseline resources and academic preparedness
are relatively strong; institutions facing more binding resource constraints may experi-
ence different impacts, which remains an open question.32 Second, although we docu-
ment improvements in employment and earnings, our outcome measures capture only
the first placement following graduation, and longer-run outcomes—such as job mobil-
ity, career progression, or productivity—may differ as exposed cohorts progress through

29SDID does not allow for additional fixed effects by design, and the CS estimator does not accommodate
time-varying covariates.

30The district-level labor-market measures are drawn from the Periodic Labour Force Survey (PLFS). We
use 2017 values because PLFS was first launched in 2017–18. The three variables—workforce participation
rate (share of population in the labor force), worker-population ratio (share of the population employed),
and unemployment rate (share of the labor force unemployed)—capture baseline cross-district differences
in labor-market depth and employment opportunities.

31Using the NSS 68th Round Employment–Unemployment Survey (2011–12) and the PLFS 2017–18, we
compute the share of employed individuals classified as professionals, technicians, and associate profes-
sionals (National Classification of Occupations-2004) in each district. We then construct the growth measure
as the proportional change in this share between 2012 and 2017.

32If anything, estimated effects likely represent an upper bound on what can be achieved in less-
resourced institutions without complementary investments.
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the labor market. Third, our evidence on mechanisms relies on institutional expendi-
tures and externally funded research projects, and we cannot observe the specific con-
tent of AI-focused curricula, the degree of student participation in AI center activities,
or firm-side adjustments in recruitment strategies. Future work linking student-level
coursework records or employer demand signals would help illuminate these channels
more precisely. Despite these limitations, the results provide credible institution-level
evidence that targeted, technology-aligned investments in higher education can shape
labor-market trajectories in the early stages of the AI transition.

8 Conclusion

The rapid diffusion of artificial intelligence has heightened the importance of AI-complementary
human capital for labor-market success. This paper provides the first causal evidence on
how the establishment of AI centers within higher-education institutions affects student
outcomes. Using institution-by-year administrative data and recent staggered-adoption
difference-in-differences estimators, we find sizable and persistent increases in full-time
placement and early-career earnings for graduates of four-year programs.

The heterogeneity across institutions closely aligns with a simple conceptual frame-
work. Institutions serving academically stronger or more geographically mobile cohorts
realize the largest placement gains, consistent with complementarities between enhanced
educational capital and baseline preparedness. In contrast, institutions historically serv-
ing cohorts with weaker outside options experience the largest proportional gains in earn-
ings conditional on placement, consistent with steeper marginal returns once students en-
ter high-return AI-intensive occupations. Institutional capacity expands along precisely
the inputs most relevant to AI-related skill formation—computational laboratories, spe-
cialized faculty, and externally funded research—reinforcing the interpretation that AI
centers relax placement and wage-returns barriers rather than merely track pre-existing
trends.

As countries confront the skill demands of the AI transition, understanding how higher-
education systems can build AI-complementary human capital—and how such invest-
ments influence the distribution of opportunity—remains a central economic and policy
challenge.
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Figures

FIGURE 1: Global AI-Oriented Higher-Education and Research Capacity

Notes: AI-oriented higher-education and research capacity across major economies. Values combine high-performance computing
(HPC) capacity per million people, AI researchers per million people, and AI-focused tertiary programs per 10,000 students, stan-
dardized to the US=1. Source: UNESCO UIS; OECD STI Indicators; AI Index (2024).

FIGURE 2: Distribution of AI Center Establishment Years Among Engineering Institutions

Notes: This figure shows the number of engineering institutions that established an Artificial Intelligence (AI) center between 2016
and 2024. We examined 268 engineering institutions in India and identified 87 with an AI center, of which seven lacked establishment
years and were excluded from the figure. Among the remaining 80 institutions with confirmed establishment years, the number of
new AI centers increased sharply after 2018, peaking in 2022 when 18 institutions established centers. The data are based on manual
verification of institutional websites, social media pages, and major news outlets. The blue bars represent the 80 institutions with an
AI center established between 2016 and 2024 among the 268 institutions, while the yellow bars represent the 34 elite institutions with
an average NIRF engineering rank of 100 or better that established an AI center between 2017 and 2024.
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FIGURE 3: Map of 113 Engineering Institutions

Notes: This figure shows the geographic distribution of the 113 engineering institutions included in the main analysis. Triangles denote
institutions that established an AI center, with colors indicating the year of establishment between 2017 and 2024. Institutions without
an AI center as of 2024 are shown as gray circles.
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FIGURE 4: Conceptual Framework: Placement and Wage-returns Barriers

AI Center Establishment
(New Labs, Faculty, Research Links)

Increase in AI-Complementary
Educational Capital

Baseline Preparedness
(High vs. Low)

Student Mobility
(Out-of-State vs. In-State)

Stage 1: Placement Barrier
(Entry into AI-Intensive Jobs)

Stage 2: Wage-returns Barrier
(Returns Conditional on Entry)

Higher baseline skills
→ larger placement gains

Mobile students
access broader AI markets

(Stage 2) Job-match quality
& wage returns

Weaker counterfactual
→ larger wage gains

Higher mobility frictions
→ steeper returns

Notes: The framework illustrates two channels through which AI-center
establishment affects labor-market outcomes: (i) a placement barrier, in
which AI-complementary educational capital increases the productivity
of converting baseline preparation into placement-relevant credentials and
signals valued by AI-intensive employers; and (ii) a wage-returns barrier,
in which students with weaker counterfactual outside options experience
steeper wage gains after entering AI-intensive occupations. The framework
operates at the institution level and does not rely on individual-level sort-
ing.
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FIGURE 5: Dynamic Effects on Four-Year Undergraduate Program Outcomes

(a) % Placed, CS (b) % Placed, BJS

(c) Salary (1,000 INR), CS (d) Salary (1,000 INR), BJS

Notes: Each panel reports event study estimates of the impacts of AI Center establishment on four-year undergraduate outcomes.
Panels (a) and (c) use the Callaway–Sant’Anna (CS) estimator, while panels (b) and (d) use the Borusyak–Jaravel–Spiess (BJS) imputa-
tion estimator. “% Place” = The proportion of graduates from four-year undergraduate programs who obtained employment. “Salary
(1,000 INR)” = The median salary of employed graduates from four-year undergraduate programs, expressed in thousands of Indian
Rupees. All monetary variables are converted to real terms using the CPI (2016 = 100). The horizontal gray dashed line represents
zero. Blue markers denote pre-treatment periods (−4 to −1) and pink markers denote post-treatment periods (0 to 4). The point at
Years to Treatment = 0 corresponds to the year in which an AI center was established. Confidence intervals are at the 95 percent.
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FIGURE 6: Dynamic Effects on Capital & Operating Expenditures

(a) Equipment (Capital Expenditure), CS (b) Equipment (Capital Expenditure), BJS

(c) Salaries (Operating Expenditure), CS (d) Salaries (Operating Expenditure), BJS

Notes: Each panel reports event study estimates of the impacts of AI center establishment on capital and operating expenditures. Pan-
els (a) and (c) use the Callaway–Sant’Anna (CS) estimator, while panels (b) and (d) use the Borusyak–Jaravel–Spiess (BJS) imputation
estimator. “Equipment” = The annual capital expenditure on new equipment and software for laboratories expressed in million INR.
“Salaries” = The annual operating expenditure on salaries for teaching and non-teaching staff expressed in million INR. All monetary
variables are converted to real terms using the CPI (2016 = 100). The horizontal gray dashed line represents zero. Blue markers de-
note pre-treatment periods (−4 to −1) and pink markers denote post-treatment periods (0 to 4). The point at Years to Treatment = 0
corresponds to the year in which an AI center was established. Confidence intervals are at the 95 percent.
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FIGURE 7: Dynamic Effects on Sponsored Research Projects

(a) # of Projects, CS (b) # of Projects, BJS

(c) # of Agencies, CS (d) # of Agencies, BJS

(e) Total Amount (million INR), CS (f) Total Amount (million INR), BJS

Notes: Each panel reports event study estimates of the impacts of AI center establishment on sponsored research projects. Panels (a),
(c), and (e) use the Callaway–Sant’Anna (CS) estimator, while panels (b), (d), and (f) use the Borusyak–Jaravel–Spiess (BJS) imputation
estimator. “# of Projects” = The total number of sponsored projects at the institution level. “# of Agencies” = The total number of
funding agencies. “Total Amount (million INR)” = The total funding received for sponsored research projects in million INR. All
monetary variables are converted to real terms using the CPI (2016 = 100). The horizontal gray dashed line represents zero. Blue
markers denote pre-treatment periods (−4 to −1) and pink markers denote post-treatment periods (0 to 4). The point at Years to
Treatment = 0 corresponds to the year in which an AI center was established. Confidence intervals are at the 95 percent.
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Tables

TABLE 1: Descriptive Statistics of Outcome Variables (2016∼2018)

Variable Obs Mean Std. dev.

Four-Year Undergraduate Programs

% Higher Studies 286 0.117 0.098
% Placed 286 0.706 0.138
Salary (1,000 INR) 286 585.362 280.632

Two-Year Master’s Programs

% Higher Studies 296 0.118 0.112
% Placed 296 0.484 0.272
Salary (1,000 INR) 294 556.165 305.304

Capital Expenditure (million INR)

Library 298 26.961 35.867
Equipment 298 113.993 194.092
Eng. Workshops 298 17.130 42.234
Other Cap. 298 87.501 194.527

Operating Expenditure (million INR)

Salaries 298 581.588 596.503
Maintenance 298 408.401 551.599
Seminars 298 16.168 41.161

Sponsored Research Projects (2018)

# of Projects 101 93.119 154.180
# of Agencies 101 26.426 36.882
Total Amount (million INR) 101 225.522 652.497

Consultancy Projects (2018)

# of Projects 101 140.733 274.712
# of Agencies 101 239.495 409.759
Total Amount (million INR) 101 55.444 125.218

Notes: We restrict the sample to institutions with an average NIRF engineering rank of 100 or better. “% Higher Studies”
= The proportion of graduates from four-year undergraduate programs (or two-year master’s programs) who pursue
higher studies. “% Place” = The proportion of graduates from four-year undergraduate programs (or two-year master’s
programs) who obtained employment. “Salary (1,000 INR)” = The median salary of employed graduates from four-year
undergraduate programs (or two-year master’s programs), expressed in thousands of Indian Rupees (1,000 INR). All
monetary variables are converted to real terms using the CPI (2016 = 100). “Library” = The annual capital expenditure
on library including books, journals, and e-Resources, expressed in millions of Indian Rupees. “Equipment” = The an-
nual capital expenditure on new equipment and software for laboratories, expressed in millions of Indian Rupees. “Eng.
Workshops” = The annual capital expenditure on establishing or upgrading engineering workshops, including machin-
ery and tools, expressed in millions of Indian Rupees. “Other Cap.” = The annual capital expenditure on the creation of
other capital assets, such as setting up classrooms, seminar halls, conference halls, libraries, laboratories, and engineer-
ing workshops, excluding expenditure on land and buildings, expressed in millions of Indian Rupees. “Salaries” = The
annual operating expenditure on salaries for teaching and non-teaching staff, expressed in millions of Indian Rupees.
“Maintenance” = The annual operating expenditure on the maintenance of academic infrastructure, consumables, and
other running expenses (excluding maintenance of hostels and allied services, building rent, depreciation costs, etc.),
expressed in millions of Indian Rupees. “Seminar” = The annual operating expenditure on seminars, conferences, and
workshops, expressed in millions of Indian Rupees.
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TABLE 2: Effects of AI Center Establishment on Graduate Outcomes: Four-Year Under-
graduate Programs

(1) (2) (3) (4) (5) (6) (7) (8) (9)
VARIABLES % Higher Studies % Placed Salary (1,000 INR)

SDID CS BJS SDID CS BJS SDID CS BJS

Treatment -0.007 -0.024* -0.010 0.043** 0.041** 0.038** 51.613* 34.634 66.455***
(0.016) (0.013) (0.011) (0.020) (0.018) (0.016) (28.744) (25.808) (21.975)

Placebo SE [0.015] [0.026]* [26.406]*

2016 Mean 0.11 0.10 0.10 0.73 0.74 0.74 604.90 576.87 576.87
No. of Institutions 72 105 107 72 105 107 72 105 107
N 648 855 857 648 855 844 648 855 857

Notes: We employ three estimation methods on the institution–year panel data. Columns (1), (4), and (7) report estimates from the synthetic difference-in-
differences (SDID) method with staggered adoption (Arkhangelsky et al., 2021). Columns (2), (5), and (8) report estimates from the staggered DID method
(Callaway and Sant’Anna, 2021), and columns (3), (6), and (9) report estimates from the DID imputation method (Borusyak et al., 2024). Standard errors, shown in
parentheses, are computed using bootstrap inference with 999 replications for columns (1), (4), and (7); robust asymptotic standard errors for columns (2), (5), and
(8); and standard errors clustered at the institution level for columns (3), (6), and (9). We additionally report standard errors computed using placebo inference with
999 replications for columns (1), (4), and (7) as a robustness check. “% Higher Studies” = The proportion of graduates from four-year undergraduate programs
who pursue higher studies. “% Place” = The proportion of graduates from four-year undergraduate programs who obtained employment. “Salary (1,000 INR)” =
The median salary of employed graduates from four-year undergraduate programs, expressed in thousands of Indian Rupees (1,000 INR). All monetary variables
are converted to real terms using the CPI (2016 = 100). “2016 Mean” is the average value of the respective variable in 2016. Significance levels are indicated as
follows: * p < 0.1, ** p < 0.05, *** p < 0.01.

TABLE 3: Effects of AI Center Establishment on Graduate Outcomes: Two-Year Master’s
Programs

(1) (2) (3) (4) (5) (6) (7) (8) (9)
VARIABLES % Higher Studies % Placed Salary (1,000 INR)

SDID CS BJS SDID CS BJS SDID CS BJS

Treatment -0.001 0.013 0.014 -0.048 -0.036 -0.030 9.710 45.815 44.568
(0.022) (0.021) (0.022) (0.036) (0.033) (0.030) (45.379) (41.771) (32.353)

Placebo SE [0.024] [0.042] [41.091]

2016 Mean 0.11 0.10 0.10 0.47 0.48 0.48 573.08 552.55 552.55
No. of Institutions 73 109 112 73 109 112 73 109 112
N 657 880 883 657 880 883 657 877 880

Notes: We employ three estimation methods on the institution–year panel data. Columns (1), (4), and (7) report estimates from the synthetic difference-in-
differences (SDID) method with staggered adoption (Arkhangelsky et al., 2021). Columns (2), (5), and (8) report estimates from the staggered DID method
(Callaway and Sant’Anna, 2021), and columns (3), (6), and (9) report estimates from the DID imputation method (Borusyak et al., 2024). Standard errors,
shown in parentheses, are obtained by bootstrap inference with 999 repetitions for columns (1), (4), and (7); robust and asymptotic standard errors for
columns (2), (5), and (8); and standard errors clustered at the institution level for columns (3), (6), and (9). We additionally report standard errors computed
using placebo inference with 999 replications for columns (1), (4), and (7) as a robustness check. “% Higher Studies” = The proportion of graduates from two-
year master’s programs who pursue higher studies. “% Place” = The proportion of graduates from two-year master’s programs who obtained employment.
“Salary (1,000 INR)” = The median salary of employed graduates from two-year master’s programs, expressed in thousands of Indian Rupees (1,000 INR).
All monetary variables are converted to real terms using the CPI (2016 = 100). “2016 Mean” is the average value of the respective variable in 2016. Significance
levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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TABLE 4: Heterogeneous Effects of AI Center Establishment on Graduate Outcomes by
Share of Socially Challenged Students: Four-Year Undergraduate Programs

(1) (2) (3) (4) (5) (6) (7) (8) (9)
VARIABLES % Higher Studies % Placed Salary (1,000 INR)

SDID CS BJS SDID CS BJS SDID CS BJS

Treatment (Above) -0.027 -0.036** -0.022* 0.038 0.037 0.016 41.953 43.197 94.804***
(0.020) (0.016) (0.013) (0.031) (0.028) (0.027) (40.521) (35.994) (29.030)

Treatment (Below) 0.019 -0.008 0.013 0.086** 0.057** 0.081*** 26.104 7.313 2.200
(0.028) (0.026) (0.020) (0.037) (0.027) (0.016) (47.214) (46.133) (32.003)

Difference -0.046 -0.027 -0.035 -0.047 -0.020 -0.065** 15.848 35.885 92.605**
(0.035) (0.031) (0.023) (0.048) (0.039) (0.028) (62.218) (58.513) (38.432)

2016 Mean 0.11 0.10 0.10 0.73 0.74 0.74 607.08 576.87 576.87
No. of Institutions 72 92 94 72 92 94 72 92 94
N 648 775 777 648 775 777 648 775 777

Notes: We employ three estimation methods on the institution–year panel data. Columns (1), (4), and (7) report estimates from the synthetic difference-in-differences
(SDID) method with staggered adoption (Arkhangelsky et al., 2021). Columns (2), (5), and (8) report estimates from the staggered DID method (Callaway and
Sant’Anna, 2021), and columns (3), (6), and (9) report estimates from the DID imputation method (Borusyak et al., 2024). Standard errors, shown in parentheses, are
obtained by bootstrap inference with 999 repetitions for columns (1), (4), and (7); robust and asymptotic standard errors for columns (2), (5), and (8); and standard
errors clustered at the institution level for columns (3), (6), and (9). “Treatment (Above)” reports estimates for the subsample of institutions with an average share
of socially challenged students above the median, while “Treatment (Below)” refers to estimates for those with an average socially challenged of female students
below the median. “% Higher Studies” = The proportion of graduates from four-year undergraduate programs who pursue higher studies. “% Place” = The
proportion of graduates from four-year undergraduate programs who obtained employment. “Salary (1,000 INR)” = The median salary of employed graduates
from four-year undergraduate programs, expressed in thousands of Indian Rupees (1,000 INR). All monetary variables are converted to real terms using the CPI
(2016 = 100). “2016 Mean” is the average value of the respective variable in 2016. Significance levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.

TABLE 5: Heterogeneous Effects of AI Center Establishment on Graduate Outcomes by
Share of Within-State Students: Four-Year Undergraduate Programs

(1) (2) (3) (4) (5) (6) (7) (8) (9)
VARIABLES % Higher Studies % Placed Salary (1,000 INR)

SDID CS BJS SDID CS BJS SDID CS BJS

Treatment (Above) -0.004 -0.041 -0.001 0.029 0.054* 0.024 10.860 17.501 -47.060
(0.034) (0.026) (0.021) (0.042) (0.029) (0.038) (49.877) (36.978) (48.216)

Treatment (Below) -0.014 -0.019 -0.015 0.050* 0.039 0.041** 56.266 20.288 103.878***
(0.018) (0.017) (0.012) (0.029) (0.027) (0.016) (38.578) (37.310) (23.391)

Difference 0.010 -0.022 0.014 -0.020 0.015 -0.017 -45.406 -2.787 -150.938***
(0.039) (0.031) (0.023) (0.051) (0.039) (0.039) (63.055) (52.530) (49.330)

2016 Mean 0.11 0.10 0.10 0.73 0.74 0.74 607.08 576.87 576.87
No. of Institutions 72 92 94 72 92 94 72 92 94
N 648 775 777 648 775 777 648 775 777

Notes: We employ three estimation methods on the institution–year panel data. Columns (1), (4), and (7) report estimates from the synthetic difference-in-
differences (SDID) method with staggered adoption (Arkhangelsky et al., 2021). Columns (2), (5), and (8) report estimates from the staggered DID method
(Callaway and Sant’Anna, 2021), and columns (3), (6), and (9) report estimates from the DID imputation method (Borusyak et al., 2024). Standard errors, shown in
parentheses, are obtained by bootstrap inference with 999 repetitions for columns (1), (4), and (7); robust and asymptotic standard errors for columns (2), (5), and
(8); and standard errors clustered at the institution level for columns (3), (6), and (9). “Treatment (Above)” reports estimates for the subsample of institutions with
an average share of within-state students above the median, while “Treatment (Below)” refers to estimates for those with an average share of within-state students
below the median. “% Higher Studies” = The proportion of graduates from four-year undergraduate programs who pursue higher studies. “% Place” = The
proportion of graduates from four-year undergraduate programs who obtained employment. “Salary (1,000 INR)” = The median salary of employed graduates
from four-year undergraduate programs, expressed in thousands of Indian Rupees (1,000 INR). All monetary variables are converted to real terms using the CPI
(2016 = 100). “2016 Mean” is the average value of the respective variable in 2016. Significance levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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TABLE 6: Heterogeneous Effects of AI Center Establishment on Graduate Outcomes by
Share of Female Students: Four-Year Undergraduate Programs

(1) (2) (3) (4) (5) (6) (7) (8) (9)
VARIABLES % Higher Studies % Placed Salary (1,000 INR)

SDID CS BJS SDID CS BJS SDID CS BJS

Treatment (Above) 0.021 -0.023 -0.001 0.041 0.064*** 0.022 17.332 30.828* -24.872
(0.029) (0.027) (0.009) (0.038) (0.023) (0.037) (28.765) (16.811) (23.094)

Treatment (Below) -0.025 -0.028* -0.014 0.036 0.025 0.041** 53.938 24.836 96.396***
(0.018) (0.017) (0.014) (0.027) (0.027) (0.017) (39.193) (38.667) (26.740)

Difference 0.046 0.006 0.014 0.005 0.039 -0.020 -36.607 5.992 -121.268***
(0.034) (0.032) (0.014) (0.047) (0.036) (0.039) (48.616) (42.163) (27.948)

2016 Mean 0.11 0.10 0.10 0.73 0.74 0.74 604.90 576.87 576.87
No. of Institutions 72 90 94 72 90 94 72 90 94
N 648 775 777 648 775 777 648 775 777

Notes: We employ three estimation methods on the institution–year panel data. Columns (1), (4), and (7) report estimates from the synthetic difference-in-differences
(SDID) method with staggered adoption (Arkhangelsky et al., 2021). Columns (2), (5), and (8) report estimates from the staggered DID method (Callaway and
Sant’Anna, 2021), and columns (3), (6), and (9) report estimates from the DID imputation method (Borusyak et al., 2024). Standard errors, shown in parentheses, are
obtained by bootstrap inference with 999 repetitions for columns (1), (4), and (7); robust and asymptotic standard errors for columns (2), (5), and (8); and standard
errors clustered at the institution level for columns (3), (6), and (9). “Treatment (Above)” reports estimates for the subsample of institutions with an average share
of female students above the median, while “Treatment (Below)” refers to estimates for those with an average share of female students below the median. “%
Higher Studies” = The proportion of graduates from four-year undergraduate programs who pursue higher studies. “% Place” = The proportion of graduates from
four-year undergraduate programs who obtained employment. “Salary (1,000 INR)” = The median salary of employed graduates from four-year undergraduate
programs, expressed in thousands of Indian Rupees (1,000 INR). All monetary variables are converted to real terms using the CPI (2016 = 100). “2016 Mean” is the
average value of the respective variable in 2016. Significance levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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TABLE 7: Impact of AI Center Establishment on Capital & Operating Expenditures

(1) (2) (3) (4) (5) (6) (7)
Capital Expenditures Operating Expenditures

VARIABLES Library Equipment Eng. Workshops Other Cap. Salaries Maintenance Seminars

Panel A. SDID

Treatment 0.164 135.078* -22.364 17.049 266.995** 143.858 -3.279
Bootstrapped SE (3.497) (79.979) (20.523) (27.072) (125.632) (149.410) (8.532)
Placebo SE [3.272] [24.989]*** [7.496]*** [45.119] [67.229]*** [89.523] [5.878]

2016 Mean 28.93 132.87 22.69 93.04 630.09 455.64 15.51
No. of Institutions 75 75 75 75 75 75 75
N 675 675 675 675 675 675 675

Panel B. CS

Treatment -2.583 48.174 -12.163 15.579 194.236** 98.833 -4.421
(2.821) (50.692) (14.057) (23.590) (89.490) (126.146) (9.751)

2016 Mean 23.84 109.98 18.78 78.23 551.41 378.77 12.95
No. of Institutions 110 110 110 110 110 110 110
N 893 893 893 893 893 893 893

Panel C. BJS

Treatment -0.766 91.324*** -24.972*** 16.805 216.798*** 202.209*** 0.954
(2.216) (33.969) (5.018) (23.684) (60.786) (65.199) (4.948)

2016 Mean 23.84 109.98 18.78 78.23 551.41 378.77 12.95
No. of Institutions 110 110 110 110 110 110 110
N 893 893 893 893 893 893 893

Notes: We employ three estimation methods on the institution–year panel data. Panel A reports estimates from the synthetic difference-in-differences (SDID) method with
staggered adoption (Arkhangelsky et al., 2021). Panel B reports estimates from the staggered DID method (Callaway and Sant’Anna, 2021), and Panel C reports estimates
from the DID imputation method (Borusyak et al., 2024). Standard errors, reported in parentheses, are obtained using bootstrap inference with 999 repetitions in Panel A,
robust and asymptotic standard errors in Panel B, and standard errors clustered at the institution level in Panel C. We additionally report standard errors computed using
placebo inference with 999 replications in Panel A as a robustness check. “Library” = The annual capital expenditure on library including books, journals, and e-Resources.
“Equipment” = The annual capital expenditure on new equipment and software for laboratories. “Eng. Workshops” = The annual capital expenditure on establishing or
upgrading engineering workshops, including machinery and tools. “Other Cap.” = The annual capital expenditure on the creation of other capital assets, such as setting
up classrooms, seminar halls, conference halls, libraries, laboratories, and engineering workshops, excluding expenditure on land and buildings. “Salaries” = The annual
operating expenditure on salaries for teaching and non-teaching staff. “Maintenance” = The annual operating expenditure on the maintenance of academic infrastructure,
consumables, and other running expenses (excluding maintenance of hostels and allied services, building rent, depreciation costs, etc.). “Seminar” = The annual operating
expenditure on organizing seminars, conferences, and workshops, including event logistics, materials, and related recurring costs. The units of all outcome variables are in
million INR. All monetary variables are converted to real terms using the CPI (2016 = 100). “2016 Mean” is the average value of the respective variable in 2016. Significance
levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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TABLE 8: Impact of AI Center Establishment on Research Projects

(1) (2) (3) (4) (5) (6)
Sponsored Research Consultancy Projects

VARIABLES # of Projects # of Agencies Total Amount # of Projects # of Agencies Total Amount
(million INR) (million INR)

Panel A. SDID

Treatment 40.501 11.351 90.304* -13.240 -85.910 32.217
Bootstrapped SE (30.561) (9.924) (51.820) (65.475) (107.901) (27.236)
Placebo SE [18.977]** [6.309]* [20.345]*** [76.908] [163.981] [10.314]***

2018 Mean 98.86 27.71 220.66 135.51 234.94 52.69
No. of Institutions 78 78 78 78 78 78
N 546 546 546 546 546 546

Panel B. CS

Treatment 41.495* 13.373 74.224* -16.115 -71.063 9.358
(24.958) (8.883) (41.356) (59.696) (99.654) (9.469)

2018 Mean 90.50 26.32 204.78 134.70 233.97 49.92
No. of Institutions 106 106 106 106 106 106
N 682 682 682 682 682 682

Panel C. BJS

Treatment 36.810 10.960 59.612 -28.395 -80.479 17.421*
(25.600) (8.192) (39.390) (53.357) (99.852) (10.374)

2018 Mean 90.50 26.32 204.78 134.70 233.97 49.92
No. of Institutions 106 106 106 106 106 106
N 682 682 682 682 682 682

Notes: We employ three estimation methods on the institution–year panel data (2018-2024). Panel A reports estimates from the synthetic difference-in-differences (SDID)
method with staggered adoption (Arkhangelsky et al., 2021). Panel B reports estimates from the staggered DID method (Callaway and Sant’Anna, 2021), and Panel C
reports estimates from the DID imputation method (Borusyak et al., 2024). Standard errors, reported in parentheses, are obtained using bootstrap inference with 999
repetitions in Panel A, robust and asymptotic standard errors in Panel B, and standard errors clustered at the institution level in Panel C. We additionally report standard
errors computed using placebo inference with 999 replications in Panel A as a robustness check. Columns (1)–(3) report the results for sponsored research projects, while
columns (4)–(6) present the results for consultancy projects. “# of Projects” = The total number of sponsored projects at the institution level in column (1) and the total
number of consultancy projects in column (4). “# of Agencies” = The total number of funding agencies in column (2) and the total number of client organizations in column
(5). “Total Amount (million INR)” = The total funding received for sponsored research projects in column (3) and the total amount received for consultancy projects in
column (6). The units of outcome variables in columns 3 and 6 are in million INR. All monetary variables are converted to real terms using the CPI (2016 = 100). “2018
Mean” is the average value of the respective variable in 2018. Significance levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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Online Appendix (For Online Publication Only)

Investing in AI Talent: Labor-Market Returns to AI Skilling

Infrastructure in India

Yutong Chen Sheetal Sekhri

A Appendix Roadmap

This Online Appendix provides additional institutional background, details on data con-
struction, pre-trend diagnostics, heterogeneity tables, and robustness checks including
placebo re-timings, tests for differential macro trend exposure, and alternative samples,
following standard guidance for staggered-adoption designs.

Appendix B documents the construction of the global AI-oriented capacity index used
in Figure 1. Appendix C provides extended policy context and summarizes the roll-out
of AI centers. Appendix D details the NIRF data cleaning procedures, variable construc-
tion, and sample restrictions. Appendix E provides additional information on the imple-
mentation of the SDID estimator. Appendix G summarizes robustness checks, including
alternative samples and specifications with additional controls. Appendix H discusses
the conceptual framework.

B Construction of the Global AI-Oriented Capacity Index

This section provides the data sources, normalization procedures, and formula used to
construct the global AI-oriented capacity index in Figure 1. The index averages standard-
ized values of (i) HPC capacity per million people; (ii) AI researchers per million people;
and (iii) AI-related tertiary programs per 10,000 students, rescaled such that the United
States equals 1. The index is used only for descriptive motivation and does not enter the
empirical analysis.

C Additional Policy Background

In February 2018, the Hon’ble Finance Minister, Arun Jaitley, highlighted artificial intelli-
gence (AI) in the Union Budget speech for the first time, emphasizing its importance for
advancing India’s digital economy and strengthening the Digital India agenda.
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“108. Global economy is transforming into a digital economy thanks to de-
velopment of cutting edge technologies in digital space – machine learning,
artificial intelligence, internet of things, 3D printing and the like. Initiatives
such as Digital India, Start Up India, Make in India would help India establish
itself as a knowledge and digital society. NITI Aayog will initiate a national
program to direct our efforts in the area of artificial intelligence, including re-
search and development of its applications.”

This directive assigned the National Institution for Transforming India (NITI Aayog) re-
sponsibility for developing a national program on AI. In response, NITI Aayog released
the National Strategy for Artificial Intelligence (#AIforAll) on June 4, 2018, outlining In-
dia’s AI vision and implementation roadmap.

The strategy identified three focus areas: research, skilling, and adoption, and called
for strong institutional infrastructure to accelerate AI development. A major recommen-
dation was the establishment of a network of Centers of Excellence (CoEs) with dedicated
funding on the order of INR 0.5∼1 billion per center. These centers were envisioned
to be hosted at India’s premier academic institutions, including the Indian Institute of
Science (IISc), Indian Statistical Institute (ISI), and leading Indian Institutes of Technol-
ogy (IITs) and Indian Institutes of Information Technology (IIITs). By bringing together
skilled faculty, research infrastructure, and industry collaboration, such centers could po-
tentially enhance educational quality and strengthen the pipeline of graduates equipped
for emerging technical fields.

However, implementation of this strategy progressed gradually. It was not until 2023
that the Ministry of Education launched a coordinated initiative to establish AI CoEs
through a nationwide call for proposals. The scheme focuses on three domains central to
India’s development—agriculture, health, and sustainable cities—and explicitly aims to
“Make AI in India and Make AI Work for India.” The lead institute of each proposal was
required to be ranked within the top 100 of the National Institutional Ranking Framework
(NIRF). The program committed INR 9.9 billion over financial years 2023-24 to 2027-28.
From 55 submissions, three proposals were selected in early September 2024, involving
11 premier institutions, such as IIT Delhi, IIT Kanpur, and IIT Ropar.

Meanwhile, India’s leading academic institutions have proactively created AI-oriented
centres funded through combinations of alumni philanthropy, industry partnership, and
local government support. For example, IIT Kharagpur established the Centre for AI in
2018 (seed-funded by Capillary Technologies); Andhra University, Visakhapatnam cam-
pus, launched the CoE for Internet of Things and AI in 2021, jointly funded by the Min-
istry of Electronics & Information Technology, the Government of Andhra Pradesh, and
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the National Association of Software & Services Companies; and G.L. Bajaj Institute of
Technology and Management established the NVIDIA AI Learning and Research Center
in 2022 (funded by NVIDIA). These examples shows the diverse funding models and in-
stitutional pathways through which AI-focused centers are emerging across the country.
We display the list of institutions with AI center establishment year in Table C9.

TABLE C9: Institutions by AI Center Establishment Year

Year Institution Avg. Rank

2016 Indraprastha Institute of Information Technology Delhi 65.3
2016 Vels Institute of Science, Technology & Advanced Studies (VISTAS) 142.0
2017 Indian Institute of Technology Madras 1.0
2018 Indian Institute of Technology Kharagpur 4.7
2018 Nitte Meenakshi Institute of Technology 144.2
2019 Aligarh Muslim University 35.6
2019 Amity University 33.4
2019 Banasthali Vidyapith 68.6
2019 Chitkara University 118.8
2019 Dayalbagh Educational Institute 100.2
2019 Government Engineering College, Thrissur 160.0
2019 Indian Institute of Technology Jodhpur 42.2
2019 Institute of Aeronautical Engineering 156.0
2019 International Institute of Information Technology Bangalore 69.6
2019 Maulana Azad National Institute of Technology 67.3
2019 National Institute of Technology Silchar 47.0
2019 PSG College of Technology 51.3
2019 Symbiosis International University 46.0
2020 Chennai Institute of Technology 175.0
2020 Dhirubhai Ambani Institute of Information and Communication Technology 102.6
2020 Indian Institute of Technology Bombay 2.8
2020 Indian Institute of Technology Delhi 2.3
2020 Indian Institute of Technology Hyderabad 8.3
2020 Indian Institute of Technology Patna 26.6
2020 International Institute of Information Technology Hyderabad 50.1
2020 K.S. Rangasamy College of Technology 99.0
2020 Kakatiya Institute of Technology & Science 188.5
2020 National Institute of Technology Tiruchirappalli 9.4
2020 Nirma University 124.8
2020 Rajiv Gandhi Institute of Petroleum Technology 120.0
2020 SR University 112.0
2021 AU College of Engineering 79.3
2021 Christ University 119.3
2021 G. L. A. University 186.0
2021 Indian Institute of Technology Guwahati 7.1
2021 Indian Institute of Technology Kanpur 4.3
2021 Indian Institute of Technology Roorkee 5.9
2021 Indira Gandhi Delhi Technical University for Women 161.3
2021 MIT World Peace University 139.5
2021 SVKM’s Narsee Monjee Institute of Management Studies 136.8

Continued on next page
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Year Institution Avg. Rank

2021 Sagi Ramakrishnam Raju Engineering College 118.3
2021 Shri Ramdeobaba College of Engineering and Management 110.8
2022 Alliance University 172.5
2022 Anna University 13.4
2022 B. S. Abdur Rahman Crescent Institute of Science and Technology 106.0
2022 B.M.S. College of Engineering 73.7
2022 Bansilal Ramnath Agarwal Charitable Trust’s Vishwakarama Institute of Tech-

nology
155.0

2022 G. L. Bajaj Institute of Technology and Management 194.5
2022 Indian Institute of Information Technology, Design & Manufacturing,

Kancheepuram
187.7

2022 Indian Institute of Technology Mandi 28.8
2022 Indian Institute of Technology Palakkad 66.3
2022 Jaypee University of Information Technology, Solan 111.7
2022 Lovely Professional University 68.1
2022 Maharaja Sayajirao University of Baroda 119.0
2022 Netaji Subhas University of Technology 71.7
2022 R.V. College of Engineering 75.1
2022 Sathyabama Institute of Science and Technology 55.4
2022 Saveetha Engineering College 107.5
2022 Sharda University 171.5
2022 Walchand College of Engineering 173.3
2023 Dr. B. R. Ambedkar National Institute of Technology, Jalandhar 62.4
2023 Galgotias University 162.0
2023 Indian Institute of Technology Bhubaneswar 31.0
2023 Institute of Infrastructure Technology Research and Management 190.0
2023 National Institute of Advanced Manufacturing Technology 137.7
2023 National Institute of Technology Delhi 88.8
2023 Shoolini University of Biotechnology and Management Sciences 108.0
2023 Silicon Institute of Technology, Bhubaneswar 167.7
2023 The LNM Institute of Information Technology 194.0
2024 Amity University Haryana, Gurgaon 106.5
2024 Amity University, Gwalior 156.3
2024 Amity University, Jaipur 133.0
2024 Army Institute of Technology 112.7
2024 Institute of Engineering & Management 153.7
2024 KIET Group of Institutions 181.5
2024 Mahindra University 154.0
2024 Manav Rachna International Institute of Research & Studies 140.3
2024 NMAM Institute of Technology 147.0
2024 Sona College of Technology 154.3
2024 Thiagarajar College of Engineering 58.7

Anurag University 158.8
Hindustan Institute of Technology and Science 131.5
Jaypee Institute of Information Technology 81.3
National Institute of Technology Warangal 24.2
PES University 99.7
Padmasri Dr. B.V. Raju Institute of Technology 168.0
Shri Mata Vaishno Devi University 87.4

Note: This table lists the 87 institutions that established an AI center between 2016 and 2024, including 7 institutions for which the
year of establishment is unknown.
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Institutions With Unknown Years As shown in Table C9, there are seven institutions
without information on establishment year. To assess whether institutions with missing
establishment years differ systematically from those for which we were able to verify
the year of AI center establishment, Appendix Table C10 compares characteristics across
the two groups. For four-year undergraduate programs, the two sets of institutions are
similar in overall size and in the shares of female, within-state, and economically back-
ward students. The only statistically significant difference is a lower share of socially
challenged students among institutions with unknown years. For two-year master’s pro-
grams, the groups also appear broadly comparable, although institutions with confirmed
years have a smaller share of female students. Differences in capital and operating ex-
penditures are generally small and imprecisely estimated, with the exception of slightly
higher library and equipment spending among institutions with confirmed establishment
years. To assess overall balance across these observables, we conduct a joint F-test of
equality of means, which yields a p-value of 0.18, indicating that we cannot reject the null
hypothesis that the two groups are similar across these characteristics. Taken together, the
results suggest that institutions with missing establishment years do not differ meaning-
fully from those with confirmed dates, and the absence of establishment-year information
is unlikely to introduce systematic bias into our analysis.
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TABLE C10: Summary Statistics: Confirmed vs. Unknown Establishment Year
(2016∼2018, Institutions with AI Centers)

(1) (2) (3) (4) (5)
Confirmed Unknown t-test

Variable N Mean/(SD) N Mean/(SD) Difference

Four-Year Undergraduate Programs

Total No. of students 119 3234.597 14 3685.071 -450.475
(2449.820) (1377.007)

Share of female 119 0.216 14 0.252 -0.035
(0.138) (0.050)

Share of within-state 119 0.503 14 0.568 -0.064
(0.344) (0.210)

Share of economically backward 119 0.208 14 0.196 0.012
(0.172) (0.250)

Share of socially challenged 119 0.415 14 0.245 0.170***
(0.202) (0.182)

Two-Year Master’s Programs

Total No. of students 120 634.917 14 388.000 246.917
(661.593) (373.206)

Share of female 120 0.320 14 0.430 -0.110**
(0.155) (0.185)

Share of within-state 120 0.543 14 0.699 -0.157
(0.358) (0.221)

Share of economically backward 120 0.172 14 0.180 -0.008
(0.199) (0.220)

Share of socially challenged 120 0.373 14 0.281 0.092
(0.230) (0.172)

Capital Expenditures (million INR)

Library 185 25.163 21 7.932 17.231*
(42.491) (8.912)

Equipment 185 103.675 21 32.288 71.387
(234.700) (43.176)

Eng. Workshops 185 17.088 21 6.573 10.515
(44.910) (9.958)

Other Cap. 185 53.889 21 21.055 32.835
(120.737) (34.727)

Operating Expenditures (million INR)

Salaries 185 495.788 21 324.321 171.468
(643.038) (202.436)

Maintenance 185 319.882 21 225.036 94.846
(500.295) (208.681)

Seminars 185 11.225 21 17.252 -6.026
(29.340) (27.549)

Notes: We restrict the sample to institutions with AI centers and compare institutions with a confirmed establishment year versus
those without a confirmed establishment year. “Library” = The annual capital expenditure on library including books, journals,
and e-Resources. “Equipment” = The annual capital expenditure on new equipment and software for laboratories. “Workshops” =
The annual capital expenditure on engineering workshops. “Salaries” = The annual operating expenditure on salaries for teaching
and non-teaching staff. “Maintenance” = The annual operating expenditure on the maintenance of academic infrastructure, con-
sumables, and other running expenses (excluding maintenance of hostels and allied services, building rent, depreciation costs, etc.).
“Seminar” = The annual operating expenditure on seminars, conferences, and workshops. All expenditure variables are measured
in million INR. Significance levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01. We also conduct a joint F-test of
equality of means. The p-value is 0.18.
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D Data Construction

In this section, we provide details on the construction of our dataset and the definitions
of all variables used in the analysis.

NIRF Data Our primary source of data is the NIRF, which annually publishes rankings
and detailed performance metrics for higher education institutions in India, typically in
September of each year. Established by the Ministry of Education in 2015, the NIRF pro-
vides a standardized framework for evaluating and comparing institutions across dis-
ciplines such as engineering, management, pharmacy, and the arts and sciences. Our
analysis focuses on the engineering discipline rankings. It is important to note that not
all institutions participating in the NIRF receive a discipline-specific ranking. Institutions
appear in the engineering rankings only if they offer full-time engineering programs and
have graduated at least three batches of students in those programs.

Ranking Process The ranking process is based on five broad parameters, each com-
posed of several quantitative indicators derived from institution-reported data and pub-
licly verifiable sources: (1) Teaching, Learning, and Resources (TLR), which includes in-
dicators such as faculty-student ratio and faculty qualifications; (2) Research and Pro-
fessional Practice (RP), which covers publications and patents; (3) Graduation Outcome
(GO), which measures student placement rates and median salaries; (4) Outreach and In-
clusivity (OI), which reflects gender and social diversity; and (5) Perception (PR), based
on surveys of employers, academics, and the general public.

Collation of Data We use the annual data reports published under the Engineering dis-
cipline rankings on the official NIRF website between 2017 and 2025, covering 268 unique
engineering institutions. We exclude the 2016 data because the reported statistics do not
separately identify graduation outcomes for four-year undergraduate and two-year post-
graduate programs. All statistics are reported at the institution level. Each year’s ranking
is based on the previous academic year; for example, the 2024 ranking uses data from the
2022–23 academic year. In our dataset, the 2022–23 academic year is coded as 2023, reflect-
ing the year in which placement outcomes are realized; the same convention is applied to
all other years.

For the rankings published between 2019 and 2022, NIRF released detailed institu-
tional data for the top 200 engineering colleges, whereas for 2017–2018 and 2023–2025,
detailed reports are available only for the top 100 institutions. Institutions that remain

44

https://www.nirfindia.org/Home/Index


consistently ranked within the top 100 therefore have complete data for all years in our
sample, yielding 56 institutions. However, many institutions move above and below
the top-100 cutoff over time. When such movements occur in 2017, 2018, 2023, 2024, or
2025—years in which NIRF publishes detailed data only for the top 100 institutions—the
corresponding data reports for those institutions are not released, creating gaps in the
panel.

To address this missingness, we take advantage of a key feature of NIRF submissions.
Beginning with the 2019 ranking cycle, institutions are required to report three academic
years of information on placement outcomes, capital expenditure, and operating expen-
diture. For sponsored research and consultancy projects, data collection begins in the
2021 ranking cycle, with institutions again required to report the previous three academic
years. As a result, each institution’s PDF submission in 2019–2025 includes up to two
earlier years of data, even if the institution does not appear in the top-100 or top-200 list
for that particular year. By extracting these retrospective fields from each PDF, we can
recover missing observations and reconstruct a more complete panel. This procedure in-
creases the number of institutions with complete nine-year data to 78, of which 75 have
an average engineering rank of 100 or better.

Summary Statistics Table D11 provides definitions of all variables used in the analysis.
Table D12 presents summary statistics comparing treat institutions, those that establish
an AI center between 2017 and 2024, with control institutions that do not, focusing only
on the elite institutions in our sample. As shown, treated institutions enroll fewer un-
dergraduate students but have higher postgraduate enrollment. They also exhibit higher
levels of capital and operating expenditures, particularly on laboratory equipment and
software, and salaries for teaching and non-teaching staff. In terms of student composi-
tion, treated institutions enroll a slightly higher share of socially disadvantaged students,
and a lower share of within-state and female students.

TABLE D11: Variable Definition

Variable Definition

Four-year undergraduate programs

% Higher Studies The ratio of graduates from four-year undergraduate programs pursuing
higher studies to the total number of students graduating

% Placed The placement rate = The ratio of students from four-year undergraduate pro-
grams who are placed to the total number of students graduating in that year

Continued on next page
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Variable Definition

Salary (1,000 INR) The median annual salary of employed graduates from four-year undergrad-
uate programs, expressed in thousands of INR

Two-year master’s programs

% Higher Studies The ratio of graduates from two-year master’s programs pursuing higher
studies to the total number of students graduating

% Placed The placement rate = The ratio of students from two-year master’s programs
who are placed to the total number of students graduating in that year

Salary (1,000 INR) The median annual salary of employed graduates from two-year master’s pro-
grams, expressed in thousands of INR

Capital expenditure (million INR)

Library Annual capital expenditure on library including books, journals, and e-
resources

Equipment Annual capital expenditure on new equipment and software for laboratories
Eng. Workshops Annual capital expenditure on establishing or upgrading engineering work-

shops, including machinery and tools
Other Cap Annual capital expenditure on the creation of other capital assets, such as set-

ting up classrooms, seminar halls, conference halls, libraries, laboratories, and
engineering workshops, excluding expenditure on land and buildings

Operating expenditure (million INR)

Salaries Annual operating expenditure on salaries for teaching and non-teaching staff
Maintenance Annual operating expenditure on the maintenance of academic infrastructure,

consumables, and other running expenses (excluding maintenance of hostels
and allied services, building rent, depreciation costs, etc.)

Seminars Annual operating expenditure on organizing seminars, conferences, and
workshops, including logistics and materials

Sponsored research projects

# of Projects The total number of sponsored research projects undertaken
# of Agencies The total number of funding agencies
Total Amount (million
INR)

The total amount of money received for the sponsored research projects, ex-
pressed in millions of INR

Consultancy projects

# of Projects The total number of consultancy projects undertaken
# of Agencies The total number of client organizations
Total Amount (million
INR)

The total amount of money received for the consultancy projects, expressed in
millions of INR

Student composition (four-year undergraduate programs)

Share of within-state The ratio of within-state students enrolled across all years of four-year un-
dergraduate programs to the total number of students enrolled in four-year
undergraduate programs

Share of socially
challenged

The ratio of socially challenged (Scheduled Caste) students enrolled across all
years of four-year undergraduate programs to the total number of students
enrolled in four-year undergraduate programs

Share of female The ratio of female students enrolled across all years of four-year undergradu-
ate programs to the total number of students enrolled in four-year undergrad-
uate programs

Continued on next page
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Variable Definition

Share of economically
backward

The ratio of economically backward students enrolled across all years of four-
year undergraduate programs to the total number of students enrolled in four-
year undergraduate programs

TABLE D12: Summary Statistics: Control vs. Treated Institutions (2016∼2018)

(1) (2) (3) (4) (5)
Control Treat t-test

Variable N Mean/(SD) N Mean/(SD) Difference

Four-Year Undergraduate Programs

Total No. of students 170 4185.576 77 3486.610 698.966
(3967.127) (2798.364)

Share of female 170 0.221 77 0.184 0.038**
(0.099) (0.126)

Share of within-state 170 0.515 77 0.403 0.112***
(0.287) (0.325)

Share of economically backward 170 0.205 77 0.197 0.008
(0.198) (0.157)

Share of socially challenged 170 0.383 77 0.440 -0.057**
(0.207) (0.183)

Two-Year Master’s Programs

Total No. of students 175 572.669 79 844.329 -271.661***
(514.804) (718.272)

Share of female 175 0.333 79 0.285 0.047**
(0.139) (0.136)

Share of within-state 175 0.518 79 0.407 0.112**
(0.315) (0.339)

Share of economically backward 175 0.201 79 0.152 0.049*
(0.209) (0.181)

Share of socially challenged 175 0.383 79 0.413 -0.030
(0.201) (0.216)

Capital Expenditures (million INR)

Library 211 18.298 87 47.969 -29.671***
(20.582) (52.705)

Equipment 211 77.496 87 202.506 -125.010***
(90.396) (314.565)

Eng. Workshops 211 11.610 87 30.518 -18.908***
(28.997) (62.054)

Other Cap. 211 87.478 87 87.556 -0.078
(208.214) (157.546)

Operating Expenditures (million INR)

Salaries 211 481.937 87 823.269 -341.332***
(444.247) (814.517)

Maintenance 211 346.411 87 558.743 -212.332***
(496.843) (644.739)

Seminars 211 14.989 87 19.027 -4.038
(41.208) (41.142)

Notes: We restrict the sample to institutions with an average NIRF engineering rank of 100 or better, resulting in 113 academic insti-
tutions. Treated institutions are defined as those that established an AI center between 2017 and 2024, whereas control institutions
are those that did not establish an AI center over the same period. “Library” = The annual capital expenditure on library including
books, journals, and e-Resources. “Equipment” = The annual capital expenditure on new equipment and software for laborato-
ries. “Workshops” = The annual capital expenditure on engineering workshops. “Salaries” = The annual operating expenditure on
salaries for teaching and non-teaching staff. “Maintenance” = The annual operating expenditure on the maintenance of academic
infrastructure, consumables, and other running expenses (excluding maintenance of hostels and allied services, building rent, de-
preciation costs, etc.). “Seminar” = The annual operating expenditure on seminars, conferences, and workshops. All expenditure
variables are measured in million INR. All monetary variables are converted to real terms using the CPI (2016 = 100). Significance
levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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E More Details of the SDID Estimation Strategy

This appendix provides additional detail on the implementation of Synthetic Difference-
in-Differences (SDID).

E.1 Staggered Adoption Design

We implement SDID with staggered treatment adoption by estimating cohort-specific
SDID models. For each adoption year a ∈ A, where A denotes the set of unique adoption
years, we follow the procedure outlined in Clarke et al. (2024):

1. For a given adoption year a, we restrict the sample to institutions that establish an
AI center in year a and to institutions that have not yet established one by year a,
including never-adopting institutions. The latter group serves as the donor pool.
We denote this subsample by δ(a) and refer to it as the analysis sample for adoption
cohort a.

2. For each cohort a, we compute the cohort-specific regularization parameter ζ(a), the
cohort-specific unit weights ω̂sdid

(a) , and the cohort-specific time weights λ̂sdid
(a) laid out

in Arkhangelsky et al. (2021).

3. For each adoption cohort a, we estimate the SDID treatment effect by solving the
following regularized weighted least-squares problem:

(τ̂sdid
(a) , µ̂(a), α̂(a), β̂(a)) = arg min

τ,µ,α,β

{
∑

i∈δ(a)

T

∑
t=1

(Yit − µ − αi − βt − τDi,t) ω̂sdid
(a),iλ̂

sdid
(a),t

}
,

where Yit denotes the outcome for institution i in year t, µ is an intercept, αi are
institution fixed effects, γt are year fixed effects, and Di,t is the treatment indica-
tor for institution i in year t. The parameter τ̂sdid

(a) represents the estimated average
treatment effect on treated for adoption cohort a.

4. The overall average treatment effect on the treated is computed as a weighted aver-
age of the cohort-specific effects:

ÂTT or τ̂sdid = ∑
a∈A

T(a)
post

Tpost
× τ̂sdid

(a) ,

where T(a)
post denotes the number of post-treatment periods observed for adoption
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cohort a, and Tpost denotes the total number of post-treatment periods observed
among treated institutions.

E.2 Additional Standard Errors for SDID

We also report placebo-inference standard errors (shown in square brackets) in Tables
2–8, based on 999 replications in which treatment is randomly reassigned to never-treated
institutions within each cohort’s adoption year. This serves as an additional robustness
check. Although placebo inference is often recommended when the number of treated
units is small, it assumes homoskedasticity across units and is therefore not our preferred
approach. We do not use jackknife inference because, as shown by the yellow bars in
Figure 2, there is only one treated institution in each of the years 2017, 2018, and 2024.
Since the jackknife removes one unit at a time, these years would have no remaining
treated observations, making the estimator undefined.

E.3 SDID Weights

The SDID estimator combines unit weights (ω̂i) and time weights (λ̂t) to construct syn-
thetic controls that closely reproduce the pre-treatment path of each treatment cohort.
Because treatment occurs in different years across institutions, SDID solves a separate
optimization problem for each first-treatment year, generating cohort-specific weights.
As an illustration, we report the unit and time weights for the three graduate outcome
variables for four-year undergraduate programs.

Table E13 presents the distribution of unit weights that SDID assigns to never-treated
institutions for each adoption cohort. As shown, not all never-treated institutions re-
ceive positive weight. The institutions that do receive positive weights are those whose
pre-treatment trajectories most closely resemble those of the treated cohort. The average
magnitude of these positive weights across adoption cohorts and outcome variables is
between 0.02 and 0.03.

Table E14 reports the distribution of time weights assigned to the pre-treatment years
for each cohort. These weights also vary across adoption years and outcome variables.
Pre-treatment years that more closely align with a cohort’s baseline trajectory receive
larger weights. In the post-treatment period, SDID imposes equal time weights, with
each post-treatment year receiving a weight of 1/the number of post-treatment years.

Together, the unit and time weights illustrate how SDID constructs synthetic com-
parison groups tailored to each cohort. The unit weights reweigh the most comparable
never-treated institutions, while the time weights emphasize pre-treatment periods that
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best fit the observed baseline trajectory. These cohort-specific weights provide evidence
of a close pre-treatment match, supporting the credibility of the SDID counterfactuals
used in the main analysis.

TABLE E13: SDID Unit Weights: Four-Year Undergraduate

(1) (2) (3) (4) (5)
Adoption Year No. of Institutions Mean SD Min Max

Panel A. Dependent variable = % Higher Studies

2017 48 0.021 0.000 0.021 0.021
2018 40 0.025 0.019 0.001 0.073
2019 48 0.021 0.005 0.005 0.032
2020 45 0.022 0.008 0.006 0.041
2021 45 0.022 0.017 0.001 0.086
2022 45 0.022 0.010 0.002 0.044
2023 37 0.027 0.021 0.000 0.084

Panel B. Dependent variable = % Placed

2017 48 0.021 0.000 0.021 0.021
2018 48 0.021 0.005 0.007 0.030
2019 48 0.021 0.005 0.007 0.033
2020 48 0.021 0.007 0.004 0.036
2021 43 0.023 0.008 0.010 0.043
2022 42 0.024 0.016 0.003 0.073
2023 38 0.026 0.016 0.005 0.066

Panel C. Dependent variable = Salary (1,000 INR)

2017 48 0.021 0.000 0.021 0.021
2018 42 0.024 0.022 0.001 0.096
2019 48 0.021 0.005 0.005 0.030
2020 33 0.030 0.026 0.002 0.109
2021 42 0.024 0.020 0.000 0.071
2022 35 0.029 0.022 0.001 0.078
2023 31 0.032 0.025 0.000 0.080

Notes: In column (1), we report the number of never-treated institutions that receive a positive unit
weight. Note that “0.000” reflects a very small positive value rather than an exact zero.
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TABLE E14: SDID Time Weights: Four-Year Undergraduate

(1) (2) (3) (4) (5) (6) (7)

Pre-Treatment Year

Adoption Year 2016 2017 2018 2019 2020 2021 2022

Panel A. Dependent variable = % Higher Studies

2017 1.000
2018 0.031 0.969
2019 0.000 0.778 0.222
2020 0.021 0.637 0.086 0.256
2021 0.067 0.605 0.008 0.138 0.182
2022 0.140 0.535 0.006 0.032 0.040 0.247
2023 0.000 0.035 0.000 0.285 0.000 0.000 0.680

Panel B. Dependent variable = % Placed

2017 1.000
2018 0.473 0.527
2019 0.330 0.058 0.612
2020 0.268 0.018 0.332 0.382
2021 0.225 0.044 0.284 0.121 0.326
2022 0.041 0.000 0.290 0.062 0.000 0.607
2023 0.149 0.000 0.079 0.000 0.000 0.400 0.373

Panel C. Dependent variable = Salary (1,000 INR)

2017 1.000
2018 0.343 0.657
2019 0.096 0.207 0.697
2020 0.030 0.000 0.074 0.896
2021 0.000 0.028 0.048 0.350 0.575
2022 0.000 0.000 0.000 0.178 0.563 0.259
2023 0.143 0.000 0.000 0.000 0.299 0.186 0.372

Notes: We report the pre-treatment time weights separately for each adoption cohort. In the post-treatment period,
the time weights are uniform and equal to 1

# of post-treatment years . Values reported as “0.000” are not necessarily exact
zeros; they may reflect very small positive weights rounded to three decimals.
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F Additional Table

TABLE F1: Effects of AI Center Establishment on Log Specifications of Graduate Out-
comes: Four-Year Undergraduate Programs

(1) (2) (3) (4) (5) (6)
VARIABLES Ln(% Placed) Ln(Salary (1,000 INR))

SDID CS BJS SDID CS BJS

Treatment 0.072** 0.063** 0.063** 0.038 0.027 0.042
(0.032) (0.028) (0.025) (0.034) (0.031) (0.031)

Placebo SE [0.039]* [0.042]

2016 Mean -0.33 -0.032 -0.032 0.042 6.26 6.26
No. of Institutions 72 105 107 72 105 107
N 648 855 844 648 855 857

Notes: We employ three estimation methods on the institution–year panel data. Columns (1) and (4) report esti-
mates from the synthetic difference-in-differences (SDID) method with staggered adoption (Arkhangelsky et al.,
2021). Columns (2) and (5) report estimates from the staggered DID method (Callaway and Sant’Anna, 2021), and
columns (3) and (6) report estimates from the DID imputation method (Borusyak et al., 2024). Standard errors,
shown in parentheses, are computed using bootstrap inference with 999 replications for columns (1) and (4); ro-
bust asymptotic standard errors for columns (2) and (5); and standard errors clustered at the institution level for
columns (3) and (6). We additionally report standard errors computed using placebo inference with 999 replica-
tions for columns (1) and (4) as a robustness check. “Ln(% Place)” = The logarithm of the placement rate, defined
as the proportion of graduates from four-year undergraduate programs who obtained employment. “Ln(Salary
(1,000 INR))” = The logarithm of the median salary of employed graduates from four-year undergraduate pro-
grams, expressed in thousands of Indian Rupees (1,000 INR). All monetary variables are converted to real terms
using the CPI (2016 = 100). “2016 Mean” is the average value of the respective variable in 2016. Significance levels
are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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G Robustness Checks

G.1 Full Sample

TABLE G1: Effects of AI Center Establishment on Graduate Outcomes: Four-Year Under-
graduate Programs (Full Sample)

(1) (2) (3) (4) (5) (6)
VARIABLES % Higher Studies % Placed Salary (1,000 INR)

CS BJS CS BJS CS BJS

Treatment -0.023** -0.010 0.035* 0.032** 37.954* 58.296**
(0.011) (0.009) (0.018) (0.016) (22.564) (22.905)

2016 Mean 0.11 0.11 0.70 0.70 458.88 458.88
No. of Institutions 250 253 250 253 250 253
N 1,557 1,560 1,530 1,557 1,557 1,560

Notes: We employ two estimation methods on the full institution–year panel dataset. Columns (1), (3), and (5) re-
port estimates from the staggered DID method (Callaway and Sant’Anna, 2021), and columns (2), (4), and (6) report
estimates from the DID imputation method (Borusyak et al., 2024). Standard errors, shown in parentheses, are robust
and asymptotic standard errors for columns (1), (3), and (5); and standard errors clustered at the institution level for
columns (2), (4), and (6). “% Higher Studies” = The proportion of graduates from four-year undergraduate programs
who pursue higher studies. “% Place” = The proportion of graduates from four-year undergraduate programs who
obtained employment. “Salary (1,000 INR)” = The median salary of employed graduates from four-year undergradu-
ate programs, expressed in thousands of Indian Rupees (1,000 INR). All monetary variables are converted to real terms
using the CPI (2016 = 100). “2016 Mean” is the average value of the respective variable in 2016. Significance levels are
indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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TABLE G2: Impact of AI Center Establishment on Capital & Operating Expenditures (Full
Sample)

(1) (2) (3) (4) (5) (6) (7)
Capital Expenditures Operating Expenditures

VARIABLES Library Equipment Eng. Workshops Other Cap. Salaries Maintenance Seminars

Panel A. CS

Treatment -2.812 45.633 -3.771 13.983 147.241** 67.525 -1.605
(2.251) (34.296) (6.693) (16.278) (66.936) (73.182) (5.448)

2016 Mean 13.86 60.49 10.82 42.01 363.96 230.10 7.37
No. of Institutions 256 256 256 256 256 256 256
N 1,601 1,601 1,601 1,601 1,601 1,601 1,601

Panel B. BJS

Treatment -1.528 74.681** -12.530*** 13.482 165.604*** 141.646*** 0.430
(1.620) (30.234) (4.785) (16.982) (48.935) (52.646) (3.034)

2016 Mean 13.86 60.49 10.82 42.01 363.96 230.10 7.37
No. of Institutions 256 256 256 256 256 256 256
N 1,601 1,601 1,601 1,601 1,601 1,601 1,601

Notes: We employ two estimation methods on the full institution–year panel dataset. Panel A reports estimates from the staggered DID method (Callaway and Sant’Anna,
2021), and Panel B reports estimates from the DID imputation method (Borusyak et al., 2024). Standard errors, reported in parentheses, are robust and asymptotic standard
errors in Panel A, and standard errors clustered at the institution level in Panel B. “Library” = The annual capital expenditure on library including books, journals, and
e-Resources. “Equipment” = The annual capital expenditure on new equipment and software for laboratories. “Eng. Workshops” = The annual capital expenditure on
establishing or upgrading engineering workshops, including machinery and tools. “Other Cap.” = The annual capital expenditure on the creation of other capital assets,
such as setting up classrooms, seminar halls, conference halls, libraries, laboratories, and engineering workshops, excluding expenditure on land and buildings. “Salaries”
= The annual operating expenditure on salaries for teaching and non-teaching staff. “Maintenance” = The annual operating expenditure on the maintenance of academic
infrastructure, consumables, and other running expenses (excluding maintenance of hostels and allied services, building rent, depreciation costs, etc.). “Seminar” = The
annual operating expenditure on organizing seminars, conferences, and workshops, including event logistics, materials, and related recurring costs. The units of all outcome
variables are in million INR. All monetary variables are converted to real terms using the CPI (2016 = 100). “2016 Mean” is the average value of the respective variable in
2016. Significance levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.

TABLE G3: Impact of AI Center Establishment on Research Projects (Full Sample)

(1) (2) (3) (4) (5) (6)
Sponsored Research Consultancy Projects

VARIABLES # of Projects # of Agencies Total Amount # of Projects # of Agencies Total Amount
(million INR) (million INR)

Panel A. CS

Treatment 33.783* 10.149 65.680* -16.783 -30.664 12.613
(17.332) (6.203) (35.347) (44.828) (67.917) (10.068)

2018 Mean 59.99 18.73 112.34 87.54 182.21 28.76
No. of Institutions 215 215 215 215 215 215
N 1,111 1,111 1,111 1,111 1,111 1,111

Panel B. BJS

Treatment 27.077 8.533 50.003 -27.315 -32.211 16.441
(18.144) (5.931) (32.677) (40.870) (67.015) (10.181)

2018 Mean 59.99 18.73 112.34 87.54 182.21 28.76
No. of Institutions 215 215 215 215 215 215
N 1,111 1,111 1,111 1,111 1,111 1,111

Notes: We employ two estimation methods on the full institution–year panel dataset. Panel A reports estimates from the staggered DID method (Callaway and Sant’Anna,
2021), and Panel B reports estimates from the DID imputation method (Borusyak et al., 2024). Standard errors, reported in parentheses, are robust and asymptotic standard
errors in Panel A, and standard errors clustered at the institution level in Panel B. Columns (1)–(3) report the results for sponsored research projects, while columns
(4)–(6) present the results for consultancy projects. “# of Projects” = The total number of sponsored projects at the institution level in column (1) and the total number of
consultancy projects in column (4) “# of Agencies” = The total number of funding agencies in column (2) and the total number of client organizations in column (5). “Total
Amount (million INR)” = The total funding received for sponsored research projects in column (3) and the total amount received for consultancy projects in column (6).
The units of outcome variables in columns 3 and 6 are in million INR. All monetary variables are converted to real terms using the CPI (2016 = 100). “2018 Mean” is the
average value of the respective variable in 2018. Significance levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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G.2 Restricting to Top 50 Institutions

TABLE G4: Effects of AI Center Establishment on Student Outcomes: Four-Year Under-
graduate Programs (Top-50 Sample)

(1) (2) (3) (4) (5) (6) (7) (8) (9)
VARIABLES % Higher Studies % Placed Salary (1,000 INR)

SDID CS BJS SDID CS BJS SDID CS BJS

Treatment -0.006 -0.016 -0.003 0.057** 0.051** 0.055*** 23.271 4.571 44.306
(0.020) (0.018) (0.011) (0.027) (0.026) (0.019) (35.392) (34.066) (29.106)

Placebo SE [0.022] [0.032]* [34.248]

2016 Mean 0.11 0.11 0.10 0.74 0.74 0.74 689.42 689.42 689.42
No. of Institutions 45 46 107 45 46 46 45 46 46
N 405 413 413 405 413 413 405 413 413

Notes: We employ three estimation methods on the institution–year panel, restricting the sample to institutions with an average ranking of 50 or better. Columns
(1), (4), and (7) report estimates from the synthetic difference-in-differences (SDID) method with staggered adoption (Arkhangelsky et al., 2021). Columns (2),
(5), and (8) report estimates from the staggered DID method (Callaway and Sant’Anna, 2021), and columns (3), (6), and (9) report estimates from the DID
imputation method (Borusyak et al., 2024). Standard errors, shown in parentheses, are computed using bootstrap inference with 999 replications for columns
(1), (4), and (7); robust asymptotic standard errors for columns (2), (5), and (8); and standard errors clustered at the institution level for columns (3), (6), and (9).
We additionally report standard errors computed using placebo inference with 999 replications for columns (1), (4), and (7) as a robustness check. “% Higher
Studies” = The proportion of graduates from four-year undergraduate programs who pursue higher studies. “% Place” = The proportion of graduates from
four-year undergraduate programs who obtained employment. “Salary (1,000 INR)” = The median salary of employed graduates from four-year undergraduate
programs, expressed in thousands of Indian Rupees (1,000 INR). All monetary variables are converted to real terms using the CPI (2016 = 100). “2016 Mean” is
the average value of the respective variable in 2016. Significance levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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TABLE G5: Impact of AI Center Establishment on Capital & Operating Expenditures (Top-
50 Sample)

(1) (2) (3) (4) (5) (6) (7)
Capital Expenditures Operating Expenditures

VARIABLES Library Equipment Eng. Workshops Other Cap. Salaries Maintenance Seminars

Panel A. SDID

Treatment 2.456 189.601* -28.484 1.398 360.987** 157.868 -4.320
Bootstrapped SE (4.777) (115.224) (28.959) (36.102) (169.710) (202.598) (13.496)
Placebo SE [4.665] [40.807]*** [10.876]*** [46.038] [117.763]*** [144.617] [8.942]

2016 Mean 39.34 188.64 35.01 93.12 815.27 558.64 23.41
No. of Institutions 45 45 45 45 45 45 45
N 405 405 405 405 405 405 405

Panel B. CS

Treatment -2.492 98.207 -21.667 8.585 347.744** 156.808 -8.754
(4.153) (84.589) (28.782) (32.477) (172.005) (198.345) (18.244)

2016 Mean 38.60 184.55 34.26 91.55 800.05 546.84 22.96
No. of Institutions 47 47 47 47 47 47 47
N 416 416 416 416 416 416 416

Panel C. BJS

Treatment 0.108 146.851*** -35.837*** 7.278 367.693*** 294.682*** 2.789
(3.664) (52.615) (7.244) (30.386) (97.979) (105.870) (9.154)

2016 Mean 38.60 184.55 34.26 91.55 800.05 546.84 22.96
No. of Institutions 47 47 47 47 47 47 47
N 416 416 416 416 416 416 416

Notes: We employ three estimation methods on the institution–year panel, restricting the sample to institutions with an average ranking of 50 or better. Panel A reports
estimates from the synthetic difference-in-differences (SDID) method with staggered adoption (Arkhangelsky et al., 2021). Panel B reports estimates from the staggered DID
method (Callaway and Sant’Anna, 2021), and Panel C reports estimates from the DID imputation method (Borusyak et al., 2024). Standard errors, reported in parentheses,
are obtained using bootstrap inference with 999 repetitions in Panel A, robust and asymptotic standard errors in Panel B, and standard errors clustered at the institution
level in Panel C. We additionally report standard errors computed using placebo inference with 999 replications in Panel A as a robustness check. “Library” = The annual
capital expenditure on library including books, journals, and e-Resources. “Equipment” = The annual capital expenditure on new equipment and software for laboratories.
“Eng. Workshops” = The annual capital expenditure on establishing or upgrading engineering workshops, including machinery and tools. “Other Cap.” = The annual capital
expenditure on the creation of other capital assets, such as setting up classrooms, seminar halls, conference halls, libraries, laboratories, and engineering workshops, excluding
expenditure on land and buildings. “Salaries” = The annual operating expenditure on salaries for teaching and non-teaching staff. “Maintenance” = The annual operating
expenditure on the maintenance of academic infrastructure, consumables, and other running expenses (excluding maintenance of hostels and allied services, building rent,
depreciation costs, etc.). “Seminar” = The annual operating expenditure on organizing seminars, conferences, and workshops, including event logistics, materials, and related
recurring costs. The units of all outcome variables are in million INR. All monetary variables are converted to real terms using the CPI (2016 = 100). “2016 Mean” is the average
value of the respective variable in 2016. Significance levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.

56



TABLE G6: Impact of AI Center Establishment on Research Projects (Top-50 Sample)

(1) (2) (3) (4) (5) (6)
Sponsored Research Consultancy Projects

VARIABLES # of Projects # of Agencies Total Amount # of Projects # of Agencies Total Amount
(million INR) (million INR)

Panel A. SDID

Treatment 70.964 26.235* 113.653 0.186 73.319 55.187
Bootstrapped SE (46.542) (15.150) (83.717) (62.667) (45.992) (46.786)
Placebo SE [30.009]*** [6.093]*** [33.890]*** [95.949] [102.748] [17.487]***

2018 Mean 147.66 35.77 360.91 129.95 252.82 75.84
No. of Institutions 44 44 44 44 44 44
N 308 308 308 308 308 308

Panel B. CS

Treatment 65.816* 27.508** 97.751 14.621 69.997 53.680
(37.854) (14.053) (64.300) (54.611) (45.975) (41.114)

2018 Mean 167.46 40.52 451.98 137.96 264.91 100.11
No. of Institutions 44 44 44 106 44 44
N 308 308 308 308 308 308

Panel C. BJS

Treatment 57.885 23.932* 7.619 -6.524 60.735 68.472
(42.717) (12.526) (93.007) (52.586) (48.978) (44.009)

2018 Mean 167.46 40.52 451.98 137.96 264.91 100.11
No. of Institutions 44 44 44 106 44 44
N 308 308 308 308 308 308

Notes: We employ three estimation methods on the institution–year panel (2018-2024), restricting the sample to institutions with an average ranking of 50 or better. Panel
A reports estimates from the synthetic difference-in-differences (SDID) method with staggered adoption (Arkhangelsky et al., 2021). Panel B reports estimates from the
staggered DID method (Callaway and Sant’Anna, 2021), and Panel C reports estimates from the DID imputation method (Borusyak et al., 2024). Standard errors, reported
in parentheses, are obtained using bootstrap inference with 999 repetitions in Panel A, robust and asymptotic standard errors in Panel B, and standard errors clustered at
the institution level in Panel C. We additionally report standard errors computed using placebo inference with 999 replications in Panel A as a robustness check. Columns
(1)–(3) report the results for sponsored research projects, while columns (4)–(6) present the results for consultancy projects. “# of Projects” = The total number of sponsored
projects at the institution level in column (1) and the total number of consultancy projects in column (4) “# of Agencies” = The total number of funding agencies in column
(2) and the total number of client organizations in column (5). “Total Amount (million INR)” = The total funding received for sponsored research projects in column (3)
and the total amount received for consultancy projects in column (6). The units of outcome variables in columns 3 and 6 are in million INR. All monetary variables are
converted to real terms using the CPI (2016 = 100). “2018 Mean” is the average value of the respective variable in 2018. Significance levels are indicated as follows: * p <
0.1, ** p < 0.05, *** p < 0.01.
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G.3 Student Compositions: Share of Within-State Students

TABLE G7: Effects of AI Center Establishment on Share of Within-State Students: Four-
Year Undergraduate Programs

(1) (2) (3)
VARIABLES Share of Within-State Students

SDID CS BJS

Treatment 0.016 0.023 0.031
(0.019) (0.015) (0.019)

Placebo SE [0.022]

2016 Mean 0.43 0.50 0.50
No. of Institutions 56 105 107
N 504 792 794

Notes: We employ three estimation methods on the institution–year panel. Col-
umn (1) reports estimates from the Synthetic Difference-in-Differences (SDID)
method with staggered adoption (Arkhangelsky et al., 2021). Column (2) reports
estimates from the staggered DID method (Callaway and Sant’Anna, 2021), and
column (3) reports estimates from the DID imputation method (Borusyak et al.,
2024). Standard errors, reported in parentheses, are computed using bootstrap
inference with 999 replications for column (1), robust asymptotic standard errors
for column (2), and standard errors clustered at the institution level for column
(3). For column (1), we additionally report placebo-inference standard errors
based on 999 replications as a robustness check. “2016 Mean” is the average
value of the respective variable in 2016. Significance levels are indicated as fol-
lows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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G.4 Additional Controls

TABLE G8: Effects of AI Center Establishment on Graduate Outcomes: Four-Year Under-
graduate Programs (Additional Controls)

(1) (2) (3) (4) (5) (6)
VARIABLES % Higher Studies % Placed Salary (1,000 INR)

CS BJS CS BJS CS BJS

Panel A. Including state fixed effects

Treatment -0.047** -0.010 0.031 0.038** 22.311 66.455***
(0.020) (0.011) (0.022) (0.016) (33.789) (21.975)

2016 Mean 0.10 0.10 0.74 0.74 576.87 576.87
State FE Yes Yes Yes Yes Yes Yes
State-Year FE No No No No No No
No. of Institutions 107 107 107 107 107 107
N 857 857 857 857 857 857

Panel B. Including district-level characteristics × year dummies

Treatment -0.013 0.034** 61.785***
(0.012) (0.015) (21.333)

2016 Mean 0.10 0.74 576.87
State FE No No No
State-Year FE Yes Yes Yes
No. of Institutions 107 107 107
N 857 857 857

Notes: We employ two estimation methods on the institution–year panel dataset. Columns (1), (3), and (5) report esti-
mates from the staggered DID method (Callaway and Sant’Anna, 2021), and columns (2), (4), and (6) report estimates
from the DID imputation method (Borusyak et al., 2024). Standard errors, shown in parentheses, are robust and asymp-
totic standard errors for columns (1), (3), and (5); and standard errors clustered at the institution level for columns (2),
(4), and (6). Panel A additionally includes state fixed effects, whereas Panel B incorporates district-level labor-market
characteristics from 2017 interacted with year dummies. These characteristics, drawn from the Periodic Labor Force
Survey, include the work–population ratio (the number of employed persons relative to the population), the labor-force
participation rate (the number of people in the labor force relative to the population), and the unemployment rate (the
number of unemployed persons relative to the labor force). “% Higher Studies” = The proportion of graduates from
four-year undergraduate programs who pursue higher studies. “% Place” = The proportion of graduates from four-year
undergraduate programs who obtained employment. “Salary (1,000 INR)” = The median salary of employed graduates
from four-year undergraduate programs, expressed in thousands of Indian Rupees (1,000 INR). All monetary variables
are converted to real terms using the CPI (2016 = 100). “2016 Mean” is the average value of the respective variable in
2016. Significance levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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TABLE G9: Impact of AI Center Establishment on Capital & Operating Expenditures (Ad-
ditional Controls)

(1) (2) (3) (4) (5) (6) (7)
Capital Expenditures Operating Expenditures

VARIABLES Library Equipment Eng. Workshops Other Cap. Salaries Maintenance Seminars

Panel A. CS, Including state fixed effects

Treatment -2.883 44.158 -6.867 59.703** 191.734** 126.000 -3.714
(3.709) (51.095) (11.000) (28.200) (88.448) (130.967) (9.495)

2016 Mean 23.84 109.98 18.78 78.23 551.41 378.77 12.95
State FE Yes Yes Yes Yes Yes Yes Yes
State-Year FE No No No No No No No
No. of Institutions 110 110 110 110 110 110 110
N 893 893 893 8931 893 893 893

Panel B. BJS, Including state fixed effects

Treatment -0.766 91.324*** -24.972*** 16.805 216.798*** 202.209*** 0.954
(2.216) (33.969) (5.018) (23.684) (60.786) (65.199) (4.948)

2016 Mean 23.84 109.98 18.78 78.23 551.41 378.77 12.95
State FE Yes Yes Yes Yes Yes Yes Yes
State-Year FE No No No No No No No
No. of Institutions 110 110 110 110 110 110 110
N 893 893 893 8931 893 893 893

Panel C. BJS, Including district-level characteristics × year dummies

Treatment -0.765 92.488*** -24.442*** 26.633 207.994*** 215.864*** -0.481
(2.410) (34.792) (5.047) (24.835) (61.704) (67.287) (4.854)

2016 Mean 23.84 109.98 18.78 78.23 551.41 378.77 12.95
State FE No No No No No No No
State-Year FE Yes Yes Yes Yes Yes Yes Yes
No. of Institutions 110 110 110 110 110 110 110
N 893 893 893 893 893 893 8937

Notes: We employ two estimation methods on the institution–year panel dataset. Panel A reports estimates from the staggered DID method (Callaway and Sant’Anna,
2021), and Panels B and C report estimates from the DID imputation method (Borusyak et al., 2024). Standard errors, reported in parentheses, are robust and asymptotic
standard errors in Panel A, and standard errors clustered at the institution level in Panels B and C. Panels A and B additionally include state fixed effects, while Panel C
incorporates district-level labor-market characteristics from 2017 interacted with year dummies. These characteristics, drawn from the Periodic Labor Force Survey, include
the work–population ratio (the number of employed persons relative to the population), the labor-force participation rate (the number of people in the labor force relative to
the population), and the unemployment rate (the number of unemployed persons relative to the labor force). “Library” = The annual capital expenditure on library including
books, journals, and e-Resources. “Equipment” = The annual capital expenditure on new equipment and software for laboratories. “Eng. Workshops” = The annual capital
expenditure on establishing or upgrading engineering workshops, including machinery and tools. “Other Cap.” = The annual capital expenditure on the creation of other
capital assets, such as setting up classrooms, seminar halls, conference halls, libraries, laboratories, and engineering workshops, excluding expenditure on land and buildings.
“Salaries” = The annual operating expenditure on salaries for teaching and non-teaching staff. “Maintenance” = The annual operating expenditure on the maintenance of
academic infrastructure, consumables, and other running expenses (excluding maintenance of hostels and allied services, building rent, depreciation costs, etc.). “Seminar”
= The annual operating expenditure on organizing seminars, conferences, and workshops, including event logistics, materials, and related recurring costs. The units of all
outcome variables are in million INR. All monetary variables are converted to real terms using the CPI (2016 = 100). “2016 Mean” is the average value of the respective
variable in 2016. Significance levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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TABLE G10: Impact of AI Center Establishment on Research Projects (Additional Con-
trols)

(1) (2) (3) (4) (5) (6)
Sponsored Research Consultancy Projects

VARIABLES # of Projects # of Agencies Total Amount # of Projects # of Agencies Total Amount
(million INR) (million INR)

Panel A. CS, Including state fixed Effects

Treatment 38.246 11.985 75.739* -51.701 -13.846 2.788
(27.276) (9.390) (41.745) (72.055) (84.041) (9.884)

2018 Mean 90.50 26.32 204.78 134.70 233.97 49.92
No. of Institutions 106 106 106 106 106 106
N 682 682 682 682 682 682

Panel B. BJS, Including state fixed effects

Treatment 36.810 10.960 59.612 -28.395 -80.479 17.421*
(25.600) (8.192) (39.390) (53.357) (99.852) (10.374)

2018 Mean 90.50 26.32 204.78 134.70 233.97 49.92
No. of Institutions 106 106 106 106 106 106
N 682 682 682 682 682 682

Panel C. BJS, Including district-level characteristics × year dummies

Treatment 38.151 12.531 66.698* -20.911 -74.815 18.516*
(25.762) (8.390) (39.767) (54.551) (97.137) (10.877)

2018 Mean 90.50 26.32 204.78 134.70 233.97 49.92
No. of Institutions 106 106 106 106 106 106
N 682 682 682 682 682 682

Notes: We employ two estimation methods on the full institution–year panel dataset. Panel A reports estimates from the staggered DID method (Callaway and Sant’Anna,
2021), and Panels B and C report estimates from the DID imputation method (Borusyak et al., 2024). Standard errors, reported in parentheses, are robust and asymptotic
standard errors in Panel A, and standard errors clustered at the institution level in Panels B and C. Panels A and B additionally include state fixed effects, while Panel
C incorporates district-level labor-market characteristics from 2017 interacted with year dummies. These characteristics, drawn from the Periodic Labor Force Survey,
include the work–population ratio (the number of employed persons relative to the population), the labor-force participation rate (the number of people in the labor force
relative to the population), and the unemployment rate (the number of unemployed persons relative to the labor force). Columns (1)–(3) report the results for sponsored
research projects, while columns (4)–(6) present the results for consultancy projects. “# of Projects” = The total number of sponsored projects at the institution level in
column (1) and the total number of consultancy projects in column (4) “# of Agencies” = The total number of funding agencies in column (2) and the total number of client
organizations in column (5). “Total Amount (million INR)” = The total funding received for sponsored research projects in column (3) and the total amount received for
consultancy projects in column (6). The units of outcome variables in columns 3 and 6 are in million INR. All monetary variables are converted to real terms using the CPI
(2016 = 100). “2018 Mean” is the average value of the respective variable in 2018. Significance levels are indicated as follows: * p < 0.1, ** p < 0.05, *** p < 0.01.
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H Stylized Conceptual Model

This section provides a formal version of the two-barrier conceptual framework described
in Section 5.2. The model captures how institutional differences in baseline preparedness
and outside options generate the heterogeneous treatment patterns estimated in the main
text.

Let institutions differ along two pre-treatment characteristics:

• θi: baseline AI-complementary preparedness (capturing institutional selectivity, aca-
demic strength, and geographic diversity of cohorts), and

• ψi: outside-option index (capturing access to high-return labor markets and histori-
cal socioeconomic disadvantage of cohorts).

AI-center establishment introduces a productivity shock A > 0 to the production of
AI-complementary skills. The institution-level stock of employable AI skills is

Si = f (θi, A), fθ > 0, fA > 0, fθA > 0,

where fθA > 0 captures the complementarity between institutional preparedness and
the AI-center investment.

Placement Barrier Graduates are placed into AI-intensive occupations if aggregate skills
exceed a threshold T:

Placementi = 1{Si ≥ T}.

The derivative ∂Si
∂A is larger for institutions with higher θi, implying that placement gains

are increasing in baseline preparedness:

∂Placementi

∂A
increases in θi.

Wage-Growth Barrier Conditional on placement, wages reflect both AI-intensive re-
turns and counterfactual outside options:

wi = w0 + g(Si)− ψi,

where g′(Si) > 0 and institutions with weaker outside options (lower ψi) realize larger
proportional wage gains from crossing the placement barrier:

∂wi

∂A
increases as ψi decreases.
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Implications. The model yields two predictions:

1. Institutions with higher θi (more selective, more mobile cohorts) exhibit larger post-
treatment placement gains.

2. Institutions with lower ψi (historically disadvantaged or locally anchored cohorts)
exhibit larger proportional wage gains conditional on placement.

These predictions align with the empirical heterogeneity patterns documented in Sec-
tion 5.3.
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