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Abstract

The economics of artificial intelligence has developed increasingly precise measures
of frontier capability, including model performance, compute scale, private investment,
talent, and laboratory output. This paper studies diffusion capacity as a distinct
economic margin, defined as the capacity of a political economy to embed Al into
production systems. I introduce the concept of the Al diffusion state to describe
the institutional architecture through which national technology priorities become
usable, visible, and scalable across local industrial systems. China provides a useful
setting because its Al pilot-zone system and smart-factory recognition programs make
a policy-legible part of this adoption architecture observable.

The paper constructs a reproducible city-level measurement pipeline linking 17
National New Generation Al Innovation and Development Pilot Zone units to 509
Ministry of Industry and Information Technology excellence-level smart-factory projects
listed in 2024 and 2025. Each project is assigned to a city through an evidence-classified
procedure that separates official-location exact assignments, rule-based city inferences,
and externally verified assignments. Pilot-zone cities account for 192 listed projects
across 16 cities, compared with 317 projects across 143 non-pilot cities. Baseline
city-year models show a positive pilot-zone association, and hub-exclusion estimates
show that the association attenuates when Beijing, Shanghai, Shenzhen, Hangzhou,

direct-admin municipalities, or the top smart-factory cities are removed.
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The evidence supports an architectural interpretation of the policy-legible portion
of China’s industrial Al diffusion. Pilot-zone designation marks part of the adoption
geography, while municipal capacity, administrative status, industrial ecosystems, and
sectoral compatibility shape where recognized adoption appears. Sectoral and export-
relevance analyses show that listed smart-factory projects appear in manufacturing
domains where Al-enabled production systems are technologically plausible and in-
dustrially salient. Appendix analyses add partial public city controls and a tiered
patent-geography robustness extension under explicit limits on causal interpretation.
The paper contributes a framework for measuring Al diffusion capacity and shows why

AT advantage depends on institutions that translate capability into production.
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1 Introduction

The economics of artificial intelligence needs a measure of diffusion capacity alongside its
increasingly sophisticated measures of frontier capability. Current debates over Al competition
often focus on who can build the strongest models, assemble the largest compute clusters,
attract the deepest talent pools, raise the most capital, or produce the most visible technical
breakthroughs (Agrawal et al., 2019; Maslej et al., 2025; Agrawal et al., 2022). These measures
capture the production of capability, yet they leave unresolved a second question that is
equally central to economic performance. The consequences of Al will depend on whether
firms, cities, sectors, and institutions can reorganize production around Al-enabled systems.
A general-purpose technology becomes economically consequential through complementary
capital, organizational change, sectoral knowledge, and implementation capacity (Bresnahan
and Trajtenberg, 1995; Brynjolfsson et al., 2021; Comin and Hobijn, 2010).

This paper studies China’s industrial Al strategy through the lens of diffusion capacity.
China is a revealing case because its Al strategy combines frontier ambitions with a large
institutional apparatus for embedding digital and intelligent technologies into manufacturing
(Naughton, 2021; Juhész et al., 2024). National pilot zones, municipal implementation
programs, industrial parks, firm upgrading initiatives, smart-factory recognition, and sector-
specific policies form a system for moving Al from national priority into production practice.
I define this system as the Al diffusion state, meaning the institutional architecture through
which a political economy makes general-purpose technologies usable, visible, and scalable
across local production systems.

The paper’s central claim is that Al competition has a production-side margin that remains
undermeasured. Frontier indicators reveal who produces capability. Diffusion indicators
reveal who can absorb capability into factories, supply chains, industrial routines, and
local implementation systems. This distinction matters because Al becomes economically
consequential through adoption environments, complementary assets, and organizational
change. The diffusion-state framework therefore treats policy designation, municipal capacity,
administrative recognition, sectoral compatibility, and industrial geography as part of the
economics of Al adoption.

The empirical challenge is that industrial Al diffusion is difficult to observe directly. Many
deployments are embedded inside factories, production lines, enterprise software, robotics
systems, inspection routines, scheduling tools, and process-control systems. Firm-level
adoption is fragmented, administrative programs differ across jurisdictions, and industrial Al
often appears through operational redesign before it appears in standard innovation statistics.

This paper uses a measurable administrative trace of diffusion by linking China’s National



New Generation Al Innovation and Development Pilot Zones to the Ministry of Industry and
Information Technology’s excellence-level smart-factory recognition lists for 2024 and 2025
(Center for Security and Emerging Technology, 2020; Xinhua News Agency, 2021; Ministry
of Industry and Information Technology of the People’s Republic of China, 2024, 2025).
The resulting design treats smart-factory recognition as a visible indicator of policy-legible
industrial upgrading while preserving the distinction between recognized adoption, complete
adoption, and causal evaluation.

The paper’s measurement choice defines its empirical scope. Smart-factory recognition
measures the portion of industrial upgrading that becomes visible through administrative
recognition, policy classification, and public reporting. The empirical object is policy-legible
recognized adoption, which is narrower than total adoption and well suited for studying how
state institutions make diffusion visible. The paper uses this administrative trace to study
the architecture of diffusion, while leaving the full universe of firm-level industrial Al use to
future work with different data.

The dataset connects 17 Al pilot-zone units to 509 listed smart-factory projects and
resolves every project to a city through an evidence-classified geocoding procedure. The
city-resolution pipeline separates official-location exact assignments, rule-based city inferences
from project text, and externally verified assignments, then reports a stratified audit of
sampled cases. This structure is central to the paper because the object of interest is
geographic and institutional. If the diffusion state operates through hubs, municipal capacity,
and industrial ecosystems, the empirical credibility of the paper depends on whether the
adoption trace can be assigned to cities in a transparent and reproducible way.

The first empirical pattern is a strong concentration of listed smart-factory recognition in
pilot-zone cities and high-capacity hubs. Pilot-zone cities account for 192 listed smart-factory
projects across 16 cities, while non-pilot cities account for 317 projects across 143 cities. The
average pilot-zone city has 12.00 listed projects, compared with 2.22 projects in the average
non-pilot city. Baseline city-year models show a positive association between pilot-zone status
and listed smart-factory counts. This establishes the descriptive overlap between national Al
policy designation and recognized industrial adoption.

The central result is that the pilot-zone association attenuates when the largest hubs and
administratively distinctive cities are removed. The estimated association falls when Beijing,
Shanghai, Shenzhen, and Hangzhou are excluded, and it also weakens when direct-admin
municipalities or the top smart-factory cities are removed. This attenuation pattern is the
key diagnostic for a hub-centered interpretation. Pilot-zone designation marks part of the
diffusion architecture, while much of the observed adoption geography is shaped by municipal

scale, administrative capacity, industrial depth, firm concentration, and sectoral opportunity:.



The sectoral distribution of smart-factory recognition further indicates that industrial
AT diffusion depends on compatibility between AI capabilities and production systems.
Al is especially relevant where manufacturing relies on machine vision, quality inspection,
predictive maintenance, industrial robotics, smart logistics, digital twins, process control,
semiconductor production, battery manufacturing, automotive systems, machinery, chemicals,
and pharmaceuticals. The paper therefore studies ex ante industry Al exposure and export
relevance as mechanism and strategic-context evidence. These analyses show that recognized
adoption is concentrated in sectors where Al-enabled production systems are technologically
plausible and industrially salient, while leaving productivity outcomes and changes in export
outcomes outside the completed evidence base.

The paper contributes to the economics of Al by shifting attention from capability
production to capability absorption. A country may produce capable models and still diffuse
them slowly across firms, sectors, and production systems. Another political economy may
gain advantage through institutions that coordinate adoption, demonstration, standard
setting, municipal implementation, industrial finance, and administrative recognition. The
diffusion-state framework makes this second channel observable and creates a way to compare
AT strategies through adoption architecture alongside frontier capability.

The paper also contributes to the study of industrial policy by treating policy designations
as institutional markers embedded in preexisting capacity. Pilot zones are selected through
processes shaped by prior municipal capacity, industrial depth, administrative status, and
strategic policy priorities. The empirical goal is to measure whether designated cities sit
inside a broader geography of recognized adoption and to characterize the architecture of that
geography. This distinction is essential because the strongest pattern in the data is spatial
concentration, and spatial concentration is exactly what a diffusion-capacity perspective
would expect when complementary assets are unevenly distributed.

The paper’s evidence hierarchy preserves the central distinction between measured architec-
ture and causal evaluation. The main text relies on smart-factory recognition, city-resolution
evidence, hub-exclusion results, city typologies, sectoral exposure, and export relevance.
Appendix analyses report partial public city controls from China City Statistical Yearbook
data and a tiered patent-geography robustness extension based on IIDS patent records. These
appendix results strengthen the measurement exercise while preserving the paper’s claim
discipline. Strict EPS and NBS controlled models remain unavailable in the open pipeline,
and exact publication-number patent geography remains a separate data requirement.

The argument proceeds through the conceptual framework, the Chinese institutional
setting, the measurement pipeline, and the empirical architecture of recognized adoption.

Section 2 positions the paper in the literature on Al economics, general-purpose technology



diffusion, industrial policy, state capacity, and economic geography. Section 3 develops
the diffusion-state framework. Sections 4 and 5 describe the pilot-zone and smart-factory
setting and construct the city-level measurement pipeline. Sections 6 through 10 present
the empirical strategy, the descriptive overlap, the hub architecture, sectoral selectivity, and
export relevance. Sections 11 through 14 interpret the results, report robustness checks,
clarify the scope of inference, and draw implications for measuring Al competition through

diffusion capacity.

2 Related literature

This paper contributes to the economics of artificial intelligence by treating diffusion capacity
as a distinct object of measurement. A large and growing literature studies Al as a general-
purpose technology with implications for prediction, innovation, productivity, labor demand,
firm organization, and growth (Agrawal et al., 2019, 2022; Aghion et al., 2019; Cockburn
et al., 2019). Much of this work measures either the production of AI capability or the
exposure of tasks, firms, and occupations to Al-enabled automation and augmentation
(Eloundou et al., 2023; Brynjolfsson et al., 2023; Babina et al., 2024). This paper studies a
complementary margin. It asks how a political economy converts Al capability into recognized
industrial adoption through local institutions, production systems, administrative categories,
and sectoral complements.

The paper builds on the literature on general-purpose technologies, adoption lags, and
complementary investment. Classic work on technological diffusion shows that new technolo-
gies generate economic effects through slow, uneven, and institutionally mediated adoption
(Bresnahan and Trajtenberg, 1995; Comin and Hobijn, 2010; Rogers, 2003). Recent work
on the productivity J-curve emphasizes intangible investment, organizational redesign, and
delayed measurement of productivity gains (Brynjolfsson et al., 2021). The diffusion-state
framework extends this perspective to AI by making municipal implementation capacity,
industrial ecosystems, administrative recognition, and sectoral compatibility part of the
empirical object. The relevant question is therefore whether the surrounding economy can
reorganize around Al once the technical frontier advances.

The paper connects to research on automation, robotics, and production tasks by focusing
on the industrial settings where AI becomes embedded in equipment, routines, and process
control. Al-enabled manufacturing systems often operate through inspection, prediction,
scheduling, robotics, predictive maintenance, logistics, digital twins, and quality management
(International Federation of Robotics, 2023). These applications differ from consumer software

and frontier-model benchmarks because they depend on sensors, machine interfaces, industrial



data, production expertise, and managerial change. The empirical design therefore measures
recognized adoption through smart-factory projects and studies the city and sector conditions
under which Al-enabled production systems become visible.

The paper contributes to the literature on industrial policy by treating policy designation
as an institutional marker embedded in prior capacity. Recent work on industrial policy
emphasizes coordination, learning, firm selection, state capacity, and the difficulty of eval-
uating policies targeted toward already-capable sectors and locations (Juhasz et al., 2024;
Rodrik, 2004; Aghion et al., 2015; Brandt et al., 2023; Criscuolo et al., 2019). China’s Al
pilot zones provide a setting where national designation, municipal implementation, and
industrial ecosystems interact. The paper therefore interprets pilot-zone status as part of an
adoption architecture, while leaving causal evaluation of designation to designs with stronger
counterfactual variation.

The paper also relates to work on procurement, public demand, and state capacity as
channels through which governments shape technology adoption (Decarolis et al., 2020;
Besley and Persson, 2010). In this setting, the relevant state function extends beyond fiscal
support. Pilot-zone designation and smart-factory recognition can coordinate attention,
certify exemplary projects, create demonstration channels, make industrial upgrading legible
to ministries, and signal priority areas to firms and local governments. The diffusion-state
framework treats the state as an organizer of adoption environments, a coordinator of
implementation channels, and a producer of policy-legible industrial categories.

The paper speaks to economic geography by showing that industrial Al adoption is
spatially concentrated. Innovation and technology adoption are rarely distributed evenly
across space because labor markets, supplier networks, universities, firm density, infrastructure,
logistics, and administrative capacity differ across cities (Syverson, 2011; Duranton and Puga,
2014; Glaeser and Resseger, 2010). The hub-attenuation results show that China’s visible
industrial Al adoption is concentrated in cities with exceptional implementation capacity.
This spatial concentration is central to the paper’s interpretation because it reveals how
national Al strategy becomes legible through local industrial systems.

The paper finally contributes to empirical work on China’s technology policy and manu-
facturing upgrading (Naughton, 2021; Brandt et al., 2023; Li, 2024). Much of the debate
on China and Al focuses on frontier models, chips, firms, data, research output, and geopo-
litical competition. This paper studies a different layer of Chinese Al strategy by linking
AT pilot-zone designation to MIIT excellence-level smart-factory recognition. The resulting
evidence shows how national Al priorities become connected to recognized manufacturing
projects, sectoral production complementarities, and export-relevant industrial domains. The

contribution is a measurement architecture for China’s Al diffusion state, with a conservative



claim hierarchy that separates measured adoption traces, descriptive associations, mechanism

evidence, robustness checks, and blocked causal claims.

3 Conceptual framework

The economic importance of artificial intelligence depends on the institutions that convert
technical capability into deployed production capacity. Frontier capability describes the
ability to build models, assemble compute, produce algorithms, and improve technical
performance. Diffusion capacity describes the ability to reorganize firms, sectors, cities,
and production systems around those capabilities. A general-purpose technology becomes
economically consequential when complementary capital, organizational routines, workforce
skills, standards, equipment interfaces, software integration, and sectoral knowledge form
around it. The central object of this paper is therefore diffusion capacity, understood as the
ability of a political economy to embed Al into production at scale.

The Al diffusion state is the institutional architecture through which national AI priorities
become usable, visible, and scalable inside industrial systems. This architecture links policy
designation, local government coordination, industrial parks, firm upgrading programs, smart-
factory recognition, technical standards, procurement channels, demonstration projects, and
sector-specific implementation capacity. The relevant state function extends beyond subsidy
allocation. It includes the construction of adoption environments in which firms receive
signals, legitimacy, technical support, and coordination mechanisms that lower the cost of

reorganizing production around Al-enabled systems.



The AI diffusion state

How national Al priorities become policy-legible industrial adoption

Frontier Al capability

National Al designation

Municipal implementation capacity

Industrial ecosystems +
complementary capital

Recognized industrial adoption

Sectoral and export-relevant

manufacturing context

Observable trace in this paper

Al pilot zones and MIIT excellence-level smart-factory recognition

Figure 1: Conceptual architecture of the AI diffusion state. The framework connects
frontier Al capability to national designation, municipal implementation capacity, industrial
ecosystems, administrative recognition, and sectoral and export-relevant industrial adoption.

The distinction between capability generation and capability absorption is especially
important for artificial intelligence because Al often enters the economy through tasks
and workflows inside existing systems. In manufacturing, AI may appear as machine vision,
predictive maintenance, scheduling optimization, robotics coordination, automated inspection,
process control, warehouse management, or digital-twin simulation. These applications are
embedded inside production systems, which makes them harder to observe than model
releases, chip purchases, research publications, or venture investment. A country can look
strong on frontier indicators while remaining weak at industrial absorption, and another
country can accumulate advantage through deployment channels that remain largely invisible

to frontier rankings.



Diffusion capacity has a spatial structure because the complements required for adoption
are unevenly distributed across cities. Large manufacturing hubs often contain skilled
engineering labor, supplier networks, universities, technical service firms, industrial parks,
logistics systems, leading manufacturers, and local governments experienced in implementing
upgrading programs. These assets reduce the cost of adoption and increase the likelihood
that a recognized project can be planned, executed, and reported. A hub-centered diffusion
architecture should therefore produce concentration in cities that combine formal designation
with preexisting industrial and administrative capacity.

Pilot zones matter in this framework as institutional markers inside a broader geography of
capacity. Designation can coordinate attention, concentrate resources, generate demonstration
effects, and align local governments with national priorities. Designation also tends to
select places that already possess the industrial depth and administrative capacity needed
for implementation. A positive association between pilot-zone status and smart-factory
recognition therefore carries the most economic meaning when interpreted through the
geography of complementary capacity. It reveals where national AI policy and local adoption
conditions coincide.

Administrative recognition provides a measurable trace of diffusion because many forms
of industrial Al adoption are difficult to observe directly. Firms may deploy Al in inspection,
maintenance, scheduling, process control, robotics, logistics, and quality management through
internal systems that remain outside public records. Smart-factory recognition creates
a visible administrative signal that a project has entered a policy-recognized category of
digital and intelligent industrial upgrading. This signal captures the portion of adoption
that becomes legible to the industrial policy apparatus. The empirical object is therefore
recognized adoption, while the broader conceptual object remains diffusion capacity.

Sectoral compatibility is the final layer of the framework. Al diffusion in manufacturing
should be stronger where production processes generate data, require inspection, depend on
complex scheduling, use expensive equipment, face quality-control constraints, or benefit from
robotics and automation. This implies that diffusion capacity should vary across industries as
well as across cities. A city with deep activity in electronics, batteries, automotive systems,
machinery, chemicals, pharmaceuticals, or semiconductor production may provide a more
favorable environment for Al-enabled industrial upgrading than a city whose production base
offers fewer Al-complementary processes.

The diffusion-state framework yields three empirical expectations for China’s industrial Al
adoption architecture. First, listed smart-factory recognition should be concentrated in cities
that combine pilot-zone designation with high municipal and industrial capacity. Second,

the pilot-zone association should weaken when major hubs and administratively distinctive
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cities are excluded, because designation is embedded in a broader capacity hierarchy. Third,
recognized adoption should appear more often in sectors where Al has clearer production
complementarities and strategic relevance. The empirical sections evaluate these expectations
through city-level overlap, hub-exclusion models, city typologies, ex ante industry exposure,
and export relevance.

The framework defines the paper’s scope of inference by separating the architecture
of diffusion from causal evaluation. The evidence can show that pilot-zone designation,
smart-factory recognition, hub concentration, sectoral compatibility, and export-relevant
manufacturing align in a coherent adoption architecture. Stronger claims about causal
effects, productivity gains, complete adoption, changes in export outcomes, and exact patent
geography require different evidence. The contribution lies in making an undermeasured
margin of Al competition observable through disciplined evidence classes, transparent audit

procedures, and claim-specific robustness checks.

4 Institutional background

China’s industrial Al strategy makes part of the diffusion state observable because national
technology priorities are translated through local implementation systems. The National
New Generation Al Innovation and Development Pilot Zones identify cities and city clusters
expected to organize Al development, application, experimentation, and demonstration
around local industrial strengths. These designations sit inside a wider policy environment
in which municipal governments build industrial platforms, coordinate firms and research
institutions, attract investment, and align local upgrading programs with national technology
priorities. The relevant institutional object is a system of places, programs, firms, and
administrative signals through which AI becomes connected to industrial production.

Pilot-zone designation gives local governments a formal role in translating national Al
strategy into city-level implementation. A designated city can use the pilot-zone label to
coordinate industrial parks, universities, public procurement, financing channels, service
providers, and demonstration projects. The designation can also signal that Al-related
industrial activity will receive administrative attention. These channels make pilot zones
useful for studying diffusion architecture, while designation itself remains embedded in prior
municipal capacity and local industrial strength.

Smart-factory recognition provides the complementary adoption trace. The Ministry of
Industry and Information Technology recognizes excellence-level smart-factory projects as
part of China’s broader manufacturing upgrading agenda, and these lists make visible a

subset of industrial projects that have entered a formal category of digital and intelligent
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transformation. Recognition captures the portion of factory upgrading that becomes legible to
the state through project classification, reporting, and administrative validation. It therefore
offers a policy-facing trace of industrial AI adoption, while the wider universe of internal firm
deployments remains outside the observable list.

The overlap between pilot zones and smart-factory recognition connects two layers of the
diffusion state. Pilot zones represent a national-to-local policy architecture for Al development
and application. Smart-factory projects represent recognized industrial upgrading activity
inside manufacturing systems. When these two layers overlap in cities, the pattern reveals
where Al-oriented policy designation and industrial adoption traces coincide. When the
overlap concentrates in major hubs, the pattern indicates that implementation capacity and
industrial ecosystem depth shape the geography of recognized adoption.

The institutional setting also explains why the paper interprets pilot-zone status as a
marker of diffusion architecture. Chinese pilot zones were selected from cities and regions
with different industrial bases, administrative status, research systems, firm networks, and
implementation capacities. Many designated places already had substantial manufacturing
ecosystems, digital infrastructure, universities, leading firms, or local policy experience before
designation. The empirical analysis therefore treats pilot-zone status as an institutional
signal embedded in a broader geography of capability, using its association with smart-factory
recognition to characterize the architecture of diffusion.

The smart-factory lists sit close to the production margin because industrial Al often
appears inside operational systems. In manufacturing, these systems may involve inspection,
predictive maintenance, robotics coordination, scheduling optimization, digital twins, ware-
house automation, process control, and enterprise software integration. These applications
rarely generate clean public firm-level Al variables. Recognition lists provide an observable
administrative trace of projects that have entered a formal category of intelligent manufac-
turing, which allows the paper to measure where recognized adoption appears and how that
geography relates to Al policy designation.

The institutional background motivates the city-level design. If AI diffusion operates
through local implementation capacity and industrial ecosystems, cities become the relevant
unit for observing the alignment between designation and recognized adoption. A national
policy label matters through the places that implement it, the firms that absorb it, and the
industrial systems that make it useful. The analysis therefore resolves each smart-factory
project to a city and studies whether recognized adoption is concentrated in pilot-zone cities,

major hubs, and sectors with stronger Al-production complementarities.
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5 Data and measurement

The empirical design builds a city-level measure of policy-legible industrial Al diffusion
by connecting national Al policy designation to recognized smart-factory adoption. The
first component is the set of National New Generation Al Innovation and Development
Pilot Zones, which identifies cities and city clusters assigned a formal role in China’s Al
development and application strategy. The second component is the Ministry of Industry and
Information Technology’s excellence-level smart-factory recognition lists for 2024 and 2025,
which identify manufacturing projects that entered an administratively recognized category
of digital and intelligent upgrading. The resulting dataset links 17 pilot-zone units to 509
listed smart-factory projects.

The unit of analysis is the city-year because the paper studies diffusion through local
implementation capacity and industrial ecosystems. Pilot-zone designation operates through
municipal governments, local firms, industrial parks, universities, service providers, and
sector-specific production systems. Smart-factory recognition appears at the project level,
while the theoretical object requires a city-level geography of recognized adoption. The
measurement pipeline therefore resolves each project to a city, assigns project-year and
industry information, and constructs city-year smart-factory counts that can be compared
across pilot-zone and non-pilot cities.

The smart-factory lists are treated as administrative traces of recognized industrial
adoption. Recognition by the Ministry of Industry and Information Technology indicates
that a project has entered a formal category of intelligent manufacturing or digital industrial
upgrading. This trace captures the visible and policy-legible portion of adoption, especially
projects that firms, local officials, and ministries classify as exemplary or advanced. The
analysis therefore interprets listed projects as recognized adoption events, while acknowledging
that many firm-level uses of Al, industrial software, robotics, inspection systems, scheduling
tools, and process-control systems remain outside public recognition lists.

The city-resolution procedure separates location evidence into distinct classes to preserve
measurement credibility. Projects with an official location stated in the registry or source
material are classified as official-location exact assignments. Projects assigned through
structured project text, firm names, industrial park names, or location-bearing descriptions
are classified as rule-based text inferences. Projects supported by non-list external sources are
classified as external-evidence verified assignments. This classification allows the empirical
analysis to use all resolved projects while reporting the evidentiary strength behind the spatial
claims.

The final city-resolution register assigns all 509 projects to cities and reports the evidence
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Table 1: City-resolution evidence quality

Resolution class Projects Share of projects
External evidence verified 50 9.8%
Official location exact 102 20.0%
Rule-based text inference 357 70.1%

Production table source: table_B_city_resolution_quality.csv.
This table provides evidence-tiered measurement support for the
city-resolution procedure. The full evidence-type breakdown
appears in Appendix A.

Table 2: Dataset counts and evidence classes

Measure Count Role
Al pilot-zone units 17 Policy designation layer
Listed smart-factory projects 509 Recognized adoption trace
Official-location exact assignments 102 Strongest city evidence
Rule-based text inferences 357 Expanded city coverage
External evidence verified assignments 50  Non-list verification layer

Production table source: table_A_dataset_counts.csv. This table provides the mea-
sured counts used to define the paper-facing evidence base.

tier associated with each assignment. The paper-facing split contains 102 official-location
exact projects, 357 rule-based text-inference projects, and 50 externally verified projects.
The external verification layer uses non-list sources such as annual reports, company pages,
project registries, and industrial-park records to support selected city assignments. This split
is central to the paper’s credibility because the main claims concern the spatial distribution
of recognized adoption.

A stratified audit checks the reliability of the city-resolution procedure. The audit samples
official-location exact rows and rule-based inference rows separately because these classes
carry different evidentiary risks. The official-location sample confirms 20 of 20 assignments.
The rule-based sample confirms 20 assignments, marks 30 as insufficient evidence, and records
zero incorrect assignments. The audit gives the strongest support to the official-location layer
and records greater uncertainty in the rule-based layer. The results section and appendix
preserve this distinction when presenting the geography of recognized adoption.

The paper constructs several city-level outcomes from the resolved project data. The
main outcome is the count of listed smart-factory projects in a city-year. Additional measures
aggregate projects by pilot-zone status, city type, industry group, and ex ante Al exposure.
City typologies distinguish major hubs, pilot-zone cities, non-pilot adopters, and cities with

limited or no recognized adoption. These aggregations allow the paper to study whether
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recognized adoption appears evenly across the urban system or concentrates in a small set of
high-capacity cities.

The industry classification links smart-factory projects to the sectoral layer of the diffusion-
state framework. Each project is assigned to an industry category that can be compared with
ex ante Al-production compatibility and export relevance. Ex ante exposure is constructed
from sectoral characteristics associated with industrial Al use, including machine vision,
quality inspection, robotics, predictive maintenance, digital twins, logistics optimization,
scheduling, process control, semiconductor production, battery manufacturing, automotive
systems, machinery, chemicals, and pharmaceuticals. This exposure measure is defined inde-
pendently of realized smart-factory counts so that the sectoral analysis reflects technological
compatibility instead of outcome-derived labeling.

The export-relevance measures provide strategic context for the industrial distribution
of recognized adoption. The paper compares smart-factory sectors with export-relevant
manufacturing categories to evaluate whether recognized adoption appears in sectors connected
to China’s position in global production. These measures are descriptive. They show the
industrial importance of the sectors in which smart-factory recognition appears, while leaving
claims about changes in export outcomes, productivity gains, and firm-level performance
effects outside the completed evidence base.

The empirical tables are organized by claim tier so that each result carries the appropriate
interpretation. Dataset counts, evidence-class splits, city-resolution quality, pilot-zone overlap,
city typology, sectoral exposure, and export relevance are treated as measured or validated
descriptive claims. Baseline associations between pilot-zone status and smart-factory counts
are treated as associations. Hub-exclusion results are treated as architecture diagnostics
for the hub-centered interpretation. Public city controls and patent-based triangulation are
reported as appendix-only robustness exercises because their coverage and measurement
constraints place them outside the main identification layer.

The appendix extends the measurement architecture while preserving the main evidence
hierarchy. Public city controls from China City Statistical Yearbook tables provide a partial
2024 robustness check using GDP, population, secondary-industry structure, foreign trade,
telecom, and industrial-output proxies, while missing FDI and fixed-asset investment prevent
an EPS-equivalent controlled design. A tiered IIDS patent-geography extension provides addi-
tional triangulation for industrial Al activity, with coverage reported by geography-confidence
tier and exact publication-number applicant-address geography treated as unavailable. These
appendix layers strengthen the transparency of the project while keeping the main paper

centered on smart-factory recognition and audited city-level diffusion evidence.
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5.1 Measurement under incomplete observability

The paper’s measurement contribution is to make policy-legible industrial Al diffusion
observable under incomplete, uneven, and administratively mediated data. Industrial Al
adoption is difficult to measure because many deployments occur inside production lines,
enterprise software, quality-control systems, robotics cells, warehouse systems, and process-
control routines. These deployments may affect production without appearing in standard
innovation data, firm surveys, or patent records. The empirical strategy therefore uses
administrative recognition as an adoption trace, while explicitly separating what is observed,
what is inferred, what is externally verified, and what remains outside the data.

The first measurement problem is the distinction between adoption and recognized
adoption. Smart-factory lists identify projects that have entered a formal category of
intelligent manufacturing, which makes them valuable for studying policy-legible industrial
upgrading. These lists measure a policy-legible trace of visible adoption. This distinction
protects the empirical interpretation and turns the smart-factory lists into a disciplined
measurement object.

The second measurement problem is spatial assignment. The paper studies diffusion
architecture at the city level, so project geography must be resolved with evidence that can
be inspected and audited. The city-resolution pipeline assigns every project to a city and
classifies the supporting evidence into official-location exact assignments, rule-based text
inferences, and externally verified assignments. This tiering matters because different rows
carry different degrees of evidentiary strength. The paper reports the evidence classes and
uses a stratified audit to make location uncertainty visible.

The third measurement problem is claim discipline. Empirical Al research often combines
administrative data, scraped records, inferred geography, patent records, and policy labels,
then presents them as if they supported a single level of inference. This paper instead
organizes the evidence into claim tiers. Dataset counts and evidence splits are measured
facts. Pilot-zone and smart-factory overlap is a descriptive association. Hub attenuation
is an architecture diagnostic. Sectoral exposure and export relevance are mechanism and
context evidence. Public controls and tiered patent geography are appendix-only robustness
exercises. Causal treatment effects, productivity outcomes, exact patent geocoding, and strict
production-control estimates remain outside the completed evidence base.

The fourth measurement problem is reproducibility. The paper is accompanied by a
pipeline that regenerates the main submission package, validates the evidence gates, exports
paper tables and figures, and blocks unsupported claims. This matters because the empirical
object is constructed from multiple administrative and derived sources. Reproducibility is

therefore part of the measurement design, since it allows the reader to distinguish stable
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paper-facing artifacts from exploratory layers, blocked specifications, and robustness-only
extensions.

The resulting approach can be used beyond the Chinese case. Many Al-adoption settings
will have incomplete observability because deployment often appears inside workflows and
production systems before it appears in public statistics. A general measurement strategy for
AT diffusion should therefore combine visible administrative traces, evidence-tiered geography,
audit procedures, claim-specific robustness, and transparent limits on causal interpretation.
The paper contributes such a strategy by showing how an adoption architecture can be
measured while preserving the distinction between the observable trace and the full adoption

universe.

6 Empirical strategy

The empirical strategy characterizes the architecture of recognized industrial Al adoption.
The main outcome is the number of listed excellence-level smart-factory projects in city ¢
and year t, denoted Y. The main explanatory variable is an indicator Pilot. equal to one
when a city belongs to a National New Generation Al Innovation and Development Pilot
Zone. The baseline specification estimates the association between pilot-zone status and

listed smart-factory recognition in the observed public-list window,
}/ct =+ BPZlOtC + )\t + €t (1)

where \; denotes year effects for the 2024 and 2025 smart-factory lists. The coefficient
[ measures the average difference in listed smart-factory counts between pilot-zone and
non-pilot cities within the recognition window. Standard errors are reported in the generated
paper tables, and all estimates are interpreted as descriptive associations.

The log-count specification evaluates whether the pilot-zone association is robust to the

skewed distribution of recognized projects across cities. The estimating equation is
log(1+ Yy) = a+ BPilot. + N\ + €. (2)

The transformation preserves zero-count cities while reducing the influence of the largest
adoption hubs. The coefficient 3 in this specification is interpreted as an association between
pilot-zone status and the transformed intensity of recognized adoption.

The hub-exclusion design tests whether the aggregate pilot-zone association is carried
by cities with exceptional implementation capacity. Let S) denote a prespecified exclusion

set, such as Beijing, Shanghai, Shenzhen, Hangzhou, direct-admin municipalities, or the top
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smart-factory cities. For each exclusion rule, the paper estimates
Y, = ay + BrpPilot, + A\t + €4, c & S. (3)

The sequence of coefficients {f;} is the paper’s central empirical diagnostic. A stable
coefficient across exclusions would indicate a broad pilot-zone association distributed across
designated cities. An attenuating coefficient indicates that the full-sample association depends
on the largest and most capable implementation hubs.

The hub-exclusion coefficients are interpreted as architecture diagnostics. Hub status,
administrative rank, industrial structure, and pilot-zone designation are jointly shaped
by prior economic capacity, so the exclusions do not identify formal mediation effects.
Their value is descriptive and diagnostic. They show whether policy-adoption alignment is
broadly distributed across designated cities or concentrated in places with unusually dense
complements for Al-enabled industrial upgrading.

The city-typology analysis provides a second diagnostic for spatial concentration. Cities are
classified ex ante by pilot-zone status, administrative status, and major-hub indicators before
using listed smart-factory outcomes. The paper then compares recognized adoption across
these categories. This design separates ex ante city categories from realized smart-factory
outcomes and allows the analysis to distinguish pilot-zone hubs, direct-admin municipalities,
non-pilot industrial hubs, and lower-intensity adoption cities.

The sectoral analysis links the city-level architecture to the production economics of
AT adoption. Let Exposure; denote an ex ante industry-level measure of Al-production
compatibility for industry i. The paper aggregates smart-factory projects by city, year, and
industry exposure category, then examines whether recognized adoption is more common in
sectors where Al-enabled systems have plausible production complementarities. The sectoral
analysis is mechanism evidence. It evaluates whether adoption appears in industries where
machine vision, predictive maintenance, robotics, logistics, digital twins, process control, and
automated inspection are technologically meaningful.

The export-relevance analysis adds strategic context while preserving the paper’s claim
hierarchy. Smart-factory sectors are matched to export-relevant manufacturing categories
using public trade data and industry mappings. The resulting tables ask whether recognized
adoption appears in sectors connected to China’s manufacturing position in global markets.
Export performance depends on demand, prices, exchange rates, firm capabilities, supply-
chain organization, and preexisting industrial specialization, so the tables provide industrial
context for the diffusion architecture.

The appendix reports two robustness extensions that remain outside the main identification
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Table 3: Pilot-zone and non-pilot smart-factory overlap

City group Projects Cities Mean projects per city
Pilot-zone cities 192 16 12.00
Non-pilot cities 317 143 2.22
Difference 9.78

Production table source: table_C_pilot_overlap.csv. This table
provides descriptive overlap evidence outside the causal-identification
layer.

layer. The public-control exercise uses a restricted 2024 cross-section with available city
covariates from the ChinaUTC public pathway. This design includes GDP, population,
secondary-industry structure, and limited proxies for foreign trade, telecom, and industrial
output, while the strict EPS/NBS specification remains blocked because FDI and fixed-asset
investment are unavailable in the public bundle. The tiered patent Atlas uses IIDS industrial-
AT patent records with a coverage-qualified applicant-geography layer. It is reported by
geography-confidence tier and excluded from publication-ready patent F1 estimates.

The paper requires listed smart-factory recognition, once resolved to cities and reported
with evidence tiers, to provide an informative administrative trace of recognized industrial
AT adoption. The empirical results are interpreted as evidence about the geography and
institutional architecture of diffusion. Causal evaluation of pilot-zone designation is left to
future work with richer adoption histories, firm-level outcomes, stronger controls, and credible

counterfactual variation.

7 Descriptive overlap between pilot zones and smart-

factory recognition

The first empirical pattern is a strong city-level overlap between Al pilot-zone designation
and listed smart-factory recognition. Across the 2024 and 2025 excellence-level smart-factory
lists, the dataset contains 509 projects resolved to cities. Pilot-zone cities account for 192
of these projects across 16 cities, while non-pilot cities account for 317 projects across 143
cities. The average pilot-zone city has 12.00 listed smart-factory projects, compared with
2.22 projects in the average non-pilot city. This difference establishes the descriptive fact
that policy-legible industrial upgrading is substantially more concentrated in cities that also
carry national AT pilot-zone status.

The overlap is economically meaningful because the two institutional layers come from

different parts of the diffusion architecture. Pilot-zone designation identifies places selected
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for AT development, application, experimentation, and demonstration. Smart-factory recog-
nition identifies industrial projects that entered an administratively recognized category of
digital and intelligent manufacturing. Their city-level alignment indicates that national Al
policy geography and recognized manufacturing-upgrading geography coincide in observable
administrative data.

The descriptive contrast also shows why a simple pilot-zone comparison is insufficient.
Pilot-zone cities represent a small subset of the urban system, yet they contain a large share
of listed projects. Non-pilot cities contain more listed projects in absolute count because
the group includes many more cities. The relevant empirical question is therefore about
the structure of the geography that produces this difference. The key issue is whether the
observed association is broadly distributed across designated cities or concentrated in a
smaller set of high-capacity hubs.

The city distribution points toward concentration in places with unusually deep imple-
mentation capacity. A small number of cities account for a large share of recognized projects,
and several of these cities combine pilot-zone status with manufacturing ecosystems, adminis-
trative capacity, research institutions, leading firms, and digital infrastructure. This pattern
is consistent with the diffusion-state framework because industrial Al adoption requires
complementary assets that are unevenly distributed across cities. Formal designation matters
most where firms, municipal governments, technical service providers, and sectoral production
systems can absorb Al-enabled upgrading.

The descriptive overlap serves as the starting point for the paper’s main empirical
interpretation. It shows that Al policy designation and smart-factory recognition are aligned,
while leaving open whether the alignment reflects broad pilot-zone diffusion, capacity selection,
administrative status, or hub concentration. The next section examines this structure
directly by estimating how the pilot-zone association changes when the largest hubs and

administratively distinctive cities are removed.

8 Hub architecture

The central empirical diagnostic is that the pilot-zone association attenuates when the largest
hubs and administratively distinctive cities are removed. This pattern is central to the
diffusion-state interpretation. A broad pilot-zone architecture would produce a relatively
stable association across exclusion rules. A hub-centered diffusion architecture would produce
a strong full-sample association that depends heavily on cities with exceptional industrial,
administrative, and technological complements. The observed pattern supports the hub-

centered interpretation.
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The baseline city-year models show that pilot-zone status is associated with higher listed
smart-factory counts. This association is consistent with the descriptive overlap documented
above, where pilot-zone cities have substantially more recognized projects on average than
non-pilot cities. The baseline result establishes that national AI policy geography and
recognized industrial upgrading geography are aligned in the observed data. Its interpretation
depends on whether the association remains stable after removing the cities most likely to

dominate implementation capacity.

Table 4: Hub-exclusion summary

Specification Coefficient Relative to full sample
Full sample 4.55 100%
Exclude Beijing, Shanghai, Shenzhen, and Hangzhou 3.67 81%
Exclude direct-admin municipalities 2.90 64%
Exclude top five smart-factory cities 2.95 65%

Production table source: table_D_hub_exclusion.csv. This table reports architecture diagnostics

based on descriptive association estimates.

21



Hub attenuation in the pilot-zone association
Listed MIIT excellence-level smart-factory projects, 2024-2025
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Figure 2: Hub attenuation in the pilot-zone association. The figure reports pilot-zone
coefficients for listed smart-factory counts under the full sample and under successive hub-
exclusion rules, with 95 percent confidence intervals.

The hub-exclusion estimates show that the full-sample association is partly carried
by China’s largest Al and manufacturing hubs. When Beijing, Shanghai, Shenzhen, and
Hangzhou are excluded, the coefficient falls from about 4.55 to about 3.67. When direct-
admin municipalities are removed, the estimate falls to about 2.90. When the top five
smart-factory cities are removed, the estimate falls to about 2.95. These changes leave a
positive association in place, while showing that a substantial share of the full-sample pattern
depends on cities with exceptional administrative status, industrial depth, firm concentration,
and digital-economy capacity.

The attenuation pattern is more informative than the baseline association alone. Bei-

jing and Shanghai combine administrative status, research capacity, headquarters density,
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and policy visibility. Shenzhen and Hangzhou combine digital firms, manufacturing net-
works, entrepreneurial ecosystems, and strong municipal implementation capacity. Other
high-performing cities reflect similar combinations of industrial specialization, local upgrad-
ing programs, and firms capable of implementing intelligent manufacturing systems. The
geography of recognized adoption therefore looks like a hierarchy of implementation capacity.

The hub-centered pattern is consistent with how general-purpose technologies diffuse
through industrial systems. Al adoption in manufacturing requires complementary invest-
ments in equipment, data infrastructure, software integration, process redesign, engineering
talent, and managerial routines. These complements are more abundant in cities with dense
supplier networks, universities, industrial parks, leading firms, logistics systems, and local
governments experienced in manufacturing upgrading. Pilot-zone designation can amplify
coordination in such places, while the ability to translate designation into recognized adoption
depends on the surrounding ecosystem.

The results also explain why pilot-zone status remains economically informative under a
conservative interpretation. A designation can mark the places where national Al strategy
and local industrial capacity converge. It can identify cities that national authorities expect to
function as demonstration sites, experimentation platforms, or diffusion nodes. The observed
association therefore reveals the geography through which the state’s AI ambitions become
connected to recognized industrial projects, while keeping causal evaluation of designation

outside the current design.
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Recognized adoption by ex ante city type
Listed MIIT excellence-level smart-factory projects, 2024-2025

Frontier municipality hubs 88 projects, 4 cities
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Figure 3: Listed smart-factory projects by ex ante diffusion-state city type. City classifications
are defined before observing smart-factory outcomes and separate direct-admin municipalities,
pilot industrial hubs, non-pilot industrial hubs, and lower-intensity adoption cities.

City typologies reinforce the interpretation by distinguishing several forms of adoption
geography. Some pilot-zone cities appear as major adoption hubs with many listed projects.
Some non-pilot cities also show substantial recognized adoption because they have strong
manufacturing bases or sectoral specialization. Many cities have limited or no listed smart-
factory recognition during the observed period. This distribution indicates that industrial Al
diffusion is organized through a layered geography of policy designation, industrial capacity,
administrative status, and sectoral opportunity.

The hub architecture result defines the paper’s main empirical contribution. Pilot-zone
designation is aligned with recognized industrial adoption, and this alignment is partly carried
by cities with the deepest implementation capacity. The evidence therefore supports an
architectural and measurement-based interpretation of China’s Al diffusion state. National
Al strategy becomes visible in a concentrated, hub-mediated pattern of recognized industrial
adoption, where formal designation, municipal capacity, industrial ecosystems, and sectoral

opportunity interact.
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Table 5: Listed projects by diffusion-state city type

Diffusion type Listed projects
Non-pilot low adoption 277
Frontier municipality hub 88
Pilot non-hub 7
Non-pilot industrial hub 40
Pilot industrial hub 27
Production table source:
table_E_city_typology.csv. This table

provides descriptive city-typology evidence.
Labels use realized smart-factory counts for hub
ranking.

Table 6: Ex ante city typology and listed projects

Ex ante diffusion type Cities Listed projects
Ex ante non-pilot low capacity 143 317
Frontier municipality hub 4 88
Ex ante pilot non-hub 10 7
Ex ante pilot hub 3 27

Production table source: table_E_ex_ante_city_typology.csv.
This table provides ex ante city-typology evidence using pilot
status, direct-admin status, and mega-hub flags before outcome-
based hub ranking.

9 Sectoral selectivity

Industrial Al diffusion depends on the fit between Al capabilities and sector-specific production
systems. The city-level evidence shows where recognized smart-factory adoption appears,
while the economic meaning of that geography depends on the industries in which adoption
is visible. Al-enabled systems are more likely to matter in production settings where
firms generate machine-readable data, operate complex equipment, face quality-control
constraints, manage high-throughput logistics, coordinate multi-stage production, or rely on
inspection, prediction, scheduling, and process optimization. The paper therefore studies
whether recognized smart-factory projects are concentrated in sectors where Al has plausible
production complementarities.

The ex ante industry exposure measure captures technological compatibility before observ-
ing smart-factory outcomes. Sectors receive higher exposure when their production processes
are naturally connected to machine vision, predictive maintenance, industrial robotics, digital

twins, process control, warehouse automation, smart logistics, semiconductor production,
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Table 7: Ex ante industry exposure heterogeneity

Term Coefficient Std. err. p-value
Intercept 0.83 0.13 < 0.001
Pilot zone -0.17 0.10 0.093
High ex ante exposure -0.06 0.08 0.434
Pilot zone x high ex ante exposure 0.26 0.08 < 0.001

Production table source: table_F_ex_ante_industry_heterogeneity.csv.
This table provides suggestive mechanism evidence outside the causal-
identification layer.

battery manufacturing, automotive systems, machinery, chemicals, and pharmaceuticals.
This measure is defined independently of the realized distribution of listed projects, which
preserves the distinction between the mechanism under study and the outcome used to
measure recognized adoption.

The sectoral distribution of recognized smart-factory projects supports the view that
policy-legible diffusion is selective across manufacturing. Projects appear more often in
industries where Al-enabled systems can plausibly improve inspection, reliability, throughput,
energy use, scheduling, or process stability. Electronics and equipment-related sectors
provide natural environments for machine vision and automated quality control. Battery
and automotive supply chains provide settings where process consistency, traceability, and
production optimization are economically valuable. Chemicals, pharmaceuticals, and advanced
materials provide settings where monitoring, control, and predictive systems can matter for
quality and yield.

The positive interaction between pilot-zone status and high ex ante exposure indicates
that recognized adoption is more visible where policy geography and production compatibility
coincide. This result is consistent with the diffusion-state framework because Al adoption in
industrial production depends on instrumented machines, usable data, equipment interfaces,
industrial software, workers and managers able to redesign routines, and firms with incentives
to invest in integration. These complements differ across sectors, which means that diffusion
capacity should be measured through the interaction of policy geography and industrial
composition.

The sectoral results help explain why hubs matter. Major adoption cities often combine
local implementation capacity with sectoral opportunity. A hub with electronics, advanced
equipment, automotive, battery, or semiconductor activity may provide the firms, suppliers,
engineers, and service providers needed to deploy Al-enabled manufacturing systems. City-
level concentration and sectoral selectivity are therefore connected. The diffusion state

operates through the fit between local industrial structure and the production problems that
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Al can address.

The sectoral analysis provides mechanism-oriented evidence for the diffusion-state interpre-
tation. Recognized adoption appears in industries where Al-enabled production technologies
have clear operational use cases, including inspection, control, prediction, scheduling, logistics,
and automation. This sectoral coherence strengthens the view that the observed smart-factory
projects capture a meaningful trace of industrial Al diffusion.

The evidence connects three layers of the paper’s argument. Pilot zones and smart-
factory recognition reveal an institutional overlap. Hub-exclusion results show that this
overlap is concentrated in cities with deep implementation capacity. Sectoral exposure
shows that recognized adoption appears in industries where AI has plausible production
complementarities. Together, these patterns suggest that China’s industrial Al diffusion is

organized through the interaction of national designation, municipal capacity, and sectoral
fit.

10 Export relevance

The sectoral pattern of smart-factory recognition matters because industrial Al diffusion is
connected to the composition of national production and trade. Al-enabled manufacturing
systems are most strategically relevant when they appear in sectors that shape a country’s
position in global supply chains, advanced manufacturing, and export competition. The
paper therefore examines whether recognized smart-factory projects appear in sectors that
are relevant to China’s export structure. This analysis provides industrial context for the
adoption geography while treating trade outcomes as outside the completed empirical design.

The export-relevance analysis links smart-factory sectors to manufacturing categories that
matter for China’s global production position. These include electronics, electrical equipment,
machinery, automotive systems, batteries, chemicals, pharmaceuticals, and other production
domains where process quality, scale, inspection, logistics, and equipment utilization affect
production performance. In these sectors, Al-enabled systems can plausibly support quality
control, predictive maintenance, production scheduling, energy optimization, defect detection,
inventory coordination, and automated inspection. The relevance of recognized adoption
therefore depends partly on whether listed projects appear in sectors where such capabilities
could matter for production.

The descriptive evidence shows that smart-factory recognition is connected to export-
relevant manufacturing sectors. This pattern links the observed projects to industrial
capacity as well as administrative classification. Recognized adoption appears in parts of the

economy where production systems are complex, internationally exposed, and strategically
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important. The export-relevance table positions smart-factory recognition within China’s
broader manufacturing base and shows that the diffusion architecture is connected to sectors

that matter for industrial strategy.

Table 8: Smart-factory recognition and the 2024 export basket

Sector group Projects SF share Export share Share gap
Industrial machinery 247 48.5% 23.1% 25.4%
Petrochemicals 53 10.4% 4.9% 5.5%
Steel and metals 45 8.8% 6.3% 2.5%
Shipbuilding 19 3. 7% 1.2% 2.5%
Pharmaceuticals 6 1.2% 0.6% 0.6%
Batteries 14 2.8% 2.8% 0.0%
Autos and NEV 37 7.3% 7.6% -0.4%
Semiconductors and electronics 4 0.8% 8.1% -7.4%
Al servers and computing equipment 48 9.4% 45.3% -35.8%
Other 36 7.1% — —
Production table sources: table_G_export_relevance.csv and
table_H_export_sector_share_comparison.csv. Export shares use BACI HS17 descrip-

tives (CEPII, 2024). This table provides descriptive industrial context and leaves changes in export

outcomes to future outcome-level designs.

The export analysis helps distinguish diffusion capacity from frontier AI capability.
Frontier capability is often measured through model performance, research output, talent,
investment, or compute scale. Diffusion capacity becomes visible when Al-related systems
enter sectors where production constraints matter. A country can accumulate frontier
capability while moving slowly into export-relevant industrial practice, and a country can
strengthen manufacturing capabilities through adoption channels that receive little attention
in frontier-model rankings. The export-relevance evidence therefore supports the paper’s
broader claim that Al competition has a production-side dimension that requires separate
measurement.

The interpretation follows the paper’s evidence hierarchy. The analysis asks whether the
sectors in which recognized adoption appears are economically and strategically meaningful.
Export performance reflects global demand, prices, exchange rates, firm capabilities, supply-
chain organization, industrial policy, and preexisting sectoral advantages. The paper therefore
uses export relevance as context for the diffusion architecture, while leaving export growth,

export quality, firm productivity, and trade upgrading for future work with outcome-level
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designs.

The export-relevance results complete the paper’s core empirical chain. Pilot-zone status
and smart-factory recognition overlap in city-level data. The association is concentrated in
hubs with stronger implementation capacity. Recognized projects appear in sectors where
AT has plausible production complementarities. Those sectors are connected to China’s
export-relevant manufacturing base. Taken together, these facts suggest that the Al diffusion
state is an institutional architecture linking national Al priorities to local production systems

and strategically important sectors of the industrial economy.

11 Economic interpretation

The empirical results identify the policy-legible portion of Al diffusion as an institutional and
spatial process. Pilot-zone cities have higher listed smart-factory counts, yet the association
weakens when the largest hubs and administratively distinctive cities are removed. This
pattern indicates that policy designation and local capacity operate together. National Al
strategy becomes economically meaningful when it reaches cities with the firms, suppliers,
engineers, infrastructure, administrative routines, and industrial sectors able to absorb
production technologies.

The hub architecture is consistent with the economics of general-purpose technology
adoption. General-purpose technologies require complementary investments that are costly
to coordinate and unevenly distributed across space. Al in manufacturing requires sensors,
robotics, data infrastructure, machine interfaces, industrial software, process knowledge,
managerial redesign, and workers able to operate new systems. Cities with deep industrial
ecosystems can combine these complements more easily than cities with thinner production
bases. The observed attenuation under hub exclusions therefore indicates that much of the
pilot-zone association is carried by places where complementary capital and implementation
capacity are already concentrated.

The results imply that national Al advantage can diverge across the capability and
diffusion margins. A country may lead in frontier models while moving slowly into production
deployment, because frontier systems do not automatically reorganize factories, supply chains,
procurement systems, or local industrial routines. A country may also accumulate advantage
through the ability to embed available Al capabilities across manufacturing systems when
frontier leadership is distributed across multiple actors. The diffusion-capacity margin is
therefore central to Al competition because it governs the conversion of technical possibility
into productivity-relevant use.

China’s case illustrates how state capacity can shape the environments in which firms
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coordinate, finance, implement, and display Al-enabled industrial upgrading. The rele-
vant state function is the construction of adoption environments through city designations,
demonstration platforms, industrial parks, standards, recognition systems, and municipal
implementation channels. These instruments can reduce uncertainty for firms, concentrate
attention, create exemplars, and make industrial upgrading legible to local officials and
national ministries. The diffusion state therefore operates as a coordination architecture for
complementary investments.

Administrative recognition matters economically because it turns dispersed firm-level
upgrading into a visible policy category. Many industrial AI deployments are internal to
production systems and difficult to observe from outside the firm. Recognition lists create a
public trace of projects that have become legible to the industrial policy apparatus. This
legibility can affect incentives, reputation, local government attention, and the circulation of
implementation models across firms and regions. The paper uses recognition as a measurement
trace, while also recognizing that classification systems can shape what firms and officials
treat as exemplary adoption.

The sectoral results show that diffusion capacity is constrained by production compatibility.
AT is more easily embedded in sectors where production generates data, uses expensive
equipment, requires inspection, depends on scheduling, and benefits from predictive control.
This means that the economic geography of Al adoption depends on the industrial composition
of cities. Pilot-zone status has different implications in a city with electronics, batteries,
machinery, automotive systems, chemicals, or pharmaceuticals than in a city whose production
base offers fewer Al-complementary processes. Diffusion capacity therefore has a sectoral
structure as well as a spatial structure.

The export-relevance evidence gives the diffusion architecture strategic significance without
turning the paper into a trade-effects study. Recognized smart-factory projects appear in
sectors connected to China’s export-relevant manufacturing base, which means that adoption
traces are linked to domains where production capability affects international competitiveness.
The paper leaves export effects, productivity gains, and quality upgrading for future outcome-
level designs. The evidence here shows that the architecture of recognized adoption is
connected to sectors where such effects would matter if Al-enabled production systems
improve performance. This connection makes diffusion capacity a relevant object for the
economics of industrial strategy.

The broader implication is that Al competition should be analyzed as a two-margin
problem. The first margin is frontier capability, which concerns who can build the most
capable systems. The second margin is diffusion capacity, which concerns who can absorb

those systems into productive structures. Economists have long studied adoption lags,
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complementarities, productivity dispersion, and spatial concentration. AI makes these
problems more urgent because the technology is general, fast-moving, and deeply dependent
on organizational redesign. The diffusion-state framework provides a way to measure this
second margin with administrative traces, city-level evidence, sectoral compatibility, and

disciplined scope of inference.

12 Robustness and extensions

The robustness exercises evaluate whether the hub-centered interpretation remains visible
across alternative samples, partial public controls, and supplementary evidence on industrial
AT activity. Each exercise remains in its appropriate claim tier. Hub exclusions provide the
main architecture diagnostic. Public controls provide an appendix-only check in a restricted
2024 sample. Tiered patent geography provides supplementary triangulation under explicit
coverage limits.

The first robustness layer examines dependence on major hubs and administratively
distinctive cities. The pilot-zone coefficient attenuates when Beijing, Shanghai, Shenzhen,
and Hangzhou are removed, when direct-admin municipalities are excluded, and when the
top smart-factory cities are removed. These checks strengthen the interpretation that the
observed pattern reflects a hub-centered diffusion architecture. They also discipline the
interpretation by showing that the full-sample association is partly carried by cities with
unusual administrative status, industrial scale, research capacity, firm concentration, and
digital-economy capacity.

The public-controls appendix adds a partial city-level control exercise using China City
Statistical Yearbook tables obtained through the public ChinaUTC path. This specification
includes GDP, population, secondary-industry structure, and limited 2024 coverage for foreign
trade, telecom, and industrial-output proxies. In the 2024 public-control subset, pilot-zone
status remains positively associated with listed smart-factory counts in OLS count and log-
count specifications, while the Poisson count specification is statistically indistinct from zero.
This result is useful as a public-data robustness check because it shows that the pilot-zone
association remains visible in the restricted 2024 sample with available city covariates.

The public-controls appendix remains separate from the strict production-control design.
The public ChinaUTC bundle lacks foreign direct investment and fixed-asset investment at
the coverage required for the strict EPS/NBS specification, and the available controls cover
only a smaller 2024 subset of cities. The paper therefore reports this exercise as Table I in
the appendix and avoids treating it as equivalent to a full controlled panel. This distinction

increases transparency without overstating the strength of the control design.
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The tiered patent Atlas provides a supplementary robustness extension for industrial Al
activity. The project imported a real OpenXLab ITDS-derived patent layer and constructed
a tiered applicant-geography layer that reaches approximately 65.4 percent city coverage
across the IIDS patent keys. The geography layer combines high-confidence institutional and
corporate location rules, curated applicant mappings, and applicant-name city tokens, then
reports coverage by confidence tier. Because exact publication-number applicant-address
geography remains unavailable, this extension is used as coverage-qualified triangulation and
excluded from the main identification layer.

The patent extension connects the smart-factory adoption architecture to a second
empirical trace of industrial Al activity. Patent records capture inventive and technical
activity, while smart-factory recognition captures administratively recognized industrial
adoption. These two traces describe different margins of the Al economy. When the patent
layer is reported by geography-confidence tier, it can help assess whether industrial Al activity
appears in a spatial structure consistent with the smart-factory evidence. Its value comes
from triangulation under transparent uncertainty:.

The patent extension also demonstrates the importance of claim-tiering in empirical Al
research. The project constructs a large IIDS patent layer and a tiered city assignment,
while the exact applicant-address geography required for a publication-ready patent evidence
chain remains unavailable. The paper therefore excludes patent F1 estimates from the main
results, describes the patent layer as tiered geography, and prevents the patent extension
from supporting causal pilot-zone claims. This restraint preserves the distinction between
robustness evidence and identification evidence.

The robustness results support the main interpretation while clarifying its boundaries.
Hub exclusions show that the pilot-zone association is embedded in a hierarchy of high-
capacity cities. Public controls show that the association remains visible in a restricted 2024
sample with available city covariates, while leaving the strict EPS/NBS design for future
work. The tiered patent Atlas provides additional triangulation for industrial Al activity,
while keeping exact geography and publication-ready patent estimates outside the paper’s
main claims. Together, these exercises strengthen the measurement contribution because
they show how the diffusion-state architecture can be examined without collapsing different

forms of evidence into a single claim.

13 Scope of inference

The paper’s empirical contribution depends on a clear separation between measured architec-

ture, descriptive association, mechanism evidence, robustness, and causal identification. The
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analysis documents where recognized industrial Al adoption appears, how that geography
aligns with national Al pilot-zone designation, how the association changes when major hubs
are removed, and which sectors are most compatible with Al-enabled production systems.
These patterns support an interpretation of China’s industrial Al diffusion as a hub-centered
architecture.

Pilot-zone designation is interpreted as an institutional marker embedded in prior capacity.
Designated cities often possess manufacturing depth, administrative status, digital firms,
universities, industrial parks, and local policy experience before designation. The empirical
design therefore interprets pilot-zone status as part of a policy-adoption geography. The
baseline association between designation and smart-factory recognition is informative because
it reveals where national Al policy and recognized industrial upgrading align.

Smart-factory recognition is interpreted as a visible administrative trace of industrial
upgrading. Recognition indicates that a project entered an official category of intelligent
manufacturing, which makes it useful for measuring the legible portion of adoption. The
lists capture the policy-legible portion of recognized adoption within the industrial policy
apparatus. Many firms may deploy Al, robotics, inspection systems, scheduling software, or
process-control tools without appearing in the recognition lists. The paper therefore studies
the visible adoption trace instead of the complete universe of firm-level industrial Al use.

City assignment is treated as an evidence-classified measurement task. Official-location
exact assignments provide the strongest location evidence, externally verified assignments
add non-list support, and rule-based city inferences expand coverage with a weaker evidence
tier. The stratified audit supports the official-location layer and records uncertainty in the
rule-based layer. The empirical analysis uses the full resolved dataset while preserving the
evidence classes that make the spatial measurement transparent.

Hub attenuation is interpreted as evidence for a concentrated diffusion architecture. The
decline in the pilot-zone association after excluding Beijing, Shanghai, Shenzhen, Hangzhou,
direct-admin municipalities, or the top smart-factory cities shows that the full-sample pattern
depends meaningfully on high-capacity hubs. This evidence supports the interpretation that
municipal capacity and industrial ecosystem depth shape recognized adoption. It leaves room
for meaningful adoption activity in non-hub cities and for heterogeneity within the pilot-zone
group.

Sectoral exposure provides mechanism evidence about technological compatibility. Ex
ante Al exposure identifies industries where machine vision, robotics, predictive maintenance,
digital twins, process control, smart logistics, or automated inspection are especially plausible.
This analysis helps explain why recognized adoption appears in some parts of manufacturing

more than others. It leaves estimation of sector-level productivity gains, firm-level returns,
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and welfare effects from smart-factory recognition to future work.

Export relevance provides strategic context for the industrial distribution of recognized
adoption. The export tables show that many smart-factory sectors are connected to parts of
China’s manufacturing base that matter for global production and external competitiveness.
This finding helps interpret why the diffusion architecture matters for political economy and
industrial strategy. Claims about export growth, export quality, and changes in China’s trade
position require outcome-level designs beyond the scope of the current evidence.

Public city controls provide an appendix-only robustness exercise. The ChinaUTC public-
control specification adds GDP, population, secondary-industry structure, and limited 2024
proxies for foreign trade, telecom, and industrial output. The restricted public sample is useful
because the pilot-zone association remains visible in OLS count and log-count specifications.
The missing FDI and fixed-asset investment controls keep this appendix exercise outside the
strict EPS/NBS production-control design.

The patent Atlas provides a coverage-qualified robustness extension. The IIDS patent
pipeline supplies a large industrial Al patent layer, and the tiered applicant-geography proce-
dure provides supplementary city assignment for a substantial share of records. The current
patent layer uses tiered applicant geography because exact publication-number applicant-
address geocoding remains unavailable. The paper therefore reports patent geography by
confidence tier and excludes patent F1 estimates from the main results.

The paper’s central claim is architectural and measurement-based. China’s Al diffusion
state becomes visible through the alignment of pilot-zone designation, smart-factory recog-
nition, hub concentration, sectoral compatibility, and export-relevant manufacturing. The
evidence shows how national Al strategy becomes legible in the geography of recognized in-
dustrial adoption. Full causal evaluation, firm productivity outcomes, exact patent geocoding,

and strict production-control specifications remain future work with the required data.

14 Conclusion

The economic significance of artificial intelligence depends on the capacity to convert technical
capability into deployed production systems. Measures of frontier capability capture who
can build powerful models, assemble compute, attract talent, and produce research advances.
Measures of diffusion capacity capture a different margin of Al competition, the ability to
embed Al into firms, cities, sectors, and industrial routines. This paper develops a framework
for measuring that second margin and applies it to China’s industrial Al strategy.

China’s Al diffusion state appears in the data as a hub-centered adoption architec-

ture. National Al pilot-zone designation aligns with recognized smart-factory adoption, and
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pilot-zone cities have substantially higher listed project counts than non-pilot cities. The
association attenuates when major hubs and administratively distinctive cities are removed,
which indicates that municipal capacity, industrial ecosystem depth, firm concentration, and
sectoral opportunity shape the geography of recognized adoption. The evidence points to an
architecture in which national strategy becomes visible through cities that can implement,
absorb, and display industrial Al upgrading.

The sectoral and export-relevance results explain why the observed geography matters for
industrial political economy. Recognized smart-factory projects appear in sectors where Al-
enabled production systems have plausible complementarities, including inspection, predictive
maintenance, robotics, logistics, digital twins, process control, batteries, automotive systems,
machinery, chemicals, pharmaceuticals, electronics, and advanced equipment. Many of these
sectors are connected to China’s export-relevant manufacturing base. The diffusion state
therefore embeds Al into parts of the economy where production capability and strategic
competition are closely connected.

The evidence hierarchy preserves the paper’s central distinction between measured ar-
chitecture and causal evaluation. Smart-factory recognition captures the legible portion
of industrial upgrading within the policy apparatus. Pilot zones identify an institutional
geography embedded in prior capacity. Public city controls remain partial, and the patent
Atlas is reported as a tiered robustness extension because exact publication-number applicant
geography remains unavailable. These limits define the interpretation of the results and
clarify the contribution. The paper measures an adoption architecture while leaving causal
evaluation, productivity outcomes, changes in export outcomes, and exact patent geography
to future work with the required data.

The broader implication is that Al competition should be measured through diffusion
capacity as well as frontier capability. A country can possess advanced models while lacking
the institutions, firms, sectors, and local implementation systems needed to translate Al
into production. A state can also build strategic advantage through the administrative
and industrial channels that make adoption visible, scalable, and compatible with national
production systems. For economists of Al, this suggests that adoption traces, institutional
designations, sectoral compatibility, and local implementation capacity should become central
objects of empirical study.

The diffusion-state framework opens a path for comparative research beyond China.
Similar measurement strategies could study how different political economies convert Al
into manufacturing, logistics, energy, health, finance, public administration, and defense
production. Future work can connect administrative adoption traces to firm-level productivity,

investment, labor demand, export performance, and supply-chain resilience. The central
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challenge is to measure the movement from capability to use, because the economic effects of

Al will be determined by the institutions that make the frontier productive.
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A City-resolution evidence and audit

The city-resolution procedure assigns all 509 MIIT excellence-level smart-factory projects to
cities and records the evidence tier supporting each assignment. The evidence split contains
102 official-location exact assignments, 357 rule-based text inferences, and 50 externally
verified assignments. Official-location exact assignments are based on locations stated in the
registry or source material. Rule-based text inferences use structured project text, firm names,
industrial-park names, location-bearing descriptions, and related textual signals. Externally
verified assignments use non-list sources such as company pages, annual reports, project

registries, and industrial-park records.

Table 9: City-resolution evidence quality

Resolution class Evidence type Projects  Share
external evidence verified all 50  9.8%
official location exact all 102 20.0%
rule based text inference  all 357 70.1%
external evidence verified company annual report 11 22%
external evidence verified company site registry 23 4.5%
external evidence verified industrial park page 1 0.2%
external evidence verified project registry 15 2.9%
official location exact miit location field 102 20.0%
rule based text inference  embedded html table 28  5.5%
rule based text inference  firm embedded city token 64 12.6%
rule based text inference  firm parenthetical 22 4.3%
rule based text inference  firm province county 1 0.2%
rule based text inference  firm registry match 221  43.4%
rule based text inference  html p tag rtl location 17 3.3%
rule based text inference  project branch city 4 0.8%

Production table source: table_B_city_resolution_quality.csv. This
table provides the full evidence-type breakdown for the city-resolution
procedure.

The stratified audit samples 20 official-location rows and 50 rule-based rows. The audit
confirms 20 of 20 official-location rows, confirms 20 rule-based rows, marks 30 rule-based rows
as insufficient evidence, and records zero incorrect assignments. The audit gives the strongest
support to the official-location layer and records greater uncertainty in the rule-based layer.
The paper uses the full resolved dataset for descriptive measurement, while preserving the

evidence classes that allow the reader to evaluate spatial reliability.
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B Public fallback controls

The public-controls appendix reports a partial 2024 cross-section using ChinaUTC public
city data. The specification includes GDP, population, secondary-industry structure, and
limited 2024 coverage for foreign trade, telecom, and industrial-output proxies. The public
bundle excludes the FDI and fixed-asset investment controls required for the strict EPS/NBS

specification, so Table 10 is reported as an appendix-only robustness exercise.

Table 10: Public fallback controls

Model Pilot-zone coefficient p-value Complete cases
OLS count 1.58 0.020 51
OLS log count 0.50 0.018 51
Poisson count 0.23 0.428 51

Production table source: table_I_appendix_public_fallback_controls.csv.
This table provides appendix-only robustness evidence. The specification

sits outside the strict EPS/NBS specification because FDI and fixed-asset
investment controls are unavailable in the public fallback bundle.

The public-control results show that the pilot-zone association remains visible in the
restricted 2024 public-control sample under OLS count and log-count specifications. The
Poisson count specification is statistically indistinct from zero. These results are useful for
transparency because they add observable city covariates to the descriptive association, while

preserving the distinction between public-data robustness and a full controlled panel design.

C Tiered patent geography robustness

The IIDS patent extension provides a robustness-only layer for industrial Al activity.
Industrial-Al patent records carry a tiered applicant-geography layer frozen at approximately
65.4 percent city fill. The extension uses tiered geography instead of exact publication-number
applicant-address geocoding, and it is excluded from publication-ready patent F1 estimates
and causal pilot-zone claims.

The patent extension provides a second trace of industrial Al activity under explicit
coverage limits. Patent records capture inventive and technical activity, while smart-factory
recognition captures administratively recognized industrial adoption. The two traces describe
different margins of the Al economy. The tiered geography layer is useful because it allows
supplementary triangulation of spatial patterns while keeping exact geocoding and patent-

based identification outside the main claim hierarchy.
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Table 11: Tiered patent geography robustness

Geography tier Share of keys City fill
Official headquarters page 43.9% 100%
University location 12.1% 100%
Applicant-name city token 9.3% 100%
Unresolved 34.6% 0%

Production sources: table_P14_tiered_geography_coverage_by_confidence.csv
and table_P17_tiered_geography_tier_breakdown.csv.

This table provides robustness-only patent geography

evidence because exact publication-number applicant-address

geography remains unavailable.

D Timing and balance diagnostics

The timing and balance diagnostics provide additional context for interpreting the descriptive
associations. The balance figure reports standardized mean differences for available public-
control variables. The timing figure reports the relationship between pilot-zone designation
and the available smart-factory recognition window. These diagnostics provide descriptive
support for the available recognition window because the public excellence-level smart-factory

lists begin in 2024.

E Reproducibility and evidence package

The paper separates claim tiers to make the scope of inference explicit. Pilot-zone endogeneity
is addressed by interpreting designation as an institutional marker embedded in prior capacity.
Smart-factory recognition is addressed by treating the lists as a visible administrative trace
of intelligent manufacturing within the policy apparatus. City-resolution uncertainty is
addressed through evidence classes, external verification, and a stratified audit. Partial public
controls are addressed by placing ChinaUTC controls in the appendix and by leaving the strict
EPS/NBS specification outside the completed evidence base. Patent geography uncertainty
is addressed by reporting the IIDS patent layer only as a tiered robustness extension. Export
relevance is addressed by treating export tables as descriptive industrial context.

The reproducibility package documents the evidence pipeline, paper-facing artifacts, and
validation steps. The main evidence package is refreshed by make pcs-paper-owner and
validated by make validate-submission. The tiered patent robustness layer is refreshed by
make atlas-iids-tiered-extension and remains separate from the exact evidence chain.
The submission bundle contains the manuscript, paper-facing tables, figures, claim maps,

gate reports, data availability statement, and reproducibility statement.
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Balance diagnostics for available public controls

Pilot-zone versus non-pilot cities

GDP - o
Population - {
Secondary-industry share - o
-1.5 -1.0 -0.5 0.0 0.5 1.0 1.5

Standardized mean difference
Available public controls only; appendix diagnostic.

Figure 4: Standardized mean differences for pilot and non-pilot cities. The figure reports
balance diagnostics for available public-control variables and should be interpreted as controls-
dependent descriptive evidence.
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Timing diagnostic for the available recognition window

Public excellence-level smart-factory lists begin in 2024

25 1
20 A
15 ~

10 - o

Coefficient on listed smart-factory project counts

-2 0 +1 +2 +3
Years since pilot-zone designation

Timing diagnostic only. Public excellence-level smart-factory recognition starts in 2024. Reference bin: —1 (omitted).

Figure 5: Timing diagnostic for pilot-zone designation and listed smart-factory recognition.
Pre-2024 smart-factory counts are zero-filled because the public excellence-level lists begin in
2024. The figure serves as a timing diagnostic for the available recognition window.
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