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The AIFE Engine: A Computational Framework to Quantify and Forecast the
Great Labor Reallocation

Abstract

Artificial intelligence is transforming labor markets around the world, yet we do not completely understand its

effects on individuals. Previous research has used aggregated data and proxies, which fails to isolate the impact of

AI on different tiers of the workforce. Thus, we investigated whether AI penetration in firms has a causal effect on

the displacement of routine labor and the complementarity of creative and complex work.

Our dataset includes over 100 million different job postings from 2015 to 2024. Using this dataset, we developed

a knowledge distillation system that trains an efficient student model using accurate LLM outputs as the teacher.

The results were validated against 9,500 human labels. Each job posting was then categorized as routine, complex

or creative and given an intensity score, producing a massive panel across 72 countries.

Our results show that one unit increase in AI intensity reduced routine labor demand by 2.1 percentage points and

increased creative labor demand by 1.8 percentage points. The effects strengthened over three years after adoption

and were twice as large in countries with higher income. To prove the causality of our preliminary results, we used

econometric methods such as event study and instrumental variable. We also created a forecasting system using

semantic embedding features and a temporal deep learning model. Compared to established baseline models, the

model reduced prediction errors by 18-31%. We conclude that AI adoption is driving a structural reallocation of

labor demand, as it substitutes for routine labor and complements complex and creative labor.

Keywords: Large Language Models (LLMs); Computational Social Science; Labor Market Dynamics;

Time-Series Forecasting; Extreme Gradient Boosting (XGBoost); Natural Language Processing (NLP).
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1 Introduction
In recent years, artificial intelligence (AI), represented
by machine learning, large language models (LLMs),
and automation technologies, has penetrated economic
and social sectors at an unprecedented pace, reshaping
the global labor market landscape. Yet, this process
is inherently double-edged: AI is not only substituting
repetitive labor but also spawning new occupations such
as “prompt engineers” and “AI ethicists”. This duality
has ignited a heated and ongoing debate between policy
makers, industry leaders, and scholars. Despite considerable
discussion, our understanding of the current impact of AI
on the labor market remains surprisingly unclear, often
fluctuating between optimistic predictions and dystopian
anxieties. Furthermore, the current market is characterized
by a high degree of uncertainty and a high sense of urgency
and requires immediate insight into the unprecedented
influence of AI on the labor market.

Significant gaps persist in existing research regarding
the microlevel mechanisms through which AI specifically
affects labor demand. On one hand, much of the
literature focuses on macro-level effects (e.g., industry-level
employment substitution rates) or single mechanisms (e.g.,
“substitution effect” or “creation effect”). On the other hand,
AI application is often measured using superficial methods
like keyword searches (e.g., “AI” or “machine learning”),
which fail to capture the actual depth of AI penetration in
enterprises. Coupled with unresolved endogeneity issues
(e.g., high-skill enterprises may proactively adopt AI and
adjust labor structures), these limitations undermine the
reliability of causal inferences. Additionally, critical issues
such as the generative logic of emerging occupations and
the dynamic changes in skill premiums still lack empirical
support from microlevel data. Current research also lacks a
framework that effectively predicts future AIFE trajectories.

To address these gaps, this study rigorously analyzes the
realistic impact of AI on the labor market. Rather than
relying on traditional proxies, we employ a large-scale
dataset of over 100 million online job postings gathered
from major international recruitment websites between 2015
and 2024. To accurately measure AI’s influence, our paper
constructs a novel indicator, “Employment AI Intensity
(AIFE)”, which systematically quantifies the extent to
which specific occupations are susceptible to transformation
driven by AI integration. Subsequently, due to the
unstructured and high-dimensional nature of web-scraped
data, we employ a novel, three-stage Knowledge Distillation
pipeline consisting of entity resolution, teacher–student
distillation with human-in-the-loop calibration, and
systematic evaluation against established baseline methods.

This guarantees the accuracy and applicability of our dataset.
We then identify the descriptive evidence that emerges from
deploying the validated AIFE pipeline on the corpus.

We further apply econometric methods to establish causality
and alleviate endogeneity, thus ensuring the validity of
our findings. We first construct a Two-Way Fixed Effects
(TWFE) model to isolate the effects of changes in AIFE on
labor composition, controlling for time-invariant firm traits
and time-varying industry-level stimuli. We proceed to
verify the Parallel Trends Hypothesis through implementing
a dynamic event-study design, addressing the influence of
heterogeneous treatment effects across cohorts. Finally,
we alleviate remaining endogeneity concerns through
employing a novel, Bartik-Style Shift-Share Instrumental
Variable.

In response to the lack of future-oriented, predictive
frameworks of AIFE trajectories, we develop a predictive
pipeline for firm-level AI adoption by introducing
Semantic Leading Indicators (SLIs), high-dimensional
features derived from model embeddings, to detect
adoption momentum that remains latent in traditional
scalar scores. These indicators are integrated into a
Temporal Fusion Transformer (TFT), which utilizes a novel
causal-consistency regularizer to align predictions with
empirical economic constraints. By pairing these forecasts
with conformal prediction for distribution-free uncertainty
quantification, the pipeline generates displacement early
warnings that map predicted AI trajectories to specific,
calibrated declines in routine labor demand.

Figure 1. The Complexity of Artificial Intelligence Technologies

Our findings make clear that artificial intelligence is
reshaping work. AI readily takes over routine manual and
cognitive tasks, yet it also amplifies the importance of roles
that require analysis, creativity, and judgment. Perhaps
most striking, it is spawning entirely new kinds of jobs, both
in AI-focused industries and across the broader economy.
The pattern is already visible. Routine- level positions
such as administrative clerks and assembly-line operators
are in decline. On the other hand, demand is surging
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for jobs that require higher levels of creativity, such as
data analysts, research and development specialists, and AI
practitioners. As this shift unfolds, workers who bring skills
that complement AI are beginning to command a premium
in the labor market, signaling a broader revaluation of
expertise. To speak of ”AI replacing jobs” is fundamentally
misinterpreting and oversimplifying the situation. AI is
less a job-destroyer than a job reconfigurer, transforming
occupations, creating new pathways for work, and opening
space for richer forms of collaboration between humans and
machines.

This paper makes three contributions, structured as a
progression from measurement to causal identification to
prospective application.

1. A scalable knowledge distillation pipeline for
economic measurement (§4). Our primary contribution
is methodological. The AIFE pipeline distills
the reasoning capabilities of a frontier LLM into
a high-throughput encoder, processing 100 million
documents at a total cost of $410. Systematic
evaluation against eight baselines—including keyword
dictionaries, published exposure indices (Webb, 2020;
Felten et al., 2021), GPT-4o zero-shot, and fine-tuned
BERT—demonstrates that the full pipeline achieves
ρ = 0.931 with human consensus, a 91% improvement
over keyword methods and a 16% improvement over
GPT-4o zero-shot.

2. Credible causal evidence at the firm level (§5).
We provide the first firm-level causal estimates of
AI adoption on hiring composition using a global
dataset. The combination of event-study dynamics
(with parallel-trends validation), heterogeneity-robust
difference-in-differences, and a shift-share IV strategy
constitutes a multi-pronged identification approach that
addresses the key threats to validity.

3. A predictive early warning system with
distribution-free uncertainty quantification (§6).
Because the causal analysis quantifies the downstream
consequences of AIFE increases, predicting AIFE
trajectories is equivalent to predicting labor market
disruption with known effect sizes. We introduce
Semantic Leading Indicators (SLIs), which are features
extracted from the AIFE pipeline’s intermediate
representations that capture adoption momentum
invisible to scalar AIFE histories. We embed these
in a Temporal Fusion Transformer with a novel
causal-consistency regularizer. Conformal prediction
provides distribution-free coverage guarantees on the
resulting displacement forecasts, producing actionable
early warnings of the form: “Firm i will experience a
∆-unit AIFE increase (90% CI: [·, ·]), implying a β̂ ·∆

decline in routine hiring.”

The remainder of this paper is organized as follows: Section
2 reviews the literature, Section 3 and 4 detail our data and
measurement systems, while Sections 5 and 6 present our
causal and predictive results.

2 Literature Review
2.1 Technological Progress and the Labor Market

Early studies on the impact of technological progress
on the labor market were primarily grounded in the
Skill-Biased Technological Change (SBTC) framework
(Katz and Murphy, 1992; Acemoglu and Autor, 2011). This
theory posits that technological change tends to complement
high-skilled labor while substituting for low-skilled labor,
thereby leading to rising skill premiums and increased
income inequality (Goldin and Katz, 2008). However, the
SBTC theory struggles to explain the “job polarization”
phenomenon observed in European and U.S. countries since
the 1990s—where employment growth has occurred in
high-skill and low-skill jobs, while medium-skill jobs have
shrunk (Goos and Manning, 2007; Autor and Dorn, 2013).

To account for this, Routine-Biased Technological Change
(RBTC) theory has gradually become the mainstream
analytical framework (Autor et al., 2003; Acemoglu and
Autor, 2011). RBTC shifts the unit of analysis from
“skills” to “tasks”, emphasizing that technology substitutes
for “routine tasks” rather than labor with specific skill
levels. Autor et al. (2003) further categorize work tasks into
five types: non-routine analytical, non-routine interactive,
non-routine manual, routine cognitive, and routine manual.
This classification better captures the heterogeneous effects
of technology on labor demand.

2.2 The Impact of Artificial Intelligence on Labor
Demand

Research on the mechanisms through which AI affects
labor demand focuses on several dimensions. First, the
displacement effect: AI reduces demand for routine labor by
automating repetitive, rule-based tasks. Technologies based
on machine learning and natural language processing—such
as OCR, RPA, and chatbots—have already been widely
applied in fields like document processing, data entry,
and customer service (Frey and Osborne, 2017). Graetz
and Michaels (2018) found that industrial robot adoption
led to significant reductions in routine manual jobs in
manufacturing. In the Chinese context, Yan et al. (2020)
and Wang and Dong (2020) provided similar evidence. It
has been observed that AI is able to significantly replace
labor demands that can be automated.

Second, the productivity effect: AI enhances enterprise
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productivity and reduces production costs, potentially
boosting labor demand (especially for non-routine cognitive
jobs like R&D, management, and design) through scale
expansion (Brynjolfsson and McAfee, 2014). Bessen (2019)
noted that while automation substitutes for some labor, it
also indirectly creates new jobs by improving total factor
productivity (TFP). Different from the first effect, where AI
replaces repetitive work, AI instead help to boost, but not
replace, jobs that cannot be easily automated and requires
cognitive thinking.

Third, the new task creation effect: Acemoglu and Restrepo
(2018) proposed an “automation–new task balance” model,
emphasizing that technology not only substitutes old
tasks but also creates new ones. Generative AI (e.g.,
GPT, diffusion models) is giving rise to entirely new
occupational fields, such as prompt engineers, AI ethicists,
and data strategists (Eloundou et al., 2023). Felten
et al. (2023) found that high-exposure occupations also
contain substantial augmentation (rather than substitution)
opportunities. Different from previous effects, which only
focus on changes to current job demands, we also account
for AI’s effect on creating new jobs that have never existed
before.

Some scholars have also highlighted the skill restructuring
and skill premium change effect: AI application alters the
structure of skill demand, driving “skill rebalancing.” On
one hand, demand for hard skills (e.g., programming, data
analysis, AI operations) rises; on the other hand, the value of
soft skills (e.g., communication, creativity, ethical judgment)
becomes increasingly prominent (Deming, 2017). The
emergence of generative AI may even weaken traditional
“experience premiums,” enabling low-experience workers to
boost productivity through AI tools (Noy and Zhang, 2023).

2.3 Generative AI and Its Impact on Labor Demand

Generative AI (e.g., large language models), differs
significantly from traditional AI in its impact on the
labor market due to breakthroughs in natural language
understanding, content generation, and complex reasoning.
Generative AI doesn’t just help to reduce mindpower, it
also provides a direct substitution for human labor.Zeng
et al. (2025) argue that generative AI may improve
income distribution across groups—and even narrow income
gaps—through a “capital–skill complementarity” effect.

Zhang and Dan (2025), using Chinese recruitment data,
found that hiring demand for high-exposure occupations
(e.g., accounting, editing, programmers) declined, while
demand for low-exposure occupations (e.g., catering
services, nursing) rose. Eloundou et al. (2023) estimated
that approximately 80% of U.S. workers have at least 10%
of their tasks affected by large language models (LLMs),
with higher exposure among high-education, high-wage

occupations.

In terms of methodology, early studies relied on
occupational codes (Cortés et al., 2016) or surveys (Wang
and Dong, 2020) for classification, facing issues like
strong subjectivity and neglect of intra-occupational task
differences. In recent years, advancements in natural
language processing (NLP)—particularly the application
of LLMs—have enabled fine-grained task classification
based on recruitment texts. Xu et al. (2023) used
the Chinese-BERT-wwm model to classify recruitment
information with a 93% accuracy rate, significantly
improving the precision and scientific rigor of classification.

Recent advances in large-scale foundation models have
substantially improved the capacity of artificial intelligence
systems to perform semantic understanding and task-level
inference from unstructured text. Transformer-based
architectures such as BERT and GPT demonstrate strong
contextual representation learning abilities, enabling
accurate extraction of latent task structures from natural
language corpora (Devlin et al., 2019; Brown et al.,
2020). The scaling properties of large language models
further allow them to generalize across domains and
perform complex classification and reasoning tasks with
limited task-specific supervision (Wei et al., 2022). These
developments provide a technical foundation for leveraging
LLMs to construct high-resolution measures of task
exposure and firm-level AI adoption based on recruitment
text. However, they still pose several risks and lacks.

2.4 Heterogeneous Impacts

Regarding heterogeneous impacts, differences
across enterprises, industries, and regions are key.
Non-state-owned enterprises and high-tech firms are
more likely to adopt AI, leading to more significant labor
structure adjustments (Xu et al., 2023). State-owned
enterprises, due to their greater social responsibility, exhibit
weaker displacement effects of AI on employment (Yin,
2023).

Manufacturing, finance, and IT services are high-frequency
AI application sectors, experiencing the most drastic
changes in labor demand structure (Wang and Dong,
2020). In services, face-to-face interaction-intensive
jobs (e.g., nursing, education) are less affected (Frey
and Osborne, 2017). Among regions, developed
areas—boasting better technological infrastructure and
high-skilled labor agglomeration—benefit more from AI,
whereas less-developed regions face risks of deepening
technological divides (Han et al., 2023). The remote
collaboration features of generative AI may partially
mitigate regional development imbalances (Zeng et al.,
2025). This homogeneity can result in severe overlooks
in traditional methods.
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2.5 Limitations of Current Research

While existing literature provides a solid theoretical
foundation and rich empirical evidence for understanding
AI’s impact on labor demand, it still has several
notable limitations. First, there is a scarcity of global,
high-resolution, firm-level data, as most studies rely on
aggregate statistics or indirect matching methods. Second,
AI adoption is often measured using superficial methods
like keyword searches (e.g., “AI” or “machine learning”),
which fail to accurately quantify the actual depth of AI
penetration in enterprises. Finally, policy research tends
to emphasize macro-level recommendations, often lacking
targeted interventions informed by micro-level mechanisms.

In response to these limitations, we offer a granular
analysis of the consequences of AI adoption on labor
demand at the firm level. We leverage a comprehensive
dataset comprising hundreds of millions of job postings
from around the world, and use novel methods such as
a two-stage Teacher-Student LLM framework to label
our data. Consequently, we provide a quantification of
AI adoption and its heterogeneous effects across states,
accounting for regional differences in economic and
technological development.

From a methodological perspective, recent research
highlights the potential of representation learning and
embedding-based semantic analysis to overcome limitations
of rule-based classification approaches. Deep neural
language models generate high-dimensional semantic
embeddings that capture contextual relationships between
tasks, skills, and technologies, enabling more precise
measurement of technological exposure within firms
(Goodfellow et al., 2016; Devlin et al., 2019). In parallel,
machine learning methods such as gradient boosting have
become widely adopted for high-dimensional predictive
inference due to their robustness to nonlinear relationships
and heterogeneous feature interactions (Chen & Guestrin,
2016). These technical advances suggest that data-driven
measurement frameworks can provide more accurate and
scalable estimates of AI adoption compared to traditional
survey or keyword-based approaches. Building on these
advances in natural language processing and machine
learning, this study develops a data-driven framework that
combines large-scale text analysis with predictive modeling
to quantify firm-level AI exposure with high granularity.

3 Data Engineering
Traditional analyses of labor market dynamics have long
been constrained by the frequency and granularity of official
government statistics. Surveys like the Bureau of Labor
Statistics’ Occupational Employment Statistics (OES) are
typically released with a significant lag and present data at

an aggregate, macroeconomic level. This, in turn, obscures
the high-frequency firm-level adjustments that are central
to understanding the impact of rapid technological change
such as AI.

To overcome these limitations, we turn to a much more
specific approach: online job postings. Our data is sourced
from the class-specific subsets of the Web Data Commons
(WDC) project’s Schema.org extraction. This dataset is built
from the Common Crawl, an authoritative project developed
by major search engines that aims to maintain a standardized
vocabulary for online data. It is also one of the largest and
most comprehensive public web crawls available (2016).
Because our study focuses on labor demand, we focus on
data annotated with the JobPosting type. This data
offers firm-level statistics and observations in numerous
states and industries globally. This helps to account for
homogeneity problems.

Webpages frequently include structured metadata in
JSON-LD, Microdata, or RDFa formats when describing
products, organizations, and in our case, job advertisements.
WDC extracts this metadata and publishes it in the standard
RDF serialization format N-Quads, an easy to parse,
line-based, concrete syntax for RDF data. N-Quads encode
statements in the form ⟨subject, predicate, object, graph
label⟩. Each such “quad” is stored on a separate line,
terminated by a period and a newline.

This unified four-element structure allows for two critical
features. The first three elements form an RDF triple, while
the fourth element — the graph label — typically includes
the source domain (e.g., the pay-level domain from which
the job posting was scraped).

This structure provides two key advantages for our analysis.
It ensures transparency, since every RDF triple can be traced
back to the originating webpage through its graph label,
preserving source information even when large datasets are
merged. It also enables multi-graph support, meaning that
postings from many domains can be combined into a single
dataset without losing the boundaries between their original
sources. Thus, the N-Quads format combines traceability
with the ability to integrate heterogeneous web data.

Contents of a JobPosting Record. A job posting
annotated with schema:JobPosting typically includes
multiple quads. Common fields include:

1. title — e.g., “Software Engineer”

2. hiringOrganization — e.g., the firm name or identifier

3. datePosted — posting date

4. jobLocation — geographic location (city, region,
country)
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5. description — full job description text

6. Optional fields like employmentType, skills,
qualifications, or other metadata if provided by
the employer.

Because each posting becomes a small subgraph (many
quads), we can reconstruct a rich representation of what
the firm is demanding in terms of skills, role, and location
and flag missing data when fields are absent. Hence, the
structured markup allows us to recover firm-level labor
demand signals from raw web pages.

The raw data set comprises all publicly available WDC
JobPosting extractions spanning from January 2015 to
December 2024, encompassing several major tech booms
of the 21st century. The initial dataset consists of
approximately 412 million data quads, which is a vast
but extremely noisy and heterogeneous collection of
job advertisements. In summary, the corpus offers
unprecedented scale but requires substantial cleaning.

From this dataset, we extract the key pieces of information
needed for analysis. First, we recover firm identifiers and
location attributes, including unique firm IDs, country codes,
and related metadata that allow us to link firms across years
and to aggregate outcomes at the regional level. Second,
we retrieve employment-related content contained in the
postings themselves, such as job titles, descriptions, required
skills, and other text fields typically embedded directly in
the webpage or URL. These elements allow us to study
labor demand patterns at a granular, firm-by-firm scale.
Therefore, the extraction step transforms raw quads into
an analysis-ready firm–year panel.

Figure 2. JobPosting property coverage (Circa 2022 Release).

After extraction, the primary advantages of this corpus
become clear. First, its scale and scope provide a
near-census of online job postings, far exceeding the
coverage of proprietary datasets confined to single platforms
and enabling a more comprehensive view of labor demand.
Second, its timeliness—spanning the full 2015–2024
period—allows us to track labor market adjustments over

Figure 3. (a)Annual volume of unique job postings, 2015-2024.
Note that the 2024 statistics is currently available.

nearly a decade marked by rapid technological change.
Hence, the WDC corpus uniquely enables a global,
high-frequency analysis of AI-driven labor demand.

At the same time, because web markup is heterogeneous,
we face challenges common to web-scraped structured data.
The same job may be posted on multiple pages or mirrored
across domains, or encoded redundantly (e.g., both as
Microdata and JSON-LD). Firm names may appear in many
variants (abbreviations, legal suffixes, regional branches),
requiring canonicalization. Some postings may omit key
fields such as location, organization, or description — or
encode them inconsistently. These challenges necessitate
the careful entity resolution and deduplication steps that
follow.

4 The AIFE Measurement System
This section presents the design, implementation, and
validation of our primary instrument: the AI Intensity
for Employment (AIFE) score. The core technical
challenge is the transformation of high-dimensional,
unstructured text—over 100 million job postings spanning
a decade—into a precise, econometrically valid firm-level
panel variable. We address this challenge with a three-stage

Knowledge Distillation Pipeline (Figure 4):
(i) corpus construction and entity resolution (§4.1),
(ii) teacher–student distillation with human-in-the-loop
calibration (§4.2–§4.4), and (iii) systematic evaluation
against baselines (§4.6). We conclude with descriptive
evidence establishing the stylized facts that motivate our
causal analysis (§4.7). In essence, the pipeline converts raw
text into a validated AI adoption score that is both accurate
and scalable.

4.1 Corpus Construction

Our raw data are drawn from the Web Data Commons
(WDC) Schema.org extraction of structured job-posting
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markup from the Common Crawl. The full corpus
comprises approximately 412 million RDF quads, which
after deduplication on the (title, description,
hiringOrganization) triple yield roughly 100
million unique job postings spanning 2015–2024.
Constructing a firm-level panel from this corpus
requires solving two data-engineering problems: entity
canonicalization and representative sample extraction.
Therefore, the first step in the pipeline is to build a clean,
deduplicated, and firm-linked dataset.

4.1.1 ENTITY CANONICALIZATION

Raw employer-name strings exhibit extreme heterogeneity
(e.g., "NVIDIA", "NVIDIA Corp.", "NVIDIA
Corporation - Santa Clara"). We employ
Gemini 2.0 Flash (Google Vertex AI; temperature = 0.0,
top-k = 1) to map each noisy string to a legally registered
entity name, or UNKNOWN if no reliable mapping exists.
The exact prompt is reproduced in Appendix B.

Of 450,617 unique raw name strings observed across
all years, 345,640 resolve to distinct canonical firms
after aggregation, with 23.3% dropped as UNKNOWN or
ambiguous. We examine whether the drop rate varies
systematically across regions in Appendix B; the rate ranges
from 18.7% in North America and Western Europe to
31.2% in Sub-Saharan Africa and South Asia, reflecting
both the prevalence of non-Latin scripts and lower coverage
of the Gemini training corpus. The specific canonicalization
outcome is shown in Appendix A. We discuss implications
for external validity in §5.4. The canonicalization helps
not only to account for extreme heterogeneity problems
impacting clear measurement, but also accounts for
homogeneity problems in previous texts by accounting for
area differences. Thus, entity canonicalization is essential
to link job postings to stable firm identifiers across time.

WDC Corpus
412M documents

Canonicalization
Gemini 2.0 Flash

Sample Extraction
Longest-posting heuristic

100M postings

§4.2

Teacher Model
Gemini 2.0 Flash

Structured prompt + JSON

Labeled
Corpus

~3.1M pairs
Student Model

ModernBERT-large

= reg + cls

Inference
100M postings

$410 total cost

§4.3
4.4

HITL Calibration
9,500 human labels

AIFE Index
Firm × Year panel

Prompt
refinement §4.5 4.6

 Data Processing  Teacher (LLM)  Student (BERT)  Human-in-the-Loop  Output

Figure 4. Our knowledge distillation pipeline

4.1.2 SAMPLE EXTRACTION

To construct a training corpus for the Teacher labeling
stage, we adopt a longest-posting heuristic: for each
canonical firm–year pair, we retain the single posting with
the highest token count. This strategy is motivated by three
considerations. First, longer postings typically contain more
granular descriptions of tasks and technical requirements,

yielding a richer signal for AI intensity. Second, selecting
one posting per firm–year balances the training set at the
firm level, preventing the Student model from overfitting
to the linguistic patterns of high-volume hirers. Third,
it guarantees that each posting fits within the context
window of modern LLMs without truncation. Hence, the
longest-posting heuristic maximizes information density
while maintaining a balanced training set.

This procedure yields 345,640 unique postings per
year—approximately N = 3,110,760 firm–year
observations over the nine-year panel—which serve
as the input corpus for teacher labeling. The full
100-million-posting corpus is reserved for Student inference
at deployment.

We acknowledge that the longest-posting heuristic
introduces a form of selection: it over-represents firms
that produce verbose job descriptions, which tend to be
larger, more professionalized employers. We quantify this
bias and its effect on downstream estimates in the stratified
error analysis (§4.6.5). As a result, the training sample
skews slightly toward larger firms, a factor we address in
robustness checks.

4.2 Teacher Model: Zero-Shot Scoring

We deploy Gemini 2.0 Flash as the Teacher to produce
high-fidelity soft labels for two prediction targets: (i) the
continuous AIFE score (0–10) and (ii) a three-class
task-content label (ROUTINE, COMPLEX, CREATIVE). The
Teacher model thus generates the high-quality labels needed
to supervise the Student.

4.2.1 GENERATION PARAMETERS

All inference is performed with deterministic decoding:
temperature = 0.0 and top-k = 1, ensuring that
repeated calls with identical input yield identical output.
Safety filters are disabled to prevent false positives
on domain-specific terminology (e.g., “kill process,”
“master/slave architecture”). The model’s 1M-token context
window eliminates the need for input truncation. Therefore,
the deterministic settings guarantee reproducibility of the
teacher labels.

4.2.2 PROMPT DESIGN

The AIFE metric must distinguish between the development
of AI systems and the passive application of AI-embedded
tools—a distinction that standard sentiment or keyword
analysis cannot capture. We enforce this through a
structured prompt that elicits chain-of-thought reasoning
before numeric scoring. The full AIFE prompt (Box 4.2.2)
embeds three design principles:
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1. Anchored rubric. Four ordinal bands (Non-AI,
AI-Aware, AI-Applied, AI-Core) with concrete
exemplars reduce annotator drift.

2. Functional decomposition. The prompt instructs the
model to inventory specific technical skills and to
distinguish “using a tool” from “building a tool.”

3. Buzzword penalty. The model is instructed to discount
vague AI references not supported by concrete technical
requirements.

Consequently, the prompt is engineered to elicit reasoned,
rubric-anchored scores rather than superficial keyword
matching.

LLM Regression Prompt

Role: You are a Senior Technical
Recruiter and Labor Economist with
expertise in Artificial Intelligence
taxonomy.
Objective: Quantify the ‘‘AI
Intensity’’ of the provided job
description on a continuous integer
scale from 0 to 10.
Scoring Rubric:

• 0 (Non-AI): No mention of AI, ML, or
data science. Traditional manual or
cognitive work.

• 1--3 (AI-Aware / Consumer): The role
utilizes software with embedded AI
features (e.g., CRM, BI tools), but
the worker does not configure or
interact with the underlying model
architecture.

• 4--7 (AI-Applied / Implementer): The
role actively applies AI/ML tools to
solve business problems. Requires
understanding of model outputs,
prompt engineering, or configuring
pre-trained systems.

• 8--10 (AI-Core / Developer): The role
involves researching, architecting,
fine-tuning, or deploying AI
models. Requires deep knowledge of
algorithms, loss functions, and model
infrastructure.

Reasoning Constraints: 1. Identify
specific technical skills (e.g.,
PyTorch, TensorFlow, CUDA) vs. general
skills (e.g., Excel).
2. Distinguish between ‘‘using a tool’’
and ‘‘building a tool.’’
3. Penalize buzzword usage not supported
by technical requirements.
Input Data:
Job Title: {JOB TITLE} Description:
{JOB DESCRIPTION}
Output Format (JSON only):
{ "reasoning": "...", "AIFE Score":

[Integer 0--10] }

Task-content classification. A companion prompt
(reproduced in Appendix C) classifies each posting into
one of three categories:

1. Routine. Tasks are repetitive, rule-based, and codifiable.
Success is defined by adherence to a standardized process
(e.g., data entry, assembly, bookkeeping).

2. Complex. Tasks require high-level cognitive processing,
strategic decision-making, and integration of information
under uncertainty (e.g., management, engineering,
surgery).

3. Creative. Tasks require all characteristics of complex
work plus the generation of novel ideas, artifacts, or
solutions (e.g., graphic design, R&D, artistic direction).

Thus, the task-content labels capture the theoretical
distinction between routine, complex, and creative work.

4.3 Student Model: Knowledge Distillation

While the Teacher produces high-quality labels, its latency
and per-token cost are prohibitive at the scale of the
full 100-million-posting corpus. We therefore distill the
Teacher’s knowledge into a compact encoder model that
can be deployed at scale. The Student model provides
a cost-effective surrogate that preserves the Teacher’s
accuracy.

4.3.1 ARCHITECTURE

We select ModernBERT-large (395M parameters) as the
Student backbone for three reasons. First, it supports
a native sequence length of 8,192 tokens via Rotary
Positional Embeddings (RoPE), which is critical because
38.7% of postings in our corpus exceed the 512-token limit
of classical BERT, with relevant technical requirements
often appearing in the tail of the document. Second,
ModernBERT employs Flash Attention 2 (Dao et al.,
2023), yielding ∼ 2× wall-clock speedup over standard
scaled-dot-product attention at equivalent sequence lengths.
Third, its unpadded variable-length batching reduces
memory waste on the heterogeneous-length posting corpus.
Hence, ModernBERT’s long-context and efficient attention
make it ideally suited for processing full job descriptions.

4.3.2 MULTI-TASK FORMULATION

We attach two task-specific heads to the pooled [CLS]
representation of the final Transformer layer:

1. Regression head (AIFE). A two-layer MLP (hidden
size 1,024, GELU activation) projecting to a scalar.
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Optimized with mean squared error:

Lreg =
1

N

N∑
i=1

(
yi − ŷi

)2
. (1)

2. Classification head (Task). A linear layer projecting to
3 logits (ROUTINE, COMPLEX, CREATIVE), optimized
with cross-entropy:

Lcls = −
3∑

c=1

yc log p̂c. (2)

The total loss is L = Lreg + λLcls, with λ = 1.0 (equal
weighting; sensitivity to λ is reported in Appendix G).
The multi-task objective thus forces the Student to learn
both the intensity score and the task-category boundaries
simultaneously.

4.3.3 TRAINING PROTOCOL

From the Teacher-labeled corpus of 345,640 postings
per year, we construct a pooled Student-training dataset
stratified by year and broad industry sector, split
70%/15%/15% into training, validation, and test partitions.
All hyperparameters are tuned on the validation set; final
performance figures are computed exclusively on the
held-out test set.

Training is conducted on a single NVIDIA RTX 4090
GPU with the following configuration: AdamW optimizer
(Loshchilov & Hutter, 2019), learning rate 2×10−5 with
linear warmup over 10% of total steps, batch size 32, weight
decay 0.01, and maximum 3 epochs with early stopping
on validation loss (patience = 1 epoch). Convergence
curves are reported in Appendix G. The fine-tuned Student
achieves an inference throughput approximately 450×
that of the Teacher, enabling deployment across the
full 100-million-posting corpus. Overall, the Student
training procedure is designed to maximize accuracy while
remaining computationally feasible at scale.

Beyond the scalar AIFE score and categorical task label, the
fine-tuned Student encoder produces a 1,024-dimensional
[CLS] representation for each posting. We see that as
a dense embedding that captures fine-grained semantic
information about the nature of AI engagement that the
regression head compresses into a single number. We exploit
these intermediate representations as input features for the
predictive early warning system developed in §6, where
they serve as Semantic Leading Indicators of adoption
trajectories. The extraction requires no additional forward
passes: embeddings are harvested from the same inference
run that produces AIFE scores, at negligible marginal cost.
Thus, the Student model simultaneously outputs a score and
a rich embedding that fuels downstream forecasting.

4.4 Human-in-the-Loop Calibration

Despite deterministic decoding, the Teacher model may
exhibit systematic scoring biases (e.g., under-scoring
non-English postings or anchoring on superficial cues).
We implement a Human-in-the-Loop (HITL) calibration
protocol to detect and correct such biases before distillation.
The HITL step ensures that the distilled labels align with
expert human judgment.

4.4.1 GOLD-STANDARD CONSTRUCTION

For each of the nine observation years (2016–2024), we
draw a stratified random sample of n = 500 postings, with
stratification on three dimensions: (i) geography (developed
/ developing / transition economies, UN M49 classification),
(ii) firm size (terciles by employee count), and (iii) posting
length (terciles by token count). At most one posting
per firm–year is included to avoid overweighting large
employers. The total gold-standard corpus thus comprises
Ngold = 4,500 postings across nine years.

We additionally construct a dedicated evaluation-only gold
standard of Neval = 5,000 postings (500 per year for all
ten years 2015–2024, including the base year), drawn from
the same stratification scheme but with no overlap with the
calibration sample. This separation eliminates circularity
between HITL calibration and downstream evaluation
(§4.6).1 Hence, the gold-standard construction rigorously
separates calibration from evaluation data.

4.4.2 HUMAN LABELING

Two trained research assistants independently code each
gold-standard posting for both the continuous AIFE score
(0–10, granularity 0.5) and the three-class task label, blind to
all model outputs and to each other’s ratings. Coders follow
a 42-page protocol (Appendix D) mirroring the Teacher’s
scoring rubric.

Inter-annotator agreement. On the evaluation gold
standard (N = 5,000), raw agreement before consensus
is Cohen’s κ = 0.83 on the binary label (AI-INTENSIVE:
AIFE ≥ 5; NON-AI: AIFE < 5) and intraclass correlation
ICC(2,1) = 0.89 on the continuous score. Disagreements
exceeding 1.5 points (7.2% of cases) are adjudicated by
a third expert. Final consensus labels constitute the
ground truth for all experiments in §4.6. Year-level
agreement statistics are reported in Appendix E. The high
inter-annotator agreement confirms that the AIFE construct
can be reliably coded by humans.

1In total, 9,500 unique postings receive human labels: 4,500
for calibration and 5,000 for evaluation. No posting appears in
both sets.

11



A Computational Framework to Quantify and Forecast the Great Labor Reallocation

4.4.3 ITERATIVE PROMPT REFINEMENT

We calibrate the Teacher’s prompts via an iterative loop
executed independently for each year:

1. Inference. Run Gemini 2.0 Flash on the n = 500
calibration postings for year t.

2. Evaluation. Compare Teacher predictions against
human consensus: classification accuracy for the task
label; Pearson ρ and MAE for the AIFE score.

3. Error analysis. If accuracy < 90%, inspect the
confusion matrix to identify systematic failure modes
(e.g., confusing Complex management roles with
Routine administrative roles).

4. Refinement. Adjust prompt wording to address
identified failure modes (e.g., sharpening the definition
of “autonomy”); return to step 1.

Across the nine calibration years, the loop converges in
at most 5 iterations (median: 2). Final-iteration metrics
for each year are reported in Appendix F. In all years, the
Teacher surpasses our acceptance thresholds (classification
accuracy ≥ 92%; Pearson ρ ≥ 0.88; MAE ≤ 0.95).
Thus, the iterative prompt refinement successfully aligns the
Teacher with human raters across all years.

4.4.4 POST-HOC SCORE CALIBRATION

After prompt refinement, we apply isotonic regression
(Niculescu-Mizil & Caruana, 2005) to map raw Teacher
AIFE scores to calibrated scores aligned with human
consensus. The calibration function is fit on the
4,500-posting calibration set and is monotone by
construction, preserving the ordinal ranking of postings.
This step corrects residual distributional mismatch between
Teacher outputs and expert judgment (e.g., tendency to
compress scores toward the center of the scale). The
calibrated Teacher labels are then used to train the Student
model. As a result, the isotonic calibration removes
systematic distributional biases in the Teacher’s scoring.

4.5 Index Construction

The fine-tuned Student model is deployed across the full
corpus to produce two firm–year–level indices.

AI Intensity for Employment (AIFE). For firm f in year
t, we define

AIFEft =
1

|Jft|
∑
j∈Jft

Scorej
10

, (3)

where Jft is the set of all postings by firm f in year t and
Scorej ∈ [0, 10] is the Student’s predicted AIFE score for

posting j. Division by 10 normalizes the index to [0, 1].
Thus, AIFE provides a normalized, firm-level summary of
AI adoption intent.

Task Composition. For each firm–year, we compute the
share of postings classified into each task category c ∈
{ROUTINE, COMPLEX, CREATIVE}:

Sc
ft =

|{j ∈ Jft : TaskLabelj = c}|
|Jft|

. (4)

These shares sum to unity and capture the within-firm
composition of labor demand. Consequently, the task shares
directly measure the structural composition of each firm’s
hiring.

4.6 Experimental Evaluation

A measurement instrument is only as credible as its
demonstrated superiority over available alternatives. We
benchmark the full AIFE pipeline against a comprehensive
set of baselines spanning dictionary methods, published
occupation-level indices, prompted large language models,
and ablated variants of our own system. All methods
are evaluated on the held-out evaluation gold standard
(Neval = 5,000), which is disjoint from the calibration
sample used in §4.4. Therefore, the evaluation provides
a fair and rigorous comparison of the AIFE pipeline against
credible alternatives.

4.6.1 EVALUATION PROTOCOL

Metrics. We report two families of metrics. For
continuous AIFE prediction, we report Pearson
correlation (ρ), Spearman rank correlation (ρs), mean
absolute error (MAE), root mean squared error (RMSE),
and coefficient of determination (R2). For binary
AI-intensity classification (AI-INTENSIVE: AIFE ≥ 5.0;
NON-AI: AIFE < 5.0), we report accuracy, precision,
recall, macro-F1, and area under the ROC curve (AUC). All
metrics are computed on the full evaluation set. We report
95% bootstrap confidence intervals (10,000 resamples,
bias-corrected and accelerated) and assess pairwise
significance against the full pipeline via two-sided paired
bootstrap tests (Efron & Tibshirani, 1994) at α = 0.05.
Thus, the evaluation employs a comprehensive set of
metrics and rigorous bootstrap-based inference.

4.6.2 BASELINES

We compare nine methods organized into four tiers of
increasing sophistication.

Tier 1: Dictionary methods. Keyword Dictionary
(KW-Dict). A curated lexicon of 247 AI-related terms
compiled from the union of keyword lists in Acemoglu
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et al. (2022), Felten et al. (2021), and the O*NET
technology-skills taxonomy. For each posting, AIFE is
10 ·min

(
1, count/k

)
, where k = 8 is a saturation threshold

tuned on a 200-posting calibration set disjoint from all
evaluation data.

TF-IDF + Logistic/Ridge Regression (TF-IDF+LR).
Unigram and bigram TF-IDF features (max 50,000 features,
sublinear TF) with L2-regularized logistic regression for
binary classification and Ridge regression for continuous
AIFE. Regularization strength is selected via 5-fold
cross-validation on a 3,500-posting training split; the
remaining 1,500 postings serve as the test partition. Overall,
the dictionary-based baselines represent the traditional,
lexicon-driven approach that we aim to improve upon.

Tier 2: Published occupation-level indices. Webb
(2020) AI Exposure Index. An occupation-level score
constructed by linking AI patent text to

O*NET task descriptions (Webb, 2020). We crosswalk to
the firm level by computing a posting-weighted average
across all SOC codes in each firm’s postings, assigned via
the BLS O*NET–SOC AutoCoder.

Felten et al. (2021) AIOE. The AI Occupational Exposure
index (Felten et al., 2021), which maps AI application
capabilities to O*NET ability requirements. We apply the
same firm-level crosswalk.

Both indices measure potential exposure at the task level,
whereas AIFE captures revealed adoption intent from
firm hiring behavior. Moderate correlation is expected
and desirable; coincidence is not, since exposure ̸=
adoption. Therefore, the occupation-level indices serve
as important benchmarks that highlight the gap between
potential exposure and actual adoption.

Tier 3: Neural / LLM baselines. GPT-4o Zero-Shot
(GPT-4o-ZS). We prompt gpt-4o-2024-08-06 with
the structured instruction: “You are an expert labor
economist. Read the following job posting and assign an
AI Firm Exposure score from 0 to 10. . . Return only the
numeric score.” Temperature = 0; postings truncated at
4,096 tokens.

BERT-base Fine-Tuned (BERT-FT).
bert-base-uncased fine-tuned on the same
3,500-posting training split as TF-IDF+LR, with both
regression and classification heads. Grid search over
learning rates {1, 2, 3}×10−5; batch size 16; early stopping
(patience 3). These neural baselines represent the current
frontier in language-model-based classification.

Tier 4: Pipeline variants (ablations). Teacher Only
(Gemini). The Teacher LLM applied directly to each

evaluation posting—an upper bound on signal quality, but
computationally infeasible at corpus scale.

Student w/o HITL (ModernBERT−HITL). The distilled
Student trained on uncalibrated Teacher labels, isolating the
marginal contribution of HITL alignment.

Full Pipeline (Ours). Teacher labeling → isotonic
calibration → Student distillation → evaluation on the
held-out gold standard. The ablations thus isolate the
contribution of each pipeline component.

Fair-comparison protocol. All methods receive
identical preprocessed text (lowercased, HTML-stripped,
deduplicated). Occupation-level indices receive identical
SOC crosswalks. All supervised methods share the same
3,500/1,500 train/test partition. To prevent HITL-evaluation
circularity: the isotonic calibration function is fit exclusively
on the 4,500-posting calibration set, while all metrics in
this section are computed on the disjoint 5,000-posting
evaluation set (see §4.4.1). Hence, the fair-comparison
protocol ensures that no method benefits from data leakage.

4.6.3 MAIN RESULTS

Continuous prediction. Table 1 reports regression
metrics. The full pipeline achieves Pearson ρ = 0.931 with
human consensus, substantially outperforming all baselines.
The keyword dictionary (ρ = 0.487) and TF-IDF+LR
(ρ = 0.594) confirm that lexical features alone cannot
capture the context-dependent nature of AI adoption signals.
The occupation-level indices of Webb (ρ = 0.523) and
Felten (ρ = 0.551) confirm that firm-level adoption diverges
meaningfully from task-level exposure—a finding that itself
validates the need for a dedicated firm-level measure.

Among neural methods, GPT-4o zero-shot (ρ = 0.801)
performs respectably but falls short of the Teacher
(ρ = 0.894), demonstrating that domain-specific prompt
engineering yields gains beyond general-purpose inference.
HITL calibration contributes ∆ρ = +0.049 over the
uncalibrated Student, confirming that systematic human
feedback corrects residual distributional mismatch. All
pairwise differences are significant at p < 0.001. In
summary, the full pipeline decisively outperforms all
baselines, with the largest gains coming from prompt
engineering and HITL calibration.

Binary classification. Table 2 reports classification
metrics under the threshold AIFE ≥ 5.0 (base rate:
31.4%). The full pipeline achieves macro-F1 = 0.928
and AUC = 0.979. The keyword dictionary suffers
particularly from low recall (0.621), confirming that many
AI-intensive postings use implicit language (e.g., “optimize
recommendation systems”) that lexical matching misses.
The occupation-level indices exhibit a precision–recall
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Table 1. Continuous AIFE prediction on the evaluation gold
standard (N = 5,000). Gold-standard AIFE: ȳ = 3.42, σ = 2.81.
Best in bold; second best underlined. All differences vs. Full
Pipeline significant at p < 0.001 (paired bootstrap, 10,000
resamples). 95% CIs in parentheses.

Method ρ ρs MAE RMSE R2

Tier 1: Dictionary methods
KW-Dict .487 .461 2.84 3.42 .218

(.46,.51) (.43,.49) (2.76,2.91) (3.33,3.50)

TF-IDF + LR .594 .571 2.31 2.87 .341
(.57,.62) (.55,.60) (2.22,2.40) (2.77,2.97)

Tier 2: Occupation-level indices
Webb (2020) .523 .508 2.62 3.14 .261

(.50,.55) (.48,.53) (2.53,2.71) (3.04,3.23)

Felten AIOE .551 .534 2.48 3.02 .296
(.53,.58) (.51,.56) (2.39,2.57) (2.92,3.12)

Tier 3: Neural / LLM methods
BERT-base FT .714 .691 1.79 2.23 .501

(.69,.74) (.67,.72) (1.70,1.88) (2.13,2.33)

GPT-4o ZS .801 .784 1.41 1.83 .638
(.78,.82) (.76,.80) (1.33,1.50) (1.73,1.93)

Tier 4: Pipeline variants
Teacher (Gemini) .894 .878 0.86 1.11 .793

(.88,.91) (.87,.89) (0.80,0.92) (1.03,1.19)

Student w/o HITL .882 .864 0.93 1.18 .774
(.87,.90) (.85,.88) (0.87,1.00) (1.10,1.26)

Full Pipeline .931 .919 0.62 0.81 .867
(.92,.94) (.91,.93) (0.57,0.67) (0.75,0.87)

imbalance: they over-predict intensity for occupations
exposed to AI where specific firms have not yet adopted
it. Thus, the full pipeline also dominates in binary
classification, capturing implicit AI adoption signals that
dictionaries miss.

4.6.4 ABLATION STUDY

Table 3 isolates the contribution of each pipeline component
by removing one at a time. The structured prompt template
yields the largest single-component gain (∆ρ = 0.060),
confirming that prompt engineering materially affects
distillation quality beyond cosmetic wording changes. HITL
calibration provides the second-largest improvement (∆ρ =
0.049; ∆MAE = 0.31). Among Student architectures,
ModernBERT’s long-context support provides a meaningful
advantage over BERT-base, which must truncate 38.7%
of postings; DeBERTa-v3-base performs comparably,
suggesting the gains stem from disentangled attention and
long-context capability rather than architecture-specific
artifacts. Therefore, the ablation confirms that prompt
engineering and HITL calibration are the two most
important drivers of pipeline performance.

Table 2. Binary classification (AI-INTENSIVE: AIFE ≥ 5.0; base
rate 31.4%). Best in bold; second best underlined. †Difference vs.
Full Pipeline: p < 0.001.

Method Acc Prec Rec F1 AUC

KW-Dict† .726 .683 .621 .651 .744
TF-IDF + LR† .783 .744 .711 .727 .823
Webb (2020)† .738 .694 .659 .676 .761
Felten AIOE† .754 .712 .683 .697 .786
BERT-base FT† .841 .818 .796 .807 .893
GPT-4o ZS† .879 .857 .843 .850 .926
Teacher† .923 .911 .898 .904 .966
Student w/o HITL† .914 .897 .891 .894 .958
Full Pipeline .943 .932 .924 .928 .979

Table 3. Ablation study. Each row removes one component. ∆ρ:
change from Full Pipeline. All degradations significant at p < 0.01
(paired bootstrap).

Configuration ρ MAE ∆ρ ∆MAE

Full Pipeline .931 0.62 — —

− HITL calibration .882 0.93 −.049 +.31
− Longest-post. heur. .917 0.72 −.014 +.10
− Entity canonical. .908 0.77 −.023 +.15
− Auxiliary cls. loss .923 0.67 −.008 +.05
− Struct. prompt .871 1.02 −.060 +.40

Student architecture variants
→ DistilBERT .864 0.99 −.067 +.37
→ BERT-base .873 0.94 −.058 +.32
→ DeBERTa-v3-base .924 0.66 −.007 +.04

4.6.5 STRATIFIED ERROR ANALYSIS

A global metric can mask systematic failures on important
subpopulations. Table 4 stratifies Pearson ρ along three
dimensions identified a priori as potential sources of
heterogeneity.

Three patterns emerge. First, all methods degrade on
short postings, but the degradation is far more severe
for the keyword dictionary (ρ: .524 → .418, a 20%
relative drop) than for our pipeline (.948 → .894,
6%), confirming that transformer-based models extract
signal from sparse context where lexical methods fail.
Second, a modest English/non-English gap persists in
our pipeline (∆ρ = 0.024), likely compounded by the
Gemini Teacher’s English-centric training data and higher
entity-canonicalization failure rates on non-Latin scripts.
Third, the developed/developing gap (∆ρ = 0.016) is
smaller than the language gap, suggesting that conditional
on language, the pipeline generalizes across economic
contexts. We discuss implications in §5.4. In short,
the pipeline maintains high accuracy across languages
and economic contexts, though a modest non-English gap
remains.
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Table 4. Stratified Pearson ρ by posting characteristics. n:
gold-standard postings in each stratum.

Stratum n KW-Dict GPT-4o Ours

By posting length (tokens)
Short (< 100) 843 .418 .751 .894
Medium (100–500) 2,634 .501 .814 .939
Long (> 500) 1,523 .524 .821 .948

By language
English 3,408 .498 .811 .938
Non-English 1,592 .451 .773 .914

By economy (UN M49)
Developed 2,012 .503 .808 .937
Developing 1,986 .464 .787 .921
In transition 1,002 .479 .794 .926

4.6.6 CALIBRATION ANALYSIS

Beyond point-estimate accuracy, a continuous instrument
should exhibit predictions that are unbiased across the score
range. We compute Expected Calibration Error (ECE) and
Maximum Calibration Error (MCE) over 10 equal-width
bins on [0, 10] (Naeini et al., 2015); reliability diagrams are
in Appendix H.

Table 5. Calibration. ECE/MCE (lower is better) over 10 bins.
Method ECE (↓) MCE (↓)

KW-Dict 1.87 3.42
GPT-4o ZS 0.94 2.16
Teacher (Gemini) 0.71 1.53
Student w/o HITL 0.83 1.78
Full Pipeline 0.29 0.64

HITL isotonic calibration reduces ECE by 65% relative
to the uncalibrated Student (0.83 → 0.29), confirming
that it corrects systematic biases in the Teacher’s scoring
tendencies rather than merely shifting scale. The keyword
dictionary is severely miscalibrated at the extremes (MCE =
3.42), where it conflates the presence of many AI-adjacent
terms with genuinely high AI intensity. Hence, the full
pipeline is not only more accurate but also substantially
better calibrated across the score range.

4.6.7 COMPUTATIONAL COST

Scalability is a first-order concern: the full WDC corpus
contains ∼100 million postings. Table 6 benchmarks
wall-clock latency (single A100, batch size 64) and
estimated monetary cost for full-corpus scoring.

The full pipeline costs approximately $410 to score
100 million postings—370× cheaper than GPT-4o and
240× cheaper than the Teacher. The one-time Teacher
labeling cost for the distillation training set (∼800k
postings) was approximately $11,200, amortized to <

Table 6. Computational cost. ∗API pricing as of August 2024.
Method Latency/post 100M cost Feasible?

KW-Dict 0.3 ms $ 14 ✓
TF-IDF + LR 1.1 ms $ 52 ✓
BERT-base FT 8.6 ms $ 380 ✓
GPT-4o ZS∗ 2.1 s $ 152k ✗
Teacher∗ 1.4 s $ 98k ✗
Full Pipeline 9.2 ms $ 410 ✓

$0.00012 per posting. Thus, the pipeline achieves a
two-orders-of-magnitude cost reduction while preserving
near-Teacher accuracy.

4.6.8 SUMMARY

The evaluation yields four conclusions: (1) lexical and
occupation-level baselines are substantially inferior to
neural methods for firm-level AI adoption measurement;
(2) knowledge distillation preserves >98% of the Teacher’s
correlation with human labels while reducing cost by
two orders of magnitude; (3) HITL calibration provides
the single largest post-distillation gain, particularly at
the extremes of the score distribution; (4) the measure
generalizes across languages, economies, and posting
lengths, with a modest non-English gap that warrants
attention. In conclusion, the evaluation validates the AIFE
pipeline as an accurate, scalable, and broadly applicable
measurement instrument.

4.7 Descriptive Evidence

Before proceeding to causal identification, we document
the stylized facts that emerge from deploying the validated
AIFE pipeline on the full corpus. Two secular trends are
evident: rapid intensification of AI adoption and structural
reconfiguration of labor demand. The descriptive evidence
thus sets the stage for the causal analysis by establishing
clear, large-scale patterns.

4.7.1 THE TRAJECTORY OF AI ADOPTION

Table 7 and Figure 5 summarize the evolution of firm-level
AIFE from 2015 to 2024. In the base year, mean AIFE was
1.47, reflecting a labor market where AI skills were present
but peripheral. By 2024, mean AIFE had nearly doubled
to 2.79, with a compound annual growth rate (CAGR) of
7.3%. This growth is not merely a function of superficial
AI mentions; our context-aware model captures a genuine
deepening of technical requirements.

The 75th percentile—which serves as our treatment
threshold in the event-study design of §5—rose from 2.48
to 3.80, indicating that leading firms are pulling away from
the median. The acceleration around 2022–2023 coincides
with the release of large-scale generative models. Therefore,
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Figure 5. Mean and 75th-percentile AIFE score, 2015–2024.

the data reveal a steady and accelerating intensification of
AI adoption, with top-quartile firms pulling ahead.

4.7.2 SHIFTS IN OCCUPATIONAL STRUCTURE

Figure 6 documents a simultaneous restructuring of
the task composition of labor demand. The share of
Routine postings fell from 48.2% in 2015 to 26.3% in
2024—a decline of nearly 22 percentage points. This
displacement is mirrored by expansion of Complex
occupations (33.9% → 44.7%) and Creative occupations
(17.9% → 29.0%). The magnitudes are consistent
with AI substituting codifiable, rule-based tasks while
complementing higher-order cognitive and creative work.
In summary, the occupational structure is undergoing a
pronounced shift away from routine work toward complex
and creative roles.

Two additional properties of these trajectories are worth
noting. First, firm-level AIFE exhibits substantial
cross-sectional dispersion: the interquartile range widens
from 1.86 in 2015 to 2.42 in 2024 (Table 7), indicating that
firms are diverging rather than converging in their adoption
patterns. Second, AIFE trajectories exhibit strong temporal
persistence: the firm-level first-order autocorrelation is
ρ1 = 0.94, and firms in the top quartile in year t have
a 78% probability of remaining in the top quartile in t+ 2.
Together, these properties suggest that AIFE trajectories
may be predictable from current adoption signals and firm
characteristics, a hypothesis we formalize and test in §6.
Thus, the high persistence and growing dispersion of AIFE
motivate the forecasting system developed later.

5 Causal Analysis
The preceding sections established that the AIFE pipeline
produces a valid, well-calibrated, and cost-effective measure
of firm-level AI adoption intent. We now ask whether the
patterns documented in the descriptive evidence—declining

Figure 6. Evolution of task-composition shares (Routine, Complex,
Creative), 2015–2024.

Table 7. Descriptive statistics: AI intensity and task composition,
2015–2024.

AIFE Task Share (%)

Year Mean P75 Routine Complex Creative

2015 1.47 2.48 48.17 33.87 17.96
2016 1.63 2.64 46.12 35.03 18.85
2017 1.78 2.79 43.39 36.20 20.41
2018 1.93 2.94 40.83 37.36 21.81
2019 2.08 3.09 38.53 38.52 22.96
2020 2.23 3.25 36.48 39.68 23.85
2021 2.39 3.40 33.98 40.84 25.18
2022 2.54 3.55 30.63 42.00 27.37
2023 2.63 3.64 27.88 44.62 27.50
2024 2.79 3.80 26.29 44.74 28.97

Notes: Hiring-weighted averages across all firms. P75 is the
75th-percentile AIFE threshold used to define high-adoption firms
in §5.

routine shares, rising creative shares—represent a causal
effect of AI adoption or merely reflect confounded secular
trends.

The analysis proceeds in five stages. First, we describe
the estimation sample (§5.1). Second, we estimate
intensive-margin effects using a Two-Way Fixed Effects
(TWFE) panel model (§5.2). Third, we map the dynamic
evolution of these effects using an event-study design,
supplemented by the heterogeneity-robust estimator of
Callaway & Sant’Anna (2021) (§5.3). Fourth, we address
residual endogeneity via a shift-share (Bartik) instrumental
variable strategy (§5.4). Finally, we examine heterogeneity
(§5.5) and subject all findings to a battery of robustness
checks (§5.6). Overall, this section builds a multi-layered
causal identification strategy that progressively addresses
threats to validity.
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5.1 Sample Construction

The full AIFE panel contains approximately 3.1 million
firm–year observations (∼345,640 firms × 9 years). We
impose three restrictions to arrive at the estimation sample:

1. Panel continuity: Each firm must appear in at least
three consecutive years to ensure sufficient within-firm
variation for fixed-effects estimation. This drops 38.2%
of firm–year observations, predominantly small firms
with intermittent posting activity.

2. Minimum posting count: Firms must have at least
five postings per year, so that the firm-level AIFE score
aggregates over a minimally informative set of job
descriptions.

3. Non-missing controls: Observations with missing firm
age or industry classification are excluded.

The resulting estimation sample contains 223,659 firm–year
observations from 41,247 unique firms across 72 countries
and 18 two-digit NAICS sectors. Summary statistics
are reported in Appendix L. The estimation sample
overrepresents larger, more established firms relative to
the full population; we discuss implications for external
validity in §5.4. Hence, the estimation sample balances
panel continuity with sufficient within-firm variation to
identify causal effects.

A note on generated regressors. Our main independent
variable (AIFE) is itself the output of a machine-learning
pipeline. Standard OLS and 2SLS standard errors
do not account for estimation error in this generated
regressor (Pagan, 1984). To address this, we report
two sets of standard errors throughout: (i) analytic
standard errors clustered at the firm level, treating AIFE
as observed (parentheses), and (ii) pipeline-bootstrap
standard errors that resample the entire measurement
pipeline—from Teacher labeling through Student inference
to regression—over 500 bootstrap iterations (brackets). In
all specifications, the bootstrap standard errors are within
15% of the analytic standard errors, confirming that AIFE
measurement error does not materially alter inference
(Appendix M). Therefore, inference is robust to the fact
that AIFE is a generated regressor.

5.2 Two-Way Fixed Effects Estimation

We leverage the rich panel structure of our dataset and
construct a TWFE model that controls for time-invariant
firm traits and time-varying industry-level shocks, isolating
the effect of changes in AI intensity on hiring composition:

Yit = β AIFEi,t−1 + γ′Xit + µi + δj(i),t + εit, (5)

where i, j(i), and t index firms, 2-digit NAICS industries,
and years. The dependent variable Yit captures the firm’s
occupational hiring composition—its share of new job
postings classified as Routine, Complex, or Creative. The
main independent variable is AIFEi,t−1, the firm’s one-year
lagged AI Intensity for Employment score. This lag
structure captures firms’ delayed workforce adjustments
after AI integration (Acemoglu et al., 2022) and helps
mitigate simultaneity bias from shocks that simultaneously
drive AI investment and hiring.

We include a vector of control variables, Xit, comprising
the log of total job postings (a proxy for firm scale), log
firm age, and the lagged dependent variable to capture
persistent organizational structure.2 The terms µi and δj(i),t
denote firm and industry-by-year fixed effects, respectively.
The latter absorb any industry-wide trends in AI adoption
or labor demand, ensuring that β is identified from
within-industry, within-firm variation. Thus, the TWFE
specification isolates the effect of within-firm changes in
AIFE on labor composition.

Results. Table 8 presents the estimates. To ensure
transparency, we explicitly report coefficients on all
time-varying controls. In the preferred specification
(Columns 2 and 4, with the full set of Firm and
Industry-by-Year fixed effects), the coefficient on lagged AI
intensity is −0.021 (p < 0.001) for the Routine share and
+0.018 (p < 0.001) for the Creative share. Economically,
a one-unit increase in a firm’s AIFE score (on a 0–10
scale) is associated with a 2.1 percentage-point decline in
routine hiring and a 1.8 pp increase in creative hiring in
the subsequent year. The pipeline-bootstrap standard errors
(brackets) are slightly larger but do not alter any significance
conclusions.

We also observe that the coefficient on firm size is negative
for the Routine share (−0.005) and positive for the Creative
share (+0.008), suggesting that larger firms in our sample
are already structurally shifting toward non-routine work.
By controlling for this scale gradient, we ensure that the AI
coefficient does not conflate AI intensity with a generic
“large firm” effect. In short, the TWFE results provide
strong initial evidence that AI adoption causally shifts labor
demand away from routine work.

5.3 Dynamic Effects and Parallel Trends

While the TWFE model estimates the average effect of AI
adoption, it assumes a linear and constant effect and does

2Including the lagged dependent variable in a short-panel
fixed-effects model introduces Nickell bias of order O(1/T ).
With T = 9, the bias is approximately −12.5%. We verify that
dropping the lagged dependent variable leaves the coefficient of
interest essentially unchanged (Appendix N).
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Table 8. Baseline TWFE Estimates: AI Intensity and Labor Composition

Dep. Var.: Share Routine Dep. Var.: Share Creative
(1) (2) (3) (4)

AIFEi,t−1 −0.024∗∗∗ −0.021∗∗∗ 0.022∗∗∗ 0.018∗∗∗

(0.003) (0.004) (0.003) (0.004)
[0.004] [0.005] [0.003] [0.004]

Log(Total Postings) −0.006∗ −0.005∗∗ 0.009∗∗∗ 0.008∗∗∗

(0.003) (0.002) (0.002) (0.002)

Log(Firm Age) −0.012∗∗ −0.009∗ 0.005 0.003
(0.005) (0.005) (0.004) (0.004)

Firm FE Yes Yes Yes Yes
Year FE Yes Absorbed Yes Absorbed
Industry × Year FE No Yes No Yes

Observations 223,659 223,659 223,659 223,659
Within R2 0.142 0.187 0.115 0.153

Notes: Unit of observation is the firm–year. Standard errors clustered at the firm level in parentheses; pipeline-bootstrap standard errors
(500 iterations) in brackets. Industry × Year FE absorb separate Year FE. Sample restricted to firms with ≥ 3 consecutive years and ≥ 5
postings/year. ∗∗∗ p < 0.01; ∗∗ p < 0.05; ∗ p < 0.10.

not allow verification of parallel trends between adopting
and non-adopting firms. To address these limitations, we
implement an event-study design.

We classify a firm as an “AI Adopter” in the first year
Ei that its AIFE score exceeds the 75th percentile of the
cross-sectional distribution, as this threshold represents a
structural shift toward an AI-centric operational strategy.3

We estimate:

Yit = µi + δj(i),t +

3∑
k=−3

βk 1{t−Ei = k}+ γ′Xit + εit,

(6)
where 1{t−Ei = k} takes the value one if the observation
year t is exactly k years relative to the adoption event. The
period k = −1 is omitted as the reference category, so
all coefficients are interpreted relative to the pre-adoption
baseline.

For pre-treatment periods (k < 0), the coefficients βk

provide a falsification test: if adopting and non-adopting
firms followed similar hiring trajectories before adoption,
these coefficients should be statistically indistinguishable
from zero. For post-treatment periods (k ≥ 0), the
coefficients map the dynamic causal impact, distinguishing
immediate displacement from longer-term structural
adjustment. The event-study design thus enables a direct test
of the parallel trends assumption and reveals the dynamic
adjustment path.

3Because this threshold is defined relative to the sample
distribution, we verify robustness to alternative thresholds
spanning the 30th–95th percentiles in §5.6 and Figure 9.

Addressing staggered-adoption bias. Because firms
adopt at different times, the classic TWFE event-study
estimator can produce biased estimates when treatment
effects are heterogeneous across cohorts or over
time (Goodman-Bacon, 2021; De Chaisemartin &
D’Haultfœuille, 2020). In our setting, the estimated effects
grow monotonically from k = 0 to k = 3—precisely
the pattern susceptible to TWFE contamination. We
therefore report a second set of estimates using the
Callaway & Sant’Anna (2021) (hereafter CS) estimator,
which constructs group-time average treatment effects on
the treated (ATT(g, t)) free of “forbidden comparisons”
between early and late adopters. The CS estimates use the
not-yet-treated as the comparison group and aggregate to
event-time coefficients following Sun & Abraham (2021).
Hence, the CS estimator provides a robustness check
against biases arising from staggered adoption timing.

Results. Figure 7 and Table 9 present the dynamic
coefficients for the Routine and Creative share outcomes.
Three findings emerge.

First, the results satisfy the parallel trends assumption.
The pre-treatment coefficients are small and statistically
indistinguishable from zero under both estimators. TWFE:
β̂−3 = 0.002, p = 0.62; β̂−2 = −0.001, p = 0.74. CS:
β̂−3 = 0.001, p = 0.84; β̂−2 = −0.002, p = 0.62. This
confirms that prior to becoming high-intensity AI adopters,
these firms were not already shedding routine jobs at a
differential rate compared to their peers.

Second, a clear structural break occurs at adoption. The
coefficient drops to −0.015 in the adoption year and
continues to decline, reaching −0.042 by k = 3. This
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Table 9. Event-Study Coefficients: Share Routine

TWFE CS (2021)

Event time (k) Coeff. SE Coeff. SE

Pre-Treatment
k = −3 0.002 (0.004) 0.001 (0.005)
k = −2 −0.001 (0.003) −0.002 (0.004)
k = −1 (Omitted reference period)

Post-Treatment
k = 0 −0.015∗∗∗ (0.004) −0.013∗∗∗ (0.005)
k = 1 −0.028∗∗∗ (0.005) −0.024∗∗∗ (0.006)
k = 2 −0.036∗∗∗ (0.006) −0.031∗∗∗ (0.008)
k = 3 −0.042∗∗∗ (0.007) −0.037∗∗∗ (0.009)

Controls Scale, age, industry × year FE
Observations 223,659 223,659

Notes: Treatment defined as first year AIFE > 75th percentile.
TWFE: standard staggered event-study with firm-clustered SEs.
CS: Callaway & Sant’Anna (2021) estimator using the
not-yet-treated as the comparison group, aggregated to event-time
following Sun & Abraham (2021). The lack of significance in
pre-treatment periods (k = −3,−2) supports the parallel trends
assumption. ∗∗∗ p < 0.01.

dynamic pattern suggests that the displacement effects
of AI are not transient shocks but trigger a persistent
reorganization of the firm’s production function.

Third, the CS estimator yields qualitatively identical
results, with coefficients attenuated by 10–15% and wider
confidence intervals (reflecting the efficiency cost of
avoiding forbidden comparisons). At k = 3, the CS estimate
is −0.037 versus −0.042 under TWFE. The similarity
across estimators indicates that heterogeneity bias is present
but quantitatively modest in our setting. Overall, the event
study confirms that AI adoption causes a growing and
persistent displacement of routine labor, with pre-trends
supporting causal interpretation.

5.4 Instrumental Variable: Shift-Share Design

Despite the extensive controls and fixed effects in our
previous models, a residual endogeneity concern remains.
An unobserved factor—such as the appointment of a
technology-oriented CEO—could simultaneously drive AI
adoption and workforce restructuring. To isolate exogenous
variation in AI exposure, we construct a shift-share (Bartik)
instrumental variable. This IV strategy leverages historical
occupational structure to isolate plausibly exogenous
variation in AI adoption.

5.4.1 INSTRUMENT CONSTRUCTION

The logic of the instrument is to predict a firm’s exposure
to AI using only variation external to the firm’s current

decision-making. We leverage the fact that a firm’s
susceptibility to the AI wave is largely determined by its
pre-existing occupational structure:

Zit =
∑
o∈Ω

Li,o,t0

Li,t0︸ ︷︷ ︸
share

×Go,t,−i︸ ︷︷ ︸
shift

, (7)

where the shares Li,o,t0/Li,t0 are firm i’s employment
proportions in occupation o during the pre-sample period
2012–2015 (t0), and the shifts Go,t,−i are the national-level
growth rates of mean AIFE in occupation o at time t,
calculated using a “leave-one-out” approach that excludes
firm i’s own postings to avoid mechanical correlation.

Firms that historically specialized in tasks that later
experienced rapid AI development—such as data analysis or
software engineering—are “exposed” to the technological
shock for reasons unrelated to their current strategic choices.
Thus, the instrument captures exogenous technological
exposure driven by past occupational specialization.

5.4.2 IDENTIFYING ASSUMPTIONS

Following the framework of Goldsmith-Pinkham et al.
(2020), the validity of our instrument admits two
interpretations.

Under the exogenous-shares interpretation, identification
requires that firms’ pre-period occupational shares are
uncorrelated with unobserved determinants of subsequent
hiring composition, conditional on controls. This is
plausible if occupational structure in 2012–2015 was
determined by historical industry specialization rather than
anticipation of the post-2015 AI wave. We test this
by verifying that the shares are balanced on pre-period
observables (Appendix O).

Under the exogenous-shifts interpretation (Borusyak et al.,
2022), identification requires that the national AI growth
rates Go,t are exogenous—i.e., that no single firm drives
the national trend in any occupation. The leave-one-out
construction and the large number of occupations (|Ω| =
468 SOC codes) support this assumption. Therefore, the
identifying assumptions are plausible and supported by
auxiliary balance tests.

5.4.3 ESTIMATION

We estimate via two-stage least squares (2SLS). The first
stage regresses firm-level AIFE on the Bartik instrument and
all controls to isolate the exogenous component of adoption:

AIFEit = π Zit + µi + δj(i),t + γ′Xit + νit. (8)

The second stage replaces AIFE with its predicted value:

Yit = βIV ÂIFEit + µi + δj(i),t + γ′Xit + εit. (9)
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Figure 7. Event-study coefficients. Treatment: first year AIFE exceeds the 75th percentile. Reference period: k = −1. Circles: TWFE
estimates; squares: Callaway & Sant’Anna (2021) heterogeneity-robust estimates. Whiskers: 95% confidence intervals (firm-clustered
SEs). Pre-treatment coefficients are small and insignificant, supporting the parallel trends assumption. Post-treatment effects grow
monotonically in magnitude under both estimators.

The coefficient βIV provides our most rigorous estimate of
the causal impact of AI on the structure of labor demand,
free from the influence of firm-specific unobservables.
Hence, the 2SLS approach delivers estimates that are robust
to residual endogeneity from unobserved confounders.

5.4.4 RESULTS

Table 10 and Figure 8 present the IV estimates.

First stage. Panel A shows that the coefficient on Zit is
0.842 with a t-statistic of 48.3, yielding a Kleibergen-Paap
F -statistic of 2,340.5—orders of magnitude above the
conventional weak-instrument threshold of 10. This
confirms that our instrument is highly relevant: firms
historically specialized in AI-exposed occupations indeed
adopted AI more aggressively. Figure 8 confirms the tight,
approximately linear first-stage relationship.

We acknowledge that the very high F -statistic warrants
scrutiny. Given that both the shares and the shifts are
ultimately derived from job-posting data, a near-mechanical
link is conceivable. However, the share–shift interaction
operates through distinct channels: the shares are fixed at
pre-period values (2012–2015), while the shifts capture
national, leave-one-out trends over 2016–2024. We verify
robustness to dropping the largest 10% of firms (which
could dominate national trends) in Appendix O. Thus,
the first stage is exceptionally strong, and concerns about
mechanical correlation are mitigated by the leave-one-out

construction.

Second stage. Panel B reports the causal effects. The
IV estimate of the effect on the Routine share is −0.038
(p < 0.001), nearly twice the OLS magnitude of −0.021.
This amplification is consistent with two reinforcing sources
of bias in OLS: (i) classical measurement error in the AIFE
score (attenuation bias), and (ii) positive selection bias,
where growing firms expand all hiring categories, partially
masking the substitution effect. For the Creative share, the
IV estimate is +0.029, similarly amplified relative to OLS.
These results confirm that when we isolate variation driven
solely by national technological trends—exogenous to the
firm’s specific management decisions—the displacement
effect of AI on routine labor is causal and severe. In
summary, the IV results reveal that OLS underestimates
the causal displacement effect, with the true impact being
nearly twice as large.

5.5 Heterogeneity Analysis

AI adoption occurs against vastly different economic
backdrops. Developed countries generally possess more
robust digital infrastructure, higher capital intensity, and
greater capacity to integrate AI rapidly. Developing
countries face structural barriers—limited technological
readiness, less advanced industrial structures, and
workforces dominated by medium- and low-skilled workers.
These disparities should produce systematically different
displacement effects.
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Table 10. Shift-Share IV Estimates (2SLS)

Panel A: First Stage
Dep. Var.: AIFEit

Bartik IV (Zit) 0.842∗∗∗

(0.017)
[0.019]

KP F -statistic 2,340.5

Panel B: Second Stage
Share Routine Share Creative

ÂIFEit −0.038∗∗∗ 0.029∗∗∗

(0.006) (0.005)
[0.007] [0.006]

Log(Total Postings) −0.004∗ 0.007∗∗∗

Log(Firm Age) −0.008 0.002

Firm FE Yes Yes
Industry × Year FE Yes Yes
Observations 223,659 223,659

Notes: 2SLS estimates. Instrument: firm’s 2012–2015
occupational shares × leave-one-out national AI growth
(excluding the firm). Firm-clustered SEs in parentheses;
pipeline-bootstrap SEs (500 iterations) in brackets. Firm and
Industry-by-Year FE included. ∗∗∗ p < 0.01; ∗ p < 0.10.

To test this, we interact AIFEi,t−1 with group indicators and
test equality of coefficients via Wald tests. We adopt two
classification dimensions.

Economic development. We assign firms to groups using
the World Bank income classification (fiscal year 2024):
High-Income Countries (HICs; GNI per capita > $13,935)
versus Low- and Middle-Income Countries (LMICs; GNI
per capita ≤ $13,935).4 Thus, we examine whether
the AI displacement effect differs by level of economic
development.

Firm scale. We split at the within-year median of total
postings. By doing so, we test whether larger firms
experience more pronounced labor restructuring.

Results. Table 11 reveals a pronounced “automation
divide.” The substitution effect is nearly twice as large
in HICs (−0.026) compared to LMICs (−0.013; p-value
of difference: 0.042). This suggests that in high-wage,
capital-deep environments, the incentive to substitute
routine labor with AI is significantly stronger, consistent
with the factor-price channel of Acemoglu & Restrepo
(2019). Conversely, in developing regions where labor is
cheaper, the pressure to automate is attenuated.

Firm-scale heterogeneity is similarly stark. The coefficient

4We pool LICs, lower-MICs, and upper-MICs into a single
“LMIC” category due to sparse firm counts in the lowest income
groups.
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Figure 8. First-stage binscatter. Each dot is a vigintile (20
equal-sized bins) of the residualized Bartik instrument; dot size is
proportional to bin count. The OLS fit (π̂ = 0.842) is tight and
approximately linear.

for large firms is −0.029, whereas for SMEs the
effect is small (−0.008) and only marginally significant
(p = 0.06). This indicates that AI-driven workforce
restructuring requires a scale of operation and capital
investment currently concentrated among market leaders.
In conclusion, the displacement effects are concentrated
in high-income countries and large firms, indicating an
emerging automation divide.

5.6 Robustness and Sensitivity Analysis

We subject our main findings to five categories of robustness
checks. Full results are reported in Table 12; we summarize
the key findings here.

1. Treatment threshold sensitivity. We re-estimate the
event study using adoption thresholds spanning the 30th
through 95th percentiles. Figure 9 plots the average
post-treatment effect against the threshold. The effect
scales monotonically: from −0.007 at the 30th percentile to
−0.048 at the 95th. This dose-response relationship—where
deeper AI integration leads to sharper declines in routine
hiring—strengthens the causal interpretation by ruling
out threshold artifacts. As expected, the baseline (75th
percentile) coefficient falls in the interior of this gradient.
Therefore, the results are robust to varying the adoption
threshold, and the dose-response pattern supports a causal
interpretation.

2. Sector composition. A common concern is that AI
adoption is a phenomenon unique to the Information
Technology sector, and that our results merely reflect
idiosyncratic trends within “Big Tech.” Panel B of
Table 12 tests this by excluding all firms in NAICS 51.
The coefficient attenuates slightly (from −0.021 to
−0.018, p < 0.05), confirming that AI is acting
as a general-purpose technology, driving labor-market
reconfiguration across diverse industries. Separately,
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Table 11. Heterogeneous Effects by Economic Development and Firm Scale

Economic Development Firm Scale

HICs LMICs Large SMEs
(1) (2) (3) (4)

AIFEi,t−1 −0.026∗∗∗ −0.013∗∗ −0.029∗∗∗ −0.008∗

(0.005) (0.006) (0.005) (0.004)

Equality test (p-value) [0.042] [0.001]
Observations 134,195 89,464 111,829 111,830
Within R2 0.195 0.132 0.210 0.104

Notes: Dep. var.: Share Routine. “HICs”: World Bank High-Income Countries (GNI per capita > $13,935). “LMICs”: Low- and
Middle-Income Countries (≤ $13,935). “Large”: above within-year median total postings. All models include Firm and Industry × Year
FE. The row “Equality test” reports the p-value from a Wald test of H0: coefficients equal. ∗∗∗ p < 0.01; ∗∗ p < 0.05; ∗ p < 0.10.

manufacturing-only estimates yield a coefficient of −0.025,
suggesting that goods-producing sectors experience at least
as strong a displacement effect. Hence, the displacement
effect is not driven by the IT sector alone but is present
across manufacturing and other industries.

3. Inference. Our baseline models cluster standard errors
at the firm level. If AI shocks are correlated across firms
within the same industry, this could lead to over-rejection
of the null. Clustering at the 2-digit NAICS level (74
clusters) increases the standard error from 0.004 to 0.007
but preserves significance (t = −3.0). Two-way clustering
by firm and year produces similar results (Appendix Q).
Thus, the statistical significance of the main results is robust
to more conservative clustering schemes.

4. Alternative controls. Replacing log total postings with
log revenue as the size proxy yields a virtually identical
coefficient (−0.020). Adding country-by-year fixed effects
(absorbing national labor-market trends) attenuates the
estimate modestly to −0.018 (p < 0.01), consistent with
some AI adoption being driven by country-level diffusion
rather than firm-level choices. The results are therefore
robust to alternative control variables and even more
demanding fixed-effects structures.

5. Measurement robustness. To verify that results are
not driven by AIFE measurement error, we re-estimate
using only the subsample of firms for which the AIFE
score is based on ≥ 20 postings per year (reducing noise
in the firm-level average). The coefficient strengthens to
−0.025, consistent with classical attenuation bias in the
baseline—and directionally aligned with the OLS-to-IV
amplification documented in §5.4. In short, the robustness
checks uniformly reinforce the main findings, with
measurement-error corrections further strengthening the
estimated effects.
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Figure 9. Dose-response: average post-treatment effect on the
Routine share across adoption thresholds (30th–95th percentile).
The monotonically increasing magnitude rules out threshold
artifacts. Diamond: baseline specification (75th percentile).
Shaded band: 95% confidence interval.

5.7 Summary and Implications for Prediction

The causal analysis establishes three empirical regularities:
(i) a 1-unit AIFE increase causes a 2.1 pp decline in
routine hiring (3.8 pp under IV), (ii) the effect deepens
monotonically over three post-adoption years, and (iii) the
magnitude varies systematically across income levels
and firm sizes. These are structural parameters: they
characterize how the labor market responds to AI adoption,
conditional on adoption occurring. They do not, however,
address the forward-looking question of which firms will
experience AIFE increases and when.

If AIFE trajectories are themselves predictable, the causal
effect sizes become directly actionable: combining a
forecast of ÂIFEi,t+h with the IV estimate β̂IV = −0.038
yields a displacement forecast with known structural
interpretation. The conformal prediction interval on the
AIFE forecast propagates linearly to a displacement interval.
We pursue this synthesis in the next section. Hence, the
causal estimates from this section provide the structural
parameters needed to convert AIFE forecasts into labor
displacement warnings.
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Table 12. Master Robustness and Sensitivity Analysis

Panel A: Treatment Threshold (Event Study, avg. post-treatment)
Baseline (75th) Broad (50th) Deep (90th)

Share Routine −0.021∗∗∗ −0.014∗∗ −0.039∗∗∗

(0.004) (0.006) (0.008)

Panel B: Subsample (TWFE)
Full Sample Excl. IT (NAICS 51) Manuf. Only

AIFEi,t−1 −0.021∗∗∗ −0.018∗∗ −0.025∗∗∗

(0.004) (0.007) (0.009)

Panel C: Inference and Controls
Firm Cluster Industry Cluster Country×Year FE

AIFEi,t−1 −0.021∗∗∗ −0.021∗∗ −0.018∗∗∗

(0.004) (0.007) (0.004)

Observations 223,659 189,402 223,659

Notes: Dep. var.: Share Routine in all panels. Panel A: average post-treatment event-study effect at alternative adoption thresholds.
Panel B: TWFE estimates on subsamples. Panel C: alternative inference and control specifications. All models include Firm and
Industry × Year FE (except Column 3 of Panel C, which adds Country × Year FE and absorbs Industry × Year FE). ∗∗∗ p < 0.01;
∗∗ p < 0.05.

6 Predictive Early Warning System
The preceding sections establish that AIFE is a validated
measurement of firm-level AI adoption (§4) and that
increases in AIFE cause structural reallocation of labor
demand (§5). A natural applied question follows: are AIFE
trajectories themselves predictable? If so, the causal effect
sizes from §5 can be combined with AIFE forecasts to
produce displacement early warnings—statements of the
form “Firm i is predicted to experience a ∆-unit AIFE
increase over the next h years, implying a β̂IV ·∆ decline in
routine hiring, with quantified uncertainty.”

This section pursues this question with three methodological
contributions. First, we introduce Semantic Leading
Indicators (SLIs)—features extracted from the
intermediate representations of the AIFE Student model
that capture adoption momentum invisible to scalar AIFE
histories alone (§6.2). Second, we embed these features
in a Temporal Fusion Transformer (TFT) adapted for
panel data with a novel causal-consistency regularizer
(§6.3). Third, we equip the forecasts with distribution-free
prediction intervals via conformal prediction adapted for
dependent panel data (§6.4). Together, these components
form a complete pipeline from measurement to actionable
anticipation. Thus, this section transforms the measurement
and causal findings into a forward-looking early warning
system.

6.1 Problem Formulation

Prediction target. For firm i at time t, we predict
AIFEi,t+h at horizons h ∈ {1, 2, 3} years, given all
information available up to and including time t. We

predict AIFE rather than employment outcomes directly
for a structural reason: AIFE is the upstream causal
variable whose downstream effects on hiring composition
are identified in §5. Predicting AIFE and applying the causal
estimates yields displacement forecasts that are interpretable
through the lens of a known structural relationship, rather
than black-box associations. Formally, the displacement
forecast is

∆̂Y
routine
i,t+h = β̂IV ·

(
ÂIFEi,t+h − AIFEi,t

)
, (10)

where β̂IV = −0.038 is the IV estimate from Table 10.
Hence, the prediction target is deliberately the upstream
AIFE score, not employment directly, preserving structural
interpretability.

Information set. Each firm–year observation is
characterized by four feature groups: (i) lagged AIFE
scores (AIFEi,t,AIFEi,t−1), (ii) structural covariates
(Bartik exposure Zit, industry AIFE momentum, log
posting volume, firm age), (iii) static attributes (country,
2-digit NAICS sector), and (iv) Semantic Leading Indicators
extracted from the Student model’s representations (§6.2).
Thus, the model leverages a rich set of temporal, structural,
and semantic features.

6.2 Semantic Leading Indicators

6.2.1 MOTIVATION

Standard time-series forecasting of firm-level AI adoption
would rely on lagged AIFE scores and observable
covariates—the approach taken by gradient-boosted
baselines. However, the scalar AIFE score is a lossy
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compression of the rich semantic information in job postings.
The Student model’s penultimate-layer representations (the
1,024-dimensional [CLS] vector before the task-specific
heads) encode fine-grained information about the nature of
AI engagement that the scalar score discards.

Consider a manufacturing firm whose postings mention
“machine learning” for the first time, but only in optional
qualifications for one role. Its AIFE score changes
marginally. However, in embedding space, the firm’s
representation has shifted toward the AI cluster centroid—a
“semantic leading indicator” of adoption that precedes the
scalar AIFE increase. We formalize this intuition by
defining three features that capture distinct aspects of a
firm’s trajectory through embedding space. Therefore, the
SLIs are designed to extract early signals of AI adoption
that the scalar AIFE score misses.

6.2.2 FEATURE DEFINITIONS

Let ej ∈ Rd denote the [CLS] representation from the
penultimate layer of the fine-tuned Student model for
posting j, with d = 1,024. For firm i in year t, define
the firm embedding centroid:

ēit =
1

|Jit|
∑
j∈Jit

ej , (11)

where Jit is the set of all postings by firm i in year t. Define
the AI frontier centroid µ⋆

st as the mean embedding of
postings with AIFE ≥ 8 in the same 2-digit NAICS sector s
and year t. We then construct three SLI features:

1. Semantic Velocity (vit). The cosine similarity change
between the firm centroid and the AI frontier, measuring the
rate at which the firm’s hiring language converges toward
AI-intensive patterns:

vit = cos
(
ēit, µ

⋆
st

)
− cos

(
ēi,t−1, µ

⋆
s,t−1

)
. (12)

Positive values indicate that the firm’s postings are moving
toward AI-frontier language faster than the frontier itself
is evolving. Critically, this quantity can increase even
when the scalar AIFE score is approximately constant,
if the firm’s postings are beginning to incorporate
AI-adjacent terminology (e.g., “data-driven,” “algorithmic
optimization”) that the regression head maps to only modest
score increases but that the embedding geometry captures
as a directional shift.

2. Semantic Dispersion (σit). The within-firm variance
of posting embeddings, measuring heterogeneity in AI
engagement across roles:

σit =
1

|Jit|
∑
j∈Jit

∥∥ej − ēit
∥∥2
2
. (13)

We hypothesize that firms undergoing AI transition exhibit
elevated dispersion: some roles reflect legacy operations
while others embody the new AI-intensive equilibrium.
Dispersion should peak during the transition and decline as
the firm converges on its post-adoption task structure—an
inverted-U pattern that serves as a leading indicator of
imminent AIFE acceleration.

3. Frontier Distance (dit). The Mahalanobis distance
from the firm centroid to the sector-level AI frontier centroid,
measuring how far the firm is from the industry’s adoption
leaders:

dit =

√(
ēit − µ⋆

st

)⊤
Σ−1

st

(
ēit − µ⋆

st

)
, (14)

where Σst is the covariance matrix of AI-frontier postings
(AIFE ≥ 8) in sector s and year t. Because the raw
covariance is singular in d = 1,024 dimensions, we compute
the Mahalanobis distance in the top-k principal component
subspace (k = 64, capturing > 95% of variance; see
Appendix T for sensitivity to k). Frontier distance captures
the “room to grow”: firms far from the frontier have more
adoption headroom, and the distance’s temporal derivative
provides additional predictive signal.

Extraction cost. SLI computation requires a single
forward pass of the Student model per posting (the same
pass used for AIFE scoring), followed by aggregation
to firm–year centroids. The marginal cost is negligible:
embedding extraction adds < 8% overhead to the AIFE
inference pipeline.

6.2.3 EMPIRICAL VALIDATION OF
LEADING-INDICATOR PROPERTIES

To verify that SLIs provide genuine leading
information—rather than merely correlating with
current AIFE—we conduct a Granger-causality analysis.
Table 13 reports p-values from firm-level panel regressions
of AIFEi,t+1 on lagged AIFE and lagged SLIs, with
firm and year fixed effects. All three SLIs provide
statistically significant (p < 0.001) incremental predictive
power beyond the autoregressive AIFE component.
Semantic velocity exhibits the strongest marginal
signal (∆R2 = 0.034), consistent with its design as a
direction-of-motion indicator.

6.3 Forecasting Architecture

6.3.1 TEMPORAL FUSION TRANSFORMER

We adopt the Temporal Fusion Transformer (TFT) (?) as
our base architecture. TFT is designed for multi-horizon
time-series forecasting with heterogeneous inputs and offers
three properties well-suited to our panel setting:
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Table 13. Granger-causality tests for SLIs. Dependent variable:
AIFEi,t+1. All models include firm and year FE plus AIFEi,t

and AIFEi,t−1. ∆R2: incremental R2 from adding the SLI to the
autoregressive specification.

SLI Feature Coefficient p-value ∆R2

Semantic Velocity (vit) 0.284∗∗∗ < 0.001 0.034
(0.031)

Semantic Dispersion (σit) 0.127∗∗∗ < 0.001 0.018
(0.024)

Frontier Distance (dit) −0.093∗∗∗ < 0.001 0.012
(0.019)

All three jointly — < 0.001 0.047

Notes: N = 812,418 firm–year observations. Standard errors
clustered at the firm level. ∗∗∗ p < 0.001.

1. Variable Selection Networks (VSNs). Learned gating
mechanisms that softly select the most informative
features at each time step. This is critical because the
relative importance of lagged AIFE versus SLIs shifts
with the forecast horizon: autoregressive momentum
dominates at h = 1 but fades at h = 3, where leading
indicators become essential.

2. Temporal self-attention. An interpretable multi-head
attention mechanism that identifies which past time steps
are most informative for each forecast horizon. Attention
weights are directly inspectable, providing a degree of
interpretability absent from opaque sequence models.

3. Static covariate encoders. Separate encoder pathways
for time-invariant features (country, sector) that condition
the temporal dynamics. This avoids the standard hack of
repeating static features across time steps and provides a
natural pathway for firm-level heterogeneity.

Input encoding. At each time step t, the model receives
a concatenation of four groups: (i) continuous temporal
features (AIFEit, AIFEi,t−1, vit, σit, dit, Zit, industry
AIFE momentum, log postings); (ii) categorical temporal
features (none in our setting); (iii) known future inputs (time
index, enabling the model to learn calendar effects); and
(iv) static metadata (country code, 2-digit NAICS sector,
firm-size tercile). Continuous features are normalized to
zero mean and unit variance on the training set.

Output. The TFT produces, for each horizon h ∈
{1, 2, 3}, a set of Q quantile predictions {q̂(τ)h }τ∈T with
T = {0.05, 0.10, 0.25, 0.50, 0.75, 0.90, 0.95}. The median
(τ = 0.50) serves as the point forecast; the remaining
quantiles provide parametric prediction intervals.

6.3.2 CAUSAL-CONSISTENCY REGULARIZER

A novel feature of our architecture is a regularization
term that penalizes predictions inconsistent with the causal
structure estimated in §5. The motivation is as follows: the
IV analysis establishes that a 1-unit AIFE increase causes
a |β̂IV| = 0.038 decline in the routine share. A prediction
model that forecasts AIFE changes implying displacement
magnitudes outside the empirically estimated dose-response
envelope (Figure 9) is producing structurally implausible
forecasts.

We operationalize this as an auxiliary penalty. Let ∆̂ih =

q̂
(0.50)
h − AIFEit be the predicted AIFE change at horizon
h. Define the implied displacement d̂ih = β̂IV · ∆̂ih. The
causal-consistency loss is:

Lcausal =
1

NH

N∑
i=1

H∑
h=1

max
(
0, |d̂ih| − d̄max(h)

)2
, (15)

where d̄max(h) is the upper bound of the 99% confidence
interval of the dose-response curve at horizon h, estimated
from the event study in §5.3. This hinge loss imposes
zero penalty when predictions fall within the plausible
displacement range and a quadratic penalty on structurally
implausible extremes.

The total training objective is:

Ltotal = Lquantile + γ Lcausal, (16)

where Lquantile is the standard pinball loss over all quantiles
and horizons, and γ is a hyperparameter tuned on the
validation set. In practice, γ = 0.1 provides the best
MAE–calibration trade-off (Appendix S).

Why this matters. The causal regularizer creates a direct
architectural link between the causal-inference contribution
(§5) and the prediction model. Without it, the TFT could
learn spurious patterns that produce accurate in-sample fits
but structurally implausible out-of-sample forecasts. The
regularizer acts as an inductive bias that embeds the paper’s
own empirical findings into the loss function—a form of
“knowledge distillation” from the econometric analysis into
the forecasting architecture.

6.3.3 BASELINES

We compare five models to isolate the marginal
contributions of the SLI features and the TFT architecture:

1. AR(2). A linear autoregressive model: ÂIFEi,t+h =
αi + ϕ1AIFEi,t + ϕ2AIFEi,t−1 + ϵ. Firm fixed effects
only. This is the minimal credible baseline.

2. XGBoost (structural features only). Gradient-boosted
trees (?) trained on lagged AIFE, Bartik exposure,
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industry momentum, log postings, and firm-size/sector
dummies—but without SLIs. This mirrors the original
paper’s approach and serves as a feature ablation.

3. XGBoost + SLI. The same XGBoost model augmented
with the three SLI features. Comparing (2) vs. (3)
isolates the marginal value of semantic embeddings for
gradient-boosted methods.

4. TFT (no SLI). The full Temporal Fusion Transformer
architecture on all structural features without SLIs.
Comparing (2) vs. (4) isolates the marginal value of the
temporal attention architecture.

5. TFT + SLI + Causal Reg. (full model). The proposed
system: TFT with SLI features and causal-consistency
regularization. Comparing (4) vs. (5) isolates the
combined contribution of SLIs and causal regularization.

All models are trained and evaluated under an identical
expanding-window protocol (§6.5).

6.4 Uncertainty Quantification via Conformal
Prediction

Point forecasts, however accurate, are insufficient for
policy use. Decision-makers require calibrated prediction
intervals that communicate the range of plausible outcomes.
Parametric intervals (e.g., assuming Gaussian residuals)
are fragile under distributional misspecification; quantile
regression intervals lack finite-sample coverage guarantees.
We therefore adopt split conformal prediction (??), which
provides distribution-free marginal coverage guarantees
under minimal assumptions.

6.4.1 STANDARD CONFORMAL PREDICTION

Given a calibration set Dcal = {(Xk, Yk)}Kk=1 not used for
training and a desired miscoverage level α ∈ (0, 1), the
procedure is:

1. Compute conformity scores sk = |Yk − q̂
(0.50)
k | for each

calibration observation.

2. Set the conformal radius r̂α to the ⌈(1−α)(K+1)⌉/K-th
quantile of {sk}.

3. For a new test point Xnew, the prediction interval is
q̂
(0.50)
new ± r̂α.

The coverage guarantee is: Pr
(
Ynew ∈ Cα(Xnew)

)
≥ 1 −

α, holding exactly when the calibration and test data are
exchangeable (?).

6.4.2 ADAPTATION FOR PANEL DATA

Standard exchangeability fails in our setting because
observations within a firm are serially correlated and the

data-generating process may shift over time. We follow
the weighted conformal framework of ?, which provides
approximate coverage under covariate shift by assigning
importance weights to calibration observations:

wk = exp
(
−λ |tk − ttest|

)
, (17)

where tk is the time index of calibration observation k,
ttest is the test year, and λ > 0 is a decay parameter. The
weighted quantile of conformity scores {(sk, wk)} replaces
the unweighted quantile in step 2. The decay parameter λ is
selected via a nested calibration procedure on the validation
window (Appendix U).

Coverage guarantee. Under the assumption that the
likelihood ratio between calibration and test distributions
is bounded by maxk(wk)/mink(wk), weighted conformal
prediction provides approximate marginal coverage ≥ 1−
α − δ(w), where δ(w) is a correction term that vanishes
as the weight ratio approaches unity (?). In practice, with
λ = 0.3 (one-year half-life) and 4–6 calibration years, the
correction is δ < 0.02 at all horizons.

6.5 Evaluation

6.5.1 BACKTESTING PROTOCOL

We employ an expanding-window design with strict
temporal separation:

Window Train Validate Calibrate Test

1 2015–2018 2019 2020 2021
2 2015–2019 2020 2021 2022
3 2015–2020 2021 2022 2023
4 2015–2021 2022 2023 2024

The validation year is used for hyperparameter tuning
(learning rate, γ, dropout) and early stopping. The
calibration year is reserved exclusively for conformal
prediction; it is never used for gradient updates. The test
year provides the final evaluation. All metrics are averaged
across the four test windows. For horizons h = 2 and
h = 3, the number of available test windows decreases
accordingly; we report both pooled and per-window results
in Appendix V.

Hyperparameters. The TFT uses 4 attention heads,
hidden size 128, dropout 0.1, learning rate 10−3 with cosine
annealing, and batch size 256. XGBoost uses 500 trees, max
depth 6, learning rate 0.05, and column subsampling 0.8.
Full hyperparameter specifications and sensitivity analyses
are in Appendix R.

6.5.2 POINT PREDICTION RESULTS

Table 14 reports MAE, RMSE, and R2 across horizons.
Three patterns emerge.
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First, the full model (TFT + SLI + Causal Reg.)
dominates at all horizons, with MAE reductions of 18–31%
relative to the AR(2) baseline and 8–14% relative to
XGBoost without SLIs.

Second, SLIs provide the largest marginal gain at longer
horizons. At h = 1, the improvement from adding SLIs
to XGBoost is modest (∆MAE = −0.03), because the
autoregressive component carries most of the signal over
short horizons. At h = 3, the gain is substantial (∆MAE =
−0.11), confirming that SLIs capture adoption momentum
that scalar AIFE histories cannot.

Third, the TFT architecture outperforms XGBoost on the
same feature set (comparing models 3 vs. 5), with the gap
widening at longer horizons. The temporal self-attention
mechanism identifies relevant historical patterns (e.g., firms
with similar embedding trajectories) that tree-based models,
which process each time step independently, cannot exploit.

6.5.3 COVERAGE AND CALIBRATION

Table 15 evaluates the conformal prediction intervals at
nominal coverage levels 1− α ∈ {0.90, 0.95}.

Two results stand out. First, the TFT’s native quantile
intervals undercover at all horizons, with the shortfall
growing from 2.7pp at h = 1 (90% nominal) to 7.3pp
at h = 3. This is a known failure mode of quantile
regression under distribution shift: the model optimizes
the pinball loss on the training distribution but the test
distribution has evolved. Second, conformal intervals
achieve or exceed nominal coverage at all horizon–level
combinations, with the overcoverage bounded by 1.1pp. The
correction is achieved with comparable or narrower interval
widths, demonstrating that conformal prediction tightens
the intervals (by removing unnecessary conservatism in
the parametric tails) while guaranteeing coverage—a strict
improvement.

6.5.4 ABLATION: SLI FEATURE IMPORTANCE

To assess the relative importance of each SLI feature, we
compute the TFT’s Variable Selection Network (VSN)
weights—the learned gating scores that determine each
feature’s influence at each time step—averaged across all
test observations. Table 16 reports the results by horizon.

The pattern confirms the hypothesis that motivates SLIs:
at h = 1, autoregressive AIFE lags dominate (combined
weight: 0.42) and SLIs contribute modestly (0.32). By
h = 3, the importance profile inverts: SLIs collectively
account for 46% of model attention while lagged AIFE falls
to 25%. Semantic velocity is consistently the most important
SLI, followed by dispersion and frontier distance. This
ordering is consistent with the Granger-causality results in
Table 13: the feature that provides the strongest incremental

predictive power in a linear panel regression also receives
the highest attention weight in the nonlinear TFT.

6.6 From Forecasts to Displacement Early Warnings

The practical payoff of the prediction system is the
conversion of AIFE forecasts into labor-market early
warnings via the causal link established in §5. Combining
Equation 10 with the conformal prediction set Cα(·) yields
a displacement interval:

∆̂Y
routine
i,t+h ∈ β̂IV ·

[
Cα

(
ÂIFEi,t+h

)
− AIFEit

]
, (18)

where the interval represents the set of plausible AIFE
changes scaled by the causal effect. Due to the linearity
of the mapping, the coverage guarantee on AIFE forecasts
propagates directly to the displacement early warning.

Example. Consider Firm A, a mid-size logistics company
with AIFE2024 = 2.1. The full model predicts ÂIFE2027 =
3.8 (90% conformal interval: [3.1, 4.6]). The implied
displacement forecast for routine hiring is:

∆̂Y
routine

= −0.038× (3.8− 2.1) = −6.5 pp,
90% interval: [−9.5, −3.8] pp.

This statement—“Firm A’s routine hiring share is forecast to
decline by 3.8–9.5 percentage points over three years, with
90% confidence”—is the type of actionable intelligence that
labor agencies and workforce-development organizations
require.

Sector-level aggregation. Figure 10 aggregates firm-level
forecasts to the 2-digit NAICS sector level, showing
predicted AIFE changes and implied routine-share declines
for the 10 sectors with the largest forecast displacement.
Information Technology (NAICS 51) and Professional
Services (NAICS 54) lead in both predicted AIFE growth
and implied displacement, while Construction (NAICS 23)
and Accommodation (NAICS 72) show minimal predicted
disruption—a pattern consistent with the heterogeneity
results in §5.5.

Fan charts for representative firms. Figure 11 presents
AIFE trajectory forecasts with conformal prediction
bands for three illustrative firms spanning different
adoption profiles: a technology firm (high baseline AIFE,
rapid acceleration), a healthcare firm (moderate baseline,
accelerating), and a retail firm (low baseline, slow growth).
The widening bands at longer horizons reflect growing
uncertainty, while the qualitative trajectory differences
illustrate the model’s capacity to distinguish adoption
patterns.
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Table 14. Point prediction accuracy (averaged across 4 test windows). Best in bold. All pairwise differences vs. Full Model significant
at p < 0.01 (Diebold-Mariano test).

h = 1 h = 2 h = 3

Model MAE RMSE R2 MAE RMSE R2 MAE RMSE R2

AR(2) .341 .458 .791 .482 .637 .596 .594 .781 .413
XGBoost .298 .401 .839 .413 .548 .700 .506 .669 .568
XGBoost + SLI .268 .362 .869 .361 .483 .767 .396 .531 .728
TFT (no SLI) .281 .378 .857 .387 .514 .736 .461 .613 .637
Full Model .246 .334 .889 .331 .446 .802 .367 .496 .763

Notes: Dep. var.: AIFEi,t+h. Ntest ≈ 48,000 per window. RMSE and MAE in AIFE-score units (0–10 scale).

Table 15. Conformal prediction interval evaluation. Empirical
coverage (target: ≥ nominal), mean interval width (lower is better),
and Winkler score (lower is better; penalizes both miscoverage
and width).

h = 1 h = 2 h = 3

90% 95% 90% 95% 90% 95%

Empirical coverage (%)
Quantile Reg. 87.3 92.8 85.1 91.6 82.7 89.4
Conformal (ours) 90.4 95.2 91.1 95.8 90.8 95.4

Mean interval width
Quantile Reg. 1.12 1.41 1.54 1.93 1.89 2.38
Conformal (ours) 1.08 1.36 1.47 1.86 1.82 2.31

Winkler score
Quantile Reg. 1.84 2.31 2.67 3.38 3.41 4.27
Conformal (ours) 1.52 1.93 2.18 2.79 2.74 3.51

Notes: Quantile Regression intervals use the TFT’s native quantile
outputs (q̂(0.05), q̂(0.95) for 90%). Conformal intervals use
weighted split conformal prediction (§6.4.2) on top of the same
TFT median predictions.

Limitations of the early warning system. We emphasize
that the displacement forecasts inherit two sources of
uncertainty: (i) AIFE prediction error (quantified by the
conformal interval) and (ii) causal parameter uncertainty
(quantified by the standard error of β̂IV). The intervals
in Equation 18 capture only source (i). A fully Bayesian
treatment would propagate both sources jointly; we discuss
this extension in Appendix X and note that causal parameter
uncertainty adds approximately ±0.8 pp to the displacement
interval at the median predicted AIFE change, a modest
contribution relative to the AIFE prediction uncertainty.

7 Conclusion
This paper has developed a three-part system for
understanding and anticipating AI-driven labor market
disruption: a measurement pipeline that quantifies firm-level
AI adoption at scale, a causal analysis that identifies
the structural consequences of adoption, and a predictive

Table 16. Variable Selection Network weights (mean ± std
across test observations). Higher weight = greater influence on the
prediction.
Feature h = 1 h = 2 h = 3

AIFEit (lag 1) .312 ± .04 .221 ± .05 .164 ± .05
AIFEi,t−1 (lag 2) .108 ± .03 .094 ± .03 .082 ± .03
Bartik exposure Zit .087 ± .02 .103 ± .03 .118 ± .03
Industry momentum .064 ± .02 .078 ± .02 .091 ± .03
Log postings .043 ± .01 .038 ± .01 .034 ± .01

Semantic Velocity vit .148 ± .04 .187 ± .05 .208 ± .06
Semantic Dispersion σit .098 ± .03 .121 ± .04 .139 ± .04
Frontier Distance dit .074 ± .02 .096 ± .03 .112 ± .03

SLI total .320 .404 .459

Notes: Weights are softmax-normalized to sum to 1 within each
observation. SLI total is the sum of the three SLI feature weights.

early warning system that combines forecasts with causal
estimates to produce actionable displacement forecasts.

Measurement. The AIFE knowledge distillation pipeline
demonstrates that the reasoning capabilities of a frontier
LLM can be transferred to a lightweight encoder at a
cost reduction of 370×, while preserving 93% correlation
with human expert labels. The pipeline outperforms
all tested baselines, including keyword methods (ρ =
0.487), published exposure indices (ρ = 0.523–0.551),
and GPT-4o zero-shot inference (ρ = 0.801). This
approach is generalizable: the same Teacher–Student–HITL
architecture could measure other latent economic constructs
from unstructured text.

Causal validation. The econometric analysis confirms
that AIFE captures a real structural relationship: firms
that increase AI intensity reduce routine hiring by 2.1 pp
per unit of AIFE and increase creative hiring by 1.8 pp.
The effect deepens monotonically over three post-adoption
years, consistent with permanent task reorganization.
Instrumenting for endogeneity amplifies the estimates
(β̂IV = −0.038), confirming attenuation bias in OLS. The
displacement is twice as large in high-income countries and
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Figure 10. Sector-level displacement forecasts, 2024–2027. Left
axis (bars): predicted ∆AIFE by 2-digit NAICS sector, with 90%
conformal intervals (error bars). Right axis (diamonds): implied
routine-share decline via Eq. 10. Sectors ranked by predicted
∆AIFE.
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Figure 11. AIFE trajectory fan charts for three representative
firms. Solid line: observed AIFE (2015–2024). Dashed line: TFT
median forecast (2025–2027). Shaded bands: 50%, 80%, and 95%
conformal prediction intervals.

concentrated among large firms—an “automation divide”
with significant policy implications.

Predictive early warning. By extracting Semantic
Leading Indicators from the AIFE pipeline’s intermediate
representations and embedding them in a Temporal
Fusion Transformer with causal-consistency regularization,
the early warning system forecasts firm-level AIFE
trajectories at 1–3 year horizons with MAE reductions
of 18–31% over autoregressive baselines. Conformal
prediction provides distribution-free coverage guarantees
on the resulting prediction intervals. Crucially, the
combination of AIFE forecasts with causal effect sizes
from the econometric analysis yields displacement early
warnings—structurally interpretable statements about
expected workforce disruption with quantified uncertainty.

The integrated system. Each contribution depends on the
preceding one. The prediction system requires a validated
measure of AI adoption (the AIFE pipeline) to define
the target variable. The displacement forecasts require
credible causal estimates (the econometric analysis) to

translate AIFE predictions into labor-market consequences.
Neither component alone produces actionable intelligence:
measurement without prediction is retrospective, prediction
without causal identification is uninterpretable, and causal
estimates without prediction are not forward-looking. The
integration of all three constitutes the paper’s primary
contribution.

7.1 Limitations

Demand-side measurement only. The pipeline observes
labor demand (job postings) but not labor supply (worker
skills, educational attainment, career transitions). We
therefore cannot measure skill mismatches, equilibrium
wages, or welfare consequences.

Web-crawled corpus coverage. The WDC corpus
overrepresents English-language, digitally posted positions
in formal-sector firms. Results may not generalize to
informal labor markets, small firms with no online presence,
or countries with low internet penetration.

Generated regressor. AIFE is a model-generated proxy
for latent AI adoption intensity. It captures stated hiring
intent, not verified deployment. External validation
against independent measures (IT capital expenditures,
patent filings, software licenses) would strengthen the
measurement claim.

Prediction horizon. The forecasting system performs
well at 1–3 year horizons but relies on the assumption that
structural relationships between semantic features and AIFE
trajectories remain stable. Discontinuous technological
shifts could invalidate longer-horizon forecasts. The causal
regularizer mitigates but does not eliminate this risk.

Uncertainty propagation. The displacement forecasts
incorporate AIFE prediction uncertainty (via conformal
intervals) but treat the causal parameter β̂IV as fixed. A
fully Bayesian treatment would propagate both sources
jointly; our analysis in Appendix X shows that causal
parameter uncertainty adds approximately ±0.8 pp to the
displacement interval, a modest contribution relative to
prediction uncertainty.

7.2 Future Directions

Three extensions follow naturally. First, integrating
supply-side data (worker skills, career trajectories) with
the demand-side AIFE panel would enable a labor-market
matching model that captures both sides of the reallocation
process. Second, the staggered nature of AI adoption
across countries creates opportunities for cross-national
policy evaluation—estimating whether retraining subsidies,
educational reforms, or regulatory interventions moderate
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the displacement effects. Third, extending the pipeline
to adjacent technological transitions (robotics, green
technology) would test the generalizability of the
knowledge-distillation approach. On the prediction side,
integrating exogenous technology-shock indicators (e.g.,
foundation model release dates, venture capital flows into AI
startups) as known future inputs to the TFT could improve
long-horizon forecasts.

Figure 12. Comparison between Individuals with Different
Skillsets. Our results indicate that individuals with analytical
and innovative capabilities are better equipped to adapt to
the AI-dominated economy than individuals limited to routine
occupations.
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A Appendix

B Entity Canonicalization
Canonicalization Prompt

The following prompt is used to map raw employer-name strings from the WDC corpus to canonical legal entity names via
Gemini 2.0 Flash (temperature = 0.0, top-k = 1).

LLM Prompt

Role: You are an expert in corporate law and business registries.
Objective: Map noisy firm name strings to a single canonical legal entity name.
Instructions:

1. Ignore address information, branch locations, and marketing taglines.

2. Normalize common suffixes (e.g., ‘‘Inc.’’, ‘‘Corp.’’, ‘‘Ltd.’’, ‘‘GmbH’’) but
preserve the core legal name.

3. Normalize to the parent company when the string refers to a known subsidiary (e.g.,
‘‘Instagram’’ → ‘‘Meta Platforms, Inc.’’).

4. If multiple plausible legal entities exist or the input does not correspond to any
identifiable firm, return the string UNKNOWN.

5. Do not hallucinate entity names. If unsure, return UNKNOWN.

6. Process each input independently; do not let one mapping influence another.

Input: A JSON array of raw name strings.
Output format (JSON only):

{
"canonical_name": "<LEGAL_ENTITY_NAME or UNKNOWN>",
"notes": "Optional short justification."

}

Canonicalization Results by Year

Table B1 provides year-level canonicalization statistics. The 2024 figure is lower due to incomplete Common Crawl coverage
(data through Q3 2024).

Table B1. Entity canonicalization by year.
Year Raw strings Canonical firms Dropped (%) Unique postings

2015 38,247 29,718 22.3 8,412,306
2016 41,893 32,481 22.5 9,237,814
2017 44,612 34,287 23.1 9,841,527
2018 46,138 35,206 23.7 10,324,618
2019 48,721 37,142 23.8 10,892,341
2020 43,856 33,924 22.6 9,617,483
2021 49,274 37,863 23.1 11,034,276
2022 51,683 39,417 23.7 11,482,915
2023 53,912 40,836 24.3 11,897,423
2024 32,281 24,766 23.3 7,259,297

Total 450,617 345,640 23.3 ∼100,000,000

Notes: “Raw strings” counts unique employer-name strings per year. “Canonical firms” counts distinct entities after resolution. “Unique
postings” is the deduplicated count used for Student inference.

Drop Rates by Region

Table B2 reports the fraction of raw employer-name strings mapped to UNKNOWN by geographic region (UN M49
macro-region). Higher drop rates in regions with predominantly non-Latin scripts suggest that the Gemini model’s
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entity-resolution capability degrades when faced with transliterated or abbreviated company names.

Table B2. Entity canonicalization UNKNOWN rate by region.
Region Raw strings Drop rate (%)

Northern America 127,843 18.7
Western Europe 98,412 19.2
Eastern Europe 31,256 22.8
East Asia 52,718 24.1
Southeast Asia 38,924 26.3
Latin America & Caribbean 29,617 25.7
Middle East & North Africa 22,481 27.9
South Asia 28,136 30.4
Sub-Saharan Africa 21,230 31.2

Global 450,617 23.3

C Teacher Model Prompts
AIFE Scoring Prompt

The full AIFE scoring prompt is reproduced in Box 1 of the main text (§4.2.2). For completeness, we note that the prompt
was delivered as a single system message with the job posting injected into the {JOB TITLE} and {JOB DESCRIPTION}
fields. The JSON-only output constraint was enforced via the Gemini API’s response mime type parameter set to
application/json.

Task-Content Classification Prompt

LLM Prompt

Role: You are an Organizational Psychologist specializing in Job Analysis.
Definitions:

• Routine: Tasks are repetitive, rule-based, and codifiable. Success is defined
by adherence to a standardized process with minimal deviation (e.g., data entry,
assembly, bookkeeping).

• Complex: Tasks require high-level cognitive processing, strategic decision-making,
and the integration of information under uncertainty (e.g., management, engineering,
surgery).

• Creative: Tasks require all characteristics of Complex work plus the generation
of novel ideas, artifacts, or solutions. Success is defined by originality (e.g.,
graphic design, R&D, artistic direction).

Decision Rules:

1. Analyze the degree of autonomy granted to the role.

2. Analyze the degree of repetition in daily tasks.

3. Determine if the primary output is a standardized product (Routine), a strategic
decision (Complex), or a novel creation (Creative).

4. For managerial roles, classify based on the nature of decisions: routine scheduling
→ Routine; strategic planning → Complex; innovation leadership → Creative.

5. Do not infer task content from the job title alone; read the full description.

Input:
Job Title: {JOB TITLE} Description: {JOB DESCRIPTION}
Output Format (JSON only):
{ "reasoning": "Analysis of cognitive load and autonomy...",
"task category": "Routine" | "Complex" | "Creative" }
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D Human Coding Protocol
The full 42-page coding protocol is available in the supplementary materials. We summarize the key elements below.

Training Phase. Both research assistants (RAs) independently labeled a calibration set of 50 postings (disjoint from all
evaluation data) and discussed disagreements with the principal investigator before beginning production coding.

AIFE Scoring (0–10). The AIFE score measures how much the worker is expected to develop, configure, or actively apply
AI/ML systems, as opposed to simply using software that may contain AI features. Coders assign scores in increments of
0.5. The rubric bands are:

• 0 (Non-AI): No mention of AI, ML, or data science. Standard manual or office work using generic tools (email, Excel,
Word only).

• 1–3 (AI-Aware / Consumer): Software with embedded AI features is used (e.g., CRM, BI dashboards), but the worker
does not build or tune models. AI mentioned as buzzword only → stay in 1–3.

• 4–7 (AI-Applied / Implementer): Worker actively applies AI/ML tools: prompt engineering, configuring ML platforms,
evaluating model outputs. Use 4 for light usage; move toward 7 when AI tool use is central.

• 8–10 (AI-Core / Developer): Worker designs, trains, fine-tunes, or deploys models as a core duty. Skills: PyTorch,
TensorFlow, CUDA, knowledge of algorithms and loss functions. Use 8 for applied modeling; 9–10 for research-heavy
roles.

Task Category. Assign exactly one of ROUTINE, COMPLEX, or CREATIVE based on core tasks:

• Routine vs. Complex: Fixed procedures with little judgment → Routine. Substantial decision-making or managing
others → Complex.

• Complex vs. Creative: Optimizing within existing options → Complex. Generating new concepts, designs, or content
→ Creative.

• For mixed roles, code based on the primary or most time-consuming task.

Blinding. Coders are blind to the firm name, all model outputs, and each other’s labels throughout production coding.

Adjudication. Disagreements exceeding 1.5 points on the continuous AIFE scale are resolved by a third expert coder
whose label is final.

Tie-Breaking. When torn between two adjacent scores, coders choose the lower score unless the description clearly
justifies the higher one.

E Inter-Annotator Agreement
Table E1 reports inter-annotator agreement on the evaluation gold standard (n = 500 per year), broken down by year.
Agreement is relatively stable, with a slight decrease in 2023–2024 reflecting the increased ambiguity of “AI-adjacent” roles
(e.g., prompt engineering, AI governance).
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Table E1. Inter-annotator agreement by year on the evaluation gold standard (n = 500/year).
Year Cohen’s κ (binary) ICC(2,1) (continuous) Adjudicated (%)

2015 0.86 0.91 5.8
2016 0.85 0.91 6.0
2017 0.84 0.90 6.4
2018 0.85 0.90 6.2
2019 0.84 0.89 6.8
2020 0.83 0.89 7.0
2021 0.82 0.88 7.4
2022 0.82 0.88 7.8
2023 0.80 0.87 8.2
2024 0.81 0.87 8.6

Pooled 0.83 0.89 7.2

Notes: Cohen’s κ is computed on the binary label (AI-INTENSIVE: AIFE ≥ 5; NON-AI: AIFE < 5). ICC(2,1) is computed on the
continuous 0–10 score. “Adjudicated” is the share of postings where the two primary coders disagreed by > 1.5 points, triggering
third-coder adjudication.

F HITL Iterative Refinement Log
Table F1 reports the number of prompt-refinement iterations and final-iteration performance for each calibration year. The
calibration sample comprises n = 500 postings per year, disjoint from the evaluation gold standard.

Table F1. HITL calibration: iterations and final performance by year. Acceptance thresholds: classification accuracy ≥ 92%, Pearson
ρ ≥ 0.88, MAE ≤ 0.95.

Year Iterations Cls. Accuracy (%) Pearson ρ MAE

2016 2 93.4 0.903 0.82
2017 2 94.0 0.912 0.78
2018 3 93.8 0.908 0.80
2019 2 94.2 0.915 0.76
2020 2 93.6 0.901 0.84
2021 3 94.6 0.918 0.74
2022 2 95.0 0.922 0.71
2023 5 92.8 0.891 0.91
2024 4 93.2 0.896 0.88

Notes: The calibration sample is disjoint from the evaluation gold standard (no overlapping postings). Higher iteration counts in
2023–2024 reflect the rapid proliferation of generative-AI roles, which introduced novel job descriptions not well covered by earlier
prompt versions. All years surpass all three acceptance thresholds in the final iteration.

G Student Model Training Details
Training and Validation Curves

Figure G1 plots training and validation loss over the 3-epoch training run of the ModernBERT-large Student model. Panel (a)
shows combined total loss; Panel (b) decomposes into the regression (Lreg) and classification (Lcls) components. The model
converges rapidly; validation loss plateaus after approximately 1.5 epochs. No overfitting is observed, consistent with the
large training set (∼2.2M examples) relative to model capacity (395M parameters).
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Figure G1. Student model (ModernBERT-large) training and validation loss. (a) Combined loss with early-stopping checkpoint marked.
(b) Component losses showing regression (MSE) and classification (CE) converge at similar rates.

Test Set Performance

Table G1 summarizes the final Student model performance on the held-out test partition of the distillation corpus (N ≈
467,000; 15% of pooled training data).

Table G1. Student model (ModernBERT-large) held-out test performance.
Metric Test Set Result

Regression Head (AIFE)
MSE Loss 0.18
R2 Score 0.88
Pearson ρ 0.94

Classification Head (Task)
Cross-Entropy Loss 0.21
Overall Accuracy 91.5%
Macro F1 0.90

Notes: Performance is measured against Teacher-generated labels (not human labels). The Student successfully captures the Teacher’s
labeling behavior; residual Teacher–Student divergence is further corrected by HITL calibration (§4.4).

Multi-Task Loss Weight Sensitivity

Table G2 reports sensitivity of the Student model to the classification loss weight λ in L = Lreg + λLcls. All models are
evaluated on the held-out test partition.

Table G2. Sensitivity to multi-task loss weight λ.
λ AIFE ρ AIFE MAE Task Acc (%) Task F1

0.0 (reg. only) .874 0.97 — —
0.1 .878 0.94 88.3 .864
0.5 .881 0.91 91.7 .901
1.0 .884 0.89 93.1 .917
2.0 .879 0.93 93.8 .924
5.0 .861 1.04 94.2 .930

Notes: λ = 1.0 achieves the best trade-off. The classification auxiliary loss acts as a regularizer that improves AIFE regression
performance, but over-weighting it (λ ≥ 2) degrades regression as the shared encoder shifts toward classification-optimal representations.
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H Calibration Reliability Diagrams
Figure H1 presents reliability diagrams (binned predicted AIFE vs. binned human-consensus AIFE, 10 equal-width bins on
[0, 10]) for four methods. Perfect calibration corresponds to the dashed diagonal. Gray bars show the sample distribution
across bins.
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Figure H1. Reliability diagrams. (a) Keyword Dictionary: severe S-shaped miscalibration; over-predicts at low true scores (incidental AI
terms inflate counts) and under-predicts at high scores (implicit AI references missed). (b) GPT-4o Zero-Shot: well-calibrated in the
mid-range but compresses predictions, under-predicting for true AIFE > 7. (c) Student without HITL: inherits a mild over-prediction bias
from the Teacher. (d) Full Pipeline: after isotonic calibration, tracks the diagonal within ±0.3 across all bins (ECE = 0.29).

I Confusion Matrices
Tables I1 and I2 report three-class confusion matrices for the task-content classification on the evaluation gold standard
(N = 5,000). Rows indicate predicted labels; columns indicate true (human consensus) labels.
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Table I1. Confusion matrix: Teacher (Gemini 2.0 Flash) task classification.
Routine Complex Creative Total

Routine 1,412 68 22 1,502
Complex 74 1,836 89 1,999
Creative 18 92 1,389 1,499

Total 1,504 1,996 1,500 5,000

Overall accuracy: 92.7%. Most errors occur on the Complex–Creative boundary, consistent with the inherent ambiguity between strategic
and creative roles.

Table I2. Confusion matrix: Full Pipeline (Student + HITL calibration) task classification.
Routine Complex Creative Total

Routine 1,438 52 14 1,504
Complex 48 1,872 76 1,996
Creative 18 72 1,410 1,500

Total 1,504 1,996 1,500 5,000

Overall accuracy: 94.4%. HITL calibration reduces Complex–Creative confusions by 15% relative to the Teacher alone.

J AIFE Residual Distribution
Figure J1 plots the distribution of prediction residuals (ŷpipeline − yhuman) for the Full Pipeline on the evaluation gold standard
(N = 5,000). The distribution is approximately symmetric and centered near zero (mean: −0.034; skewness: −0.03),
confirming the absence of systematic directional bias. The interquartile range is [−0.44, 0.38], and 96.4% of residuals fall
within ±1.5 points on the 0–10 scale.
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Figure J1. Histogram of AIFE prediction residuals (Full Pipeline minus human consensus) on the evaluation gold standard (N = 5,000).
The red curve shows a fitted normal distribution. Green dashed lines mark the interquartile range. The color gradient encodes distance
from zero: blue (near-zero residuals) to red (larger errors).

K Econometric Robustness: Alternative Clustering and Controls
To test the sensitivity of our baseline fixed-effects estimates, we re-estimate the model with standard errors clustered at the
industry level (2-digit NAICS; more conservative than firm-level clustering) and with firm revenue as an alternative size
control.
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Table K1. Robustness to clustering and control definitions.
Baseline Industry Clusters Revenue Control

(Firm Cluster) (2-Digit NAICS) (Log Revenue)

AIFEt−1 −0.021∗∗∗ −0.021∗∗ −0.019∗∗∗

(Std. Error) (0.004) (0.008) (0.004)
t-statistic −5.25 −2.63 −4.75

Observations 223,659 223,659 198,420

Notes: Dependent variable is the share of Routine jobs. ∗∗∗, ∗∗, ∗ indicate significance at 1%, 5%, 10%. The point estimate is stable
across specifications; clustering at the industry level approximately doubles the standard error but preserves significance at the 5% level.

L Estimation Sample Summary Statistics
Table L1 reports summary statistics for the estimation sample (N = 223,659 firm–year observations). Panel A describes the
dependent and independent variables; Panel B reports control variables.

Table L1. Estimation sample summary statistics.
Variable Mean SD P10 P50 P90 N

Panel A: Outcome and treatment variables
AIFE score (0–10) 2.34 1.87 0.30 1.82 5.12 223,659
Share Routine 0.37 0.24 0.06 0.33 0.71 223,659
Share Complex 0.39 0.21 0.12 0.38 0.67 223,659
Share Creative 0.24 0.19 0.03 0.19 0.52 223,659

Panel B: Control variables
Total postings/year 48.3 187.4 5 14 89 223,659
Firm age (years) 24.1 21.8 3 17 56 223,659

Panel C: Sample composition
Unique firms 41,247
Countries 72
2-digit NAICS sectors 18
Avg. years per firm 5.4
Share HIC firms 60.0%
Share LMIC firms 40.0%

Notes: Sample restricted to firms with ≥ 3 consecutive years of data and ≥ 5 postings per year. P10/P50/P90 denote the 10th, 50th, and
90th percentiles. HIC/LMIC classification follows the World Bank (FY2024).

M Pipeline-Bootstrap Standard Errors
To assess the impact of estimation error in the generated regressor (AIFE), we implement a pipeline bootstrap with 500
iterations. In each iteration, we:

1. Draw a stratified bootstrap sample (with replacement) of the Teacher-labeled training corpus.

2. Re-train the Student model on the resampled training data (using the same hyperparameters and early-stopping criterion).

3. Re-score the full 100-million-posting corpus with the re-trained Student.

4. Re-compute firm–year AIFE scores.

5. Re-estimate the TWFE regression (Equation 5).

The bootstrap distribution of β̂ provides standard errors that incorporate both sampling uncertainty and model uncertainty.
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Table M1. Comparison of analytic and bootstrap standard errors.
Specification Analytic SE Bootstrap SE Ratio

Dep. var.: Share Routine
TWFE (Col. 2) 0.004 0.005 1.12
2SLS (Panel B) 0.006 0.007 1.14

Dep. var.: Share Creative
TWFE (Col. 4) 0.004 0.004 1.08
2SLS (Panel B) 0.005 0.006 1.11

Notes: Analytic SEs are firm-clustered. Bootstrap SEs are the standard deviation of β̂ across 500 pipeline-bootstrap iterations. Ratios
between 1.08 and 1.14 indicate that AIFE measurement error inflates standard errors by 8–14%, which does not alter any significance
conclusions.

N Nickell Bias Assessment
Including the lagged dependent variable in a short-panel fixed-effects model introduces Nickell bias of order O(1/T ). With
T = 9, the bias is approximately −1/(T − 1) ≈ −12.5% of the true autoregressive coefficient. To assess the impact on our
coefficient of interest, we re-estimate the TWFE model excluding the lagged dependent variable.

Table N1. Sensitivity to inclusion of lagged dependent variable.
With lag Yi,t−1 Without lag Yi,t−1

AIFEi,t−1 (Share Routine) −0.021∗∗∗ −0.023∗∗∗

(0.004) (0.004)

AIFEi,t−1 (Share Creative) 0.018∗∗∗ 0.020∗∗∗

(0.004) (0.004)

Within R2 (Routine) 0.187 0.151

Notes: Both specifications include firm and industry×year FE. The coefficient of interest changes by less than 10%, confirming that
Nickell bias does not materially affect our main estimates.

O IV Robustness
Excluding Dominant Firms

To verify that the first-stage relationship is not driven by a small number of large firms whose own AI adoption dominates
national occupation-level trends, we drop the largest 10% of firms by total postings and re-estimate the 2SLS specification.

Table O1. IV robustness: excluding largest firms.
Full sample Drop top 10%

First stage:
π̂ (Bartik) 0.842∗∗∗ 0.814∗∗∗

(0.017) (0.021)
KP F -stat 2,340.5 1,502.8

Second stage:
β̂IV (Routine) −0.038∗∗∗ −0.035∗∗∗

(0.006) (0.007)

Observations 223,659 201,293

Notes: “Drop top 10%” excludes firms in the top decile of total postings within each year. The first-stage coefficient and second-stage
estimate are robust to this exclusion.

Pre-Period Share Balance

Under the exogenous-shares interpretation of Goldsmith-Pinkham et al. (2020), the pre-period occupational shares should
be uncorrelated with firm-level observables that predict future hiring composition. Table O2 regresses the Bartik instrument
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Zit on pre-period firm characteristics and shows no significant correlation after controlling for industry FE.

Table O2. Balance test: Bartik instrument on pre-period observables.
(1) (2)

No industry FE With industry FE

Log(Pre-period postings) 0.043∗∗ 0.008
(0.018) (0.011)

Log(Firm age) 0.021 0.005
(0.014) (0.009)

Pre-period Routine share 0.127∗∗∗ 0.018
(0.031) (0.019)

Industry FE No Yes
R2 0.034 0.412
F -test (all covariates = 0) p = 0.001 p = 0.347

Notes: Dep. var.: Bartik instrument Zit. Column 1 shows that firm size and pre-period routine share unconditionally predict the
instrument. Column 2 shows that conditioning on industry FE eliminates these correlations (p = 0.347 for the joint test), supporting the
exogenous-shares assumption within industries.

P Sector-Level Heterogeneity
Table P1 reports TWFE estimates for selected 2-digit NAICS sectors, confirming that the displacement effect is not confined
to the technology-producing sector.

Table P1. TWFE estimates by sector.

NAICS Sector β̂ SE N

51 Information/IT −0.031∗∗∗ (0.007) 34,182
52 Finance & Insurance −0.022∗∗∗ (0.008) 28,947
31–33 Manufacturing −0.025∗∗∗ (0.009) 41,623
54 Professional Services −0.019∗∗ (0.008) 37,814
62 Healthcare −0.012 (0.010) 22,408
44–45 Retail Trade −0.016∗ (0.009) 18,926

Notes: Dep. var.: Share Routine. Each row is a separate regression on the indicated sector subsample. All include firm and year FE
(industry×year FE not feasible within a single sector). Healthcare shows a non-significant effect, consistent with regulatory barriers to AI
adoption in clinical roles. ∗∗∗ p < 0.01; ∗∗ p < 0.05; ∗ p < 0.10.

Q Alternative Clustering and Controls
Table Q1 reports the baseline TWFE coefficient under alternative clustering strategies and control specifications.

Table Q1. Robustness to clustering and controls.
Baseline Industry Two-way Revenue

(Firm cluster) (2-digit NAICS) (Firm × Year) (Log revenue)

AIFEi,t−1 −0.021∗∗∗ −0.021∗∗ −0.021∗∗∗ −0.020∗∗∗

(0.004) (0.007) (0.005) (0.004)
t-statistic −5.25 −3.00 −4.20 −5.00

N 223,659 223,659 223,659 198,420

Notes: Dep. var.: Share Routine. The point estimate is stable across all specifications. Industry clustering approximately doubles the SE
but preserves significance at 5%. Two-way clustering (Cameron, Gelbach, and Miller 2011) yields intermediate standard errors.
Replacing log postings with log revenue (available for a smaller subsample) produces a virtually identical coefficient.

R Prediction Model Hyperparameters
Table R2 reports the full hyperparameter configuration for the Temporal Fusion Transformer. All hyperparameters
were selected via grid search on the validation window (the year immediately preceding the calibration year in each
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expanding-window fold). Early stopping on validation quantile loss (patience = 10 epochs) prevents overfitting.

Table R2. TFT hyperparameter configuration.
Component Hyperparameter Value

Architecture

Hidden size 128
Attention heads 4
LSTM layers (encoder) 1
LSTM layers (decoder) 1
Dropout (all layers) 0.1

Training

Optimizer Adam
Learning rate 1× 10−3

LR scheduler Cosine annealing
Batch size 256
Max epochs 100
Early stopping patience 10

Quantile output
Quantile levels T {.05, .10, .25, .50, .75, .90, .95}
Prediction horizons h {1, 2, 3}
Lookback window 4 years

Regularization γ (causal loss weight) 0.1
Weight decay 10−4

Table R3 reports the XGBoost configuration. Separate models are trained for each horizon h.

Table R3. XGBoost hyperparameter configuration.
Hyperparameter Value

Number of trees 500
Max depth 6
Learning rate (η) 0.05
Min child weight 10
Column subsampling 0.8
Row subsampling 0.8
L2 regularization 1.0
Early stopping rounds 20

S Causal Regularization Weight Sensitivity
Table S4 reports prediction performance as a function of the causal regularization weight γ in Ltotal = Lquantile + γ Lcausal.
All metrics are computed on the validation window (not the test set) using Window 3 (train: 2015–2020, validate: 2021).

Table S4. Sensitivity to causal regularization weight γ. Metrics on validation set (Window 3).
γ MAE (h=1) MAE (h=3) Cov. 90% (h=1) Cov. 90% (h=3) Implaus. (%)

0.0 .243 .374 90.1 89.8 3.7
0.01 .243 .371 90.2 90.0 2.4
0.1 .246 .367 90.4 90.8 0.8
0.5 .254 .369 90.6 91.0 0.2
1.0 .271 .378 90.8 91.3 0.0
5.0 .312 .421 91.2 91.7 0.0

Notes: “Implaus.” is the fraction of test predictions that imply displacement magnitudes exceeding the 99% dose-response envelope from
§5.3. γ = 0.1 achieves the best MAE–plausibility trade-off: it eliminates most structurally implausible predictions (0.8% vs. 3.7% at
γ = 0) with negligible MAE degradation (+0.003 at h = 1). High values of γ over-constrain the model, degrading point accuracy.

T SLI Principal Component Sensitivity
The Frontier Distance feature dit (Eq. 14) requires computing a Mahalanobis distance in a reduced-dimension subspace
because the raw covariance matrix Σst is singular in d = 1,024 dimensions. We project onto the top-k principal components
of the sector–year AI-frontier posting embeddings. Table T5 reports the full model’s MAE at h = 3 as a function of k.
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Table T5. Sensitivity of Frontier Distance to PCA dimensionality k.
k Var. explained (%) MAE (h=3) ∆MAE vs. k=64

16 78.3 .381 +.014
32 89.1 .373 +.006
64 95.4 .367 —
128 98.2 .369 +.002
256 99.4 .372 +.005
Full (d) 100.0 — N/A (singular)

Notes: k = 64 (retaining > 95% of variance) achieves the lowest MAE. Higher k introduces estimation noise from poorly-estimated
principal components; lower k discards informative directions.

U Conformal Decay Parameter Selection
The weighted conformal procedure (Eq. 17) requires a temporal decay parameter λ that controls the effective size of the
calibration window. We select λ via a nested procedure: within each expanding-window fold, we further split the validation
year into a “meta-calibration” set (first 6 months) and a “meta-test” set (last 6 months), and select the λ that achieves the
closest-to-nominal coverage on the meta-test set.

Table U6 reports empirical coverage on the meta-test set as a function of λ (Window 3, h = 2, 90% nominal).

Table U6. Conformal decay parameter selection (meta-test, Window 3, h=2, 90% nominal).
λ Emp. coverage (%) Mean width Half-life (yrs)

0.0 (unweighted) 87.4 1.38 ∞
0.1 88.9 1.41 6.9
0.3 90.6 1.47 2.3
0.5 91.8 1.54 1.4
1.0 93.2 1.71 0.7

Notes: The unweighted procedure (λ = 0) undercovers because it assigns equal weight to distant calibration years whose distribution has
shifted. λ = 0.3 (half-life ≈ 2.3 years) is the smallest value achieving ≥ 90% coverage. Larger λ overcorrects, producing unnecessarily
wide intervals.

V Per-Window Prediction Results
Table V7 disaggregates the main prediction results (Table 14) by expanding-window fold for the full model (TFT + SLI +
Causal Reg.). Performance is relatively stable across windows, with modest improvement in later windows (which benefit
from longer training histories).

Table V7. Per-window MAE for the full model, by horizon.
Test Year

Horizon 2021 2022 2023 2024

h = 1 .261 .253 .239 .231
h = 2 .352 .341 .324 .308
h = 3 .394 .379 .358 .336

Notes: The 2024 window shows the best performance, benefiting from 7 years of training data. The 2021 window (trained on only
2015–2018) shows the worst performance, as expected given the shorter training history and the COVID-19 disruption in the
validation/calibration years.

W Temporal Attention Patterns
The TFT’s interpretable multi-head attention provides insight into which historical time steps the model attends to when
generating forecasts. Figure W2 visualizes the average attention weights across all test observations for the h = 3 forecast.
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Figure W2. Average temporal attention weights for h = 3 forecasts. Each row corresponds to one of the 4 attention heads; columns
correspond to lookback years (t, t−1, t−2, t−3). Head 1 focuses on the most recent year; Head 3 focuses on longer-range context (t−2
and t−3); Head 4 attends broadly. This specialization confirms that the TFT learns to combine short- and long-range temporal patterns.

X Bayesian Uncertainty Propagation
The displacement forecast (Eq. 10) combines AIFE prediction uncertainty with a point estimate of the causal parameter
β̂IV. A complete accounting of uncertainty would propagate both sources. Under the assumption that AIFE prediction error
and causal parameter estimation error are independent (reasonable, since they are estimated on non-overlapping data), the
variance of the displacement forecast is:

Var
(
∆̂Y

routine)
≈ β̂2 Var

(
∆̂AIFE

)
+ (∆AIFE)2 Var

(
β̂
)
+ Var

(
∆̂AIFE

)
Var

(
β̂
)
, (19)

using the standard delta-method expansion for the product of two independent random variables.

From the IV analysis (§5.4), β̂IV = −0.038 with SE(β̂) = 0.011. At the median predicted AIFE change (∆ÂIFE = 1.2),
the conformal half-width is approximately ±0.91 (90% level, h = 3). Converting the conformal half-width to a standard
deviation estimate via σ̂AIFE ≈ 0.91/1.645 = 0.55, the three variance components are:

AIFE prediction: β̂2σ̂2
AIFE = (0.038)2(0.55)2 = 4.37× 10−4,

Causal parameter: (∆AIFE)2SE2 = (1.2)2(0.011)2 = 1.74× 10−4,

Interaction: σ̂2
AIFE SE2 = (0.55)2(0.011)2 = 3.66× 10−5.

The causal parameter uncertainty contributes approximately 28% of total variance, adding ±0.8 pp to the displacement 90%
interval at the median ∆AIFE. This is modest relative to the AIFE prediction uncertainty (±3.5 pp), confirming that AIFE
forecasting accuracy—not causal parameter precision—is the binding constraint on early-warning quality.

Y Diebold-Mariano Test Results
Table Y8 reports p-values from pairwise Diebold-Mariano tests (?) comparing the full model against each baseline, using
the squared-error loss differential. The test statistic accounts for serial correlation via Newey-West standard errors with
automatic bandwidth selection.
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Table Y8. Diebold-Mariano test p-values (full model vs. each baseline). H0: equal predictive accuracy.
Baseline h = 1 h = 2 h = 3

AR(2) < .001 < .001 < .001
XGBoost .003 < .001 < .001
XGBoost + SLI .024 .008 .003
TFT (no SLI) .011 .004 .001

Notes: All comparisons reject the null of equal predictive accuracy at α = 0.05. The smallest margin is Full Model vs. XGBoost + SLI at
h = 1 (p = .024), consistent with the modest architectural advantage of TFT at short horizons where autoregressive features dominate.

Z Feature Correlation with Prediction Residuals
To assess whether the full model exhibits systematic prediction failures correlated with observable characteristics, we regress
squared prediction residuals on firm covariates. Table Z9 reports results at h = 3 (the most challenging horizon).

Table Z9. Correlates of squared prediction residuals (h=3, full model). Dep. var.: (Yi,t+3 − Ŷi,t+3)
2.

Covariate Coefficient p-value

Log total postings −0.021∗∗∗ < .001
Developing economy 0.018∗∗ .003
Non-English majority 0.014∗ .031
IT sector (NAICS 51) 0.009 .127
High baseline AIFE (>P75) 0.023∗∗∗ < .001

R2 0.038

Notes: Prediction errors are larger for firms with fewer postings (noisier AIFE estimates), in developing economies (sparser embedding
coverage), and for firms already at high AIFE levels (where trajectory uncertainty is inherently greater). The overall R2 of 0.038 indicates
that prediction errors are largely idiosyncratic, not systematically driven by observable characteristics.

As a robustness check, we also train the full model to predict (i) the binary indicator
1[AIFEi,t+h ≥ 5] (high-intensity threshold) and (ii) the change ∆AIFEi,t+h = AIFEi,t+h − AIFEit

rather than the level.
Table 10. Alternative prediction targets (full model, h=2).

Target Metric Full Model XGBoost

Level (baseline) MAE / R2 .331 / .802 .413 / .700
Change (∆) MAE / R2 .298 / .614 .381 / .487
Binary (AIFE ≥ 5) AUC / F1 .937 / .874 .908 / .831

Notes: The level prediction is the primary target because it enables direct application of Eq. 10. Change prediction is harder (R2 drops)
because first-differencing removes the autoregressive component. Binary classification is easier but less informative for the continuous
displacement calculation.
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