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Abstract
The political economy literature on China has long predicted that distinct local institutional

legacies should produce divergent models of development. However, empirically assessing

these predictions has been hampered by a measurement gap: scholars often rely on sim-

plistic proxies that treat the “black box” of policy design as opaque. This paper bridges

this gap by simultaneously advancing policy measurement and unpacking the structural

mechanisms of contemporary state intervention. First, using a novel LLM-assisted textual

analysis of 1,123 provincial New Energy Vehicle (NEV) policy documents, I construct a

high-resolution dataset of local policy portfolios. Second, I leverage this dataset to test

the micro-behavioral logic driving local policy design. My analysis reveals a pattern of

capacity-constrained convergence: while uniform central mandates drive rapid standard-

ization in basic administrative tools, uneven local capacity drives stratification in high-

complexity domains like R&D. Interrupted time series and network analyses demonstrate

that this two-tier dynamic is governed by asymmetric political risk aversion and resource

crowding-out, often resulting in symbolic compliance when mandates exceed local capabil-

ities. Ultimately, this research reveals that contemporary local state agency has shifted

from unrestrained fragmentation to tactically bounded diversity.
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1. Introduction

1.1 The Puzzle: Divergence Foretold, Convergence Observed?

China’s remarkable industrial transformation has arguably been a local phenomenon. For

decades, scholars have documented how subnational governments, operating under the

same national political system, have developed strikingly different approaches to economic

governance. The canonical literature offers powerful theoretical reasons to expect this

variation. Oi (1992, 1999) and Whiting (2001) argue that distinct fiscal imperatives drive

local officials to adopt divergent intervention strategies. Nee and Opper (2012) suggest

that regions with bottom-up institutional origins (such as Zhejiang) should regulate in-

dustries fundamentally differently than state-centric regions. Similarly, research on global

value chains implies that local strategies should bifurcate based on alliances with foreign

versus domestic capital (Chen 2018). Collectively, this “conventional wisdom” predicts a

landscape of structural divergence, where local industrial policies should cluster into dis-

tinct, path-dependent models—contrasting, for instance, a state-centric approach with a

market-driven one.

However, as China moves toward high-technology industrial policy, such as the strate-

gic promotion of New Energy Vehicles (NEVs), does this divergence persist? When Beijing

mandates a unified technological trajectory, do local governments still act as distinct “cor-

porations,” or do they function as standardized implementers? Answering this question

is critical not only for understanding China’s political economy but also for assessing the

capacity of authoritarian regimes to orchestrate complex industrial upgrading.

1.2 The Measurement Gap: Beyond the Black Box

Despite the richness of theories explaining why local governments might diverge (the “X”),

we lack systematic, empirical tools to measure how they diverge in their actual policy
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designs (the “Y”). Existing empirical studies often rely on crude proxies to characterize

local state behavior. A common approach is to measure the intensity of intervention via

aggregate fiscal data—such as total subsidy expenditures or land price discounts. While

valuable, these proxies conflate strategy with intensity. They treat the “black box” of pol-

icy implementation as opaque, ignoring the specific mix of instruments governments use.

For instance, spending one billion RMB on direct consumer subsidies represents a funda-

mentally different strategic logic than investing the same amount in R&D coordination

platforms.

A more fundamental challenge is the risk of endogeneity. Studies linking local institu-

tions directly to economic outcomes (e.g., firm innovation) often struggle to disentangle

cause and effect: did a specific “model” drive growth, or did a region’s wealth allow it

to adopt that model? To mitigate this reverse causality, this study explicitly focuses on

policy design—the input of governance—rather than policy outcomes. By rigorously mea-

suring the intent and structure of government intervention before it interacts with market

performance, we can isolate the strategic choices of the local state.

1.3 The Argument: Operationalizing the Policy Portfolio

This paper addresses this gap by shifting the analytical focus from causal explanation to

concept formation and measurement. I propose the “policy portfolio” as a novel, quan-

tifiable unit of analysis to operationalize local industrial strategy. Defined as the specific,

documented configuration of policy instruments (e.g., fiscal incentives, infrastructure pro-

vision, R&D funding) and governance mechanisms (e.g., direct regulation vs. market coor-

dination) deployed by a local government, the policy portfolio serves as the “fingerprint”

of the local state’s strategic intent.

To measure these portfolios at scale, I employ a novel Large Language Model (LLM)-

assisted content analysis of 1,123 provincial NEV policy documents from four key economic

hubs: Guangdong, Jiangsu, Zhejiang, and Anhui. This approach moves beyond simple

2



keyword counting to capture the semantic structure of policy tools. By treating the LLM

as a research assistant within a “human-in-the-loop” validation framework, I construct a

high-resolution dataset that maps the precise combinations of instruments used by local

governments over a sixteen-year period (2008–2024).

1.4 Main Findings: Capacity-Constrained Convergence

Applying this measurement framework reveals a reality that challenges the conventional

wisdom of sharp, path-dependent divergence. Instead of observing distinct regional models,

the data uncover a nuanced pattern of Capacity-Constrained Convergence.

First, I identify a dynamic of “two-tier convergence.” While the political “will” to

support the NEV industry may be uniform across provinces, the bureaucratic “skill” to

execute complex policies is not. Consequently, basic administrative tools—such as fiscal

subsidies and infrastructure targets—converge rapidly across all provinces due to central

mandates and ease of replication. In contrast, high-complexity tools, particularly R&D

coordination, exhibit persistent stratification, diverging based on local state capacity.

Second, where divergence does occur, it manifests as “bounded diversity”—meaning

that while local states adapt policies to fit their unique industrial endowments, this differ-

entiation remains strictly anchored within a uniform national framework. Furthermore, the

analysis reveals a widespread phenomenon of “strategic ambiguity”: 92% of policy docu-

ments that invoke “leading firm” support avoid naming specific beneficiaries, and complex

tasks such as battery recycling are systematically under-addressed across most jurisdic-

tions. These findings suggest that local autonomy is no longer a “wild west” of divergent

models but a system of centrally-guided adaptation, where central frameworks standardize

the basics while local capacity defines the ceiling of innovation support.
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1.5 Roadmap

The remainder of this paper proceeds as follows. Chapter 2 establishes the rationale for

case selection, detailing how the four chosen provinces—Jiangsu, Zhejiang, Guangdong,

and Anhui—exemplify the distinct institutional archetypes traditionally identified in the

comparative political economy literature. Chapter 3 outlines the research design, introduc-

ing the LLM-assisted coding framework used to extract policy portfolios from unstructured

text and defining the critical distinction between “core industrial policies” and “signaling

documents.”

Chapter 4 presents the descriptive empirical findings. It maps the landscape of local

state intervention, highlighting the “two-tier convergence” dynamic where basic tools stan-

dardize while advanced capabilities stratify. Crucially, this section also documents the

phenomenon of “strategic ambiguity” and the systematic under-provision of sustainability

policies, challenging assumptions of uniform implementation. Chapter 5 interrogates the

mechanisms driving these patterns. Through interrupted time series (ITS) analysis and

multivariate testing (PERMANOVA), it demonstrates how central mandates (such as the

2020 NEV Plan) interact with local capacity to produce a “bounded diversity” of outcomes.

Finally, Chapter 6 concludes by discussing the theoretical implications of these findings

for the study of authoritarian environmental governance and outlining avenues for future

research.
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2. Institutional Context and Empirical Expectations

2.1 Case Selection: Institutional Archetypes

This study employs a purposeful sampling strategy, focusing on four provinces—Jiangsu,

Zhejiang, Guangdong, and Anhui—that collectively represent the distinct institutional

archetypes identified in the comparative political economy literature. Rather than select-

ing cases based solely on aggregate economic size, this research prioritizes variation in local

state-business relations to test whether historical institutional legacies constrain contem-

porary high-technology policy design.

Jiangsu province serves as the exemplar of the “technocrat-coordinated” model, histori-

cally known as the “Sunan model.” As documented by Whiting (2001) and Bramall (2009),

governance in this region is characterized by proactive state intervention. Local officials act

as industrial architects, utilizing powerful planning agencies to coordinate resources and

select strategic winners, a legacy tracing back to the era of collective township-village enter-

prises (TVEs). In sharp contrast, Zhejiang represents the “market-entrepreneurial” model,

or the “Wenzhou model.” Scholarship by Nee and Opper (2012) and Tsai (2002) highlights

its bottom-up development trajectory driven by endogenous private entrepreneurship and

informal financial networks. Here, the local state has historically adopted a facilitating

“helping hand” posture rather than a directive one.

Guangdong, specifically the Pearl River Delta region, embodies a FDI-driven model

shaped by deep integration into global value chains (Vogel, 1989; Chen, 2018). Its industrial

policy has traditionally been conditioned by the need to attract and retain mobile foreign

capital, fostering a regulatory environment focused on market access and supply chain

efficiency. Finally, Anhui provides a critical comparison case representing the “inland

developmental” model. As a latecomer province described by Bulman (2016), Anhui relies

heavily on state-led mobilization and the revitalization of legacy state-owned enterprises
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(SOEs) to engineer industrial catch-up, operating without the dense private networks or

foreign linkages characterizing its coastal neighbors.

Table 2.1 summarizes these governance archetypes and their theoretical foundations.

By selecting provinces that maximize variation along these institutional dimensions, this

study establishes a rigorous baseline for assessing whether contemporary NEV policies

exhibit path-dependent divergence or convergent adaptation.

Table 2.1: Provincial Governance Archetypes and Theoretical Predictions
Province Governance

Archetype
Key Features & Mechanisms Representative

Scholars

Jiangsu Technocrat-
Coordinated
(Sunan Model)

Strong Intervention: Local officials act
as “industrial architects,” utilizing
powerful planning agencies and the
legacy of township-village enterprises
(TVEs) to coordinate resources.
Mechanism: Fiscal Incentives &
Property Rights Control.

Oi (1999); Whiting
(2001); Peng
(2001); Naughton
(2007); Bramall
(2009)

Zhejiang Market-
Entrepreneurial
(Wenzhou Model)

Bottom-Up: Development driven by
endogenous private entrepreneurship and
informal financial networks. The state
adopts a facilitating “enabler” posture.
Mechanism: Institutional change driven
by private networks & informal finance.

Nee & Opper
(2012); Tsai (2002);
Huang (2008)

Guangdong FDI-Driven (Pearl
River Delta Model)

Global Integration: Industrial strategy
conditioned by deep embedding in
Global Value Chains (GVCs) and
coalitions with mobile foreign capital.
Mechanism: Globalization & Coalitions.

Vogel (1989); Chen
(2018); Enright et
al. (2005)

Anhui Inland
Developmental
(SOE-Dominant)

Catch-Up Logic: Relies on state-led
mobilization and the revitalization of
legacy state-owned enterprises (SOEs) to
engineer industrial bases.
Mechanism: Political Tournament &
Mobilization (Promotion incentives +
Infrastructure).

Bulman (2016); Li
& Zhou (2005);
Landry (2008);
Naughton (2007)

2.2 The High-Tech Break: Reconceptualizing Local State Agency

The institutional archetypes outlined in Table 2.1 (from local state corporatism to bottom-

up market entrepreneurship) capture the logic of China’s local governance during its era of
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labor-intensive, catch-up industrialization. Under “regionally decentralized authoritarian-

ism” (Xu, 2011), the central government intentionally left policies vague to encourage local

officials to act as distinct corporate entities competing for mobile capital. This structural

environment naturally bred a form of fragmented authoritarianism (Lieberthal & Lampton,

1992; Mertha, 2009) where divergent and path-dependent local models thrived.

However, this study argues that the transition toward high-technology industrial policy

represents a fundamental structural break that renders traditional models of unrestrained

local divergence obsolete. The assumption that historical institutional legacies will au-

tomatically produce divergent local strategies overlooks three macro-level shifts defining

contemporary Chinese economic governance.

First, the technological imperatives of systemic integration fundamentally constrain lo-

cal fragmentation. As Nahm (2021) argues regarding the development of China’s solar and

wind sectors, green technology industries constitute complex socio-technical systems that

rely heavily on collaborative global and domestic supply chains. Similarly, the NEV sec-

tor requires nationwide interoperability of charging infrastructure, unified battery recycling

protocols, and integrated cross-regional component manufacturing. Pure local decentraliza-

tion, where each province promotes its own closed technological standards, would disrupt

the network externalities necessary for the industry’s survival.

Second, the central state has transitioned from a decentralized referee to an active

“steering state” (Naughton, 2021). The contemporary central government possesses sig-

nificantly enhanced coordination capabilities. Through the deployment of massive central

guidance funds, rigorous technical auditing mechanisms, and digitized monitoring of sup-

ply chains, the center has dramatically reduced the information asymmetry that previously

allowed local governments to pursue idiosyncratic industrial experiments unchecked.

Third, the political calculus of the local bureaucracy has undergone a profound central-

ization shift. The national NEV strategy matured during the post-2012 political consoli-

dation phase, which heavily emphasizes unified leadership and top-level design. As Luo,

Wang, and Yang (2025) demonstrate empirically, the bureaucratic incentive structure driv-
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ing local officials has systematically pivoted. The traditional tournament system that

rewarded bespoke local experimentation has been superseded by an evaluation framework

that prioritizes strict political alignment and the faithful execution of central directives.

Consequently, this paper contends that the logic of local state agency has transformed.

Local governments no longer operate in an environment where they can freely choose

fundamentally opposing development models. Instead, their strategic space has shifted

from macro-level divergence to tactical adaptation, forcing them to execute uniform central

mandates under varying local capacity constraints.

2.3 Empirical Expectations: The Capacity-Mandate Framework

To operationalize how this high-tech break shapes actual policy design, this study disag-

gregates the concept of state intervention. Policy instruments are not monolithic; rather, I

propose they vary systematically along two critical dimensions: the strength of the central

mandate (the degree of standardizability and top-down enforceability) and the administra-

tive capacity requirement (the tacit knowledge and institutional depth required for local

execution).

As illustrated in Table 2.2, mapping these two dimensions creates a theoretical matrix

that categorizes local industrial policy interventions into four distinct quadrants. This

framework allows us to systematically predict how local governments will respond to na-

tional high-tech directives based on the specific nature of the policy tool.

Based on the dynamics outlined in this theoretical framework, I project that historical

institutional differences will be strictly filtered through these two dimensions. This logic

yields two distinct empirical expectations regarding the deployment of policy portfolios:

H1: Convergence in Standards (The “Will” Dimension). For policy instruments character-

ized by low administrative complexity and strong, easily verifiable central mandates,

provincial adoption will converge regardless of historical institutional archetypes. In-

struments such as direct fiscal subsidies, consumer tax exemptions, and quantitative

8



Table 2.2: The Capacity-Mandate Matrix of Policy Instruments
Low Administrative Capacity
Requirement
(Basic implementation, standardized
procedures)

High Administrative Capacity
Requirement
(Tacit knowledge, complex ecosystem
needed)

Strong Central
Mandate
(Verifiable targets,
high political
pressure)

Quadrant I: Standardized
Compliance
Policy Examples: Fiscal subsidies, tax
incentives, basic infrastructure targets
Theoretical Expectation: Driven by
uniform political pressure and low
execution barriers, provinces will
universally adopt these tools. →
Expectation of Convergence (H1)

Quadrant II: Symbolic Compliance
Policy Examples: Complex recycling
systems, targeting of frontier “leading
firms”
Theoretical Expectation: Faced with
political pressure but lacking local
capability, local states will signal
loyalty through rhetoric rather than
substantive resource commitment.

Weak/Broad
Central Mandate
(General
encouragement, high
local discretion)

Quadrant III: Ad-hoc
Implementation
Policy Examples: Minor
administrative conveniences, general
resource support
Theoretical Expectation: Without
central pressure or capability
requirements, adoption will be highly
stochastic and dependent on local
convenience.

Quadrant IV: Capacity-Driven
Differentiation
Policy Examples: R&D funding,
public innovation platforms, supply
chain orchestration
Theoretical Expectation: Without
binding mandates, adoption depends
entirely on endogenous local fiscal and
administrative depth. → Expectation
of Stratification (H2)

infrastructure deployment targets are highly standardizable. Because the political in-

centive to demonstrate compliance is uniform across the bureaucracy and the admin-

istrative threshold to issue a basic subsidy is relatively low, provincial governments

will rapidly adopt these baseline tools to form a standardized foundational portfolio,

with decreasing variance over time.

H2: Stratification in Capabilities (The “Skill” Dimension). For policy domains requir-

ing high administrative sophistication, technical expertise, and sustained fiscal depth,

provincial policies will sharply diverge. Complex interventions—such as R&D coordi-

nation, innovation platform orchestration, and supply chain governance—cannot be

effectively mandated from the top down; they require deeply embedded, localized

bureaucratic capabilities to evaluate technological risks and organize public-private

innovation networks. Only provinces with historically deep state capacity and ma-
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ture institutional ecosystems will sustain high-intensity usage of these advanced tools,

while capacity-constrained regions will structurally retreat, producing a pattern of

stratification with increasing variance over time.
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3. Research Design and Data

3.1 Data Collection and Corpus Construction

To operationalize local industrial strategy, this study constructs a comprehensive corpus of

1,123 provincial-level New Energy Vehicle (NEV) policy documents issued between 2008

and 2024. Data collection prioritized inclusivity to capture the full spectrum of state

intervention, sourcing documents from the comprehensive PKULaw database and cross-

verifying with official provincial government archives. This sixteen-year window covers the

entire lifecycle of China’s modern NEV industrial policy, spanning from the initial “Ten

Cities, Thousand Vehicles” pilot program to the post-subsidy era.

3.2 LLM-Assisted Coding Framework

The sheer volume and semantic complexity of bureaucratic texts necessitate a computa-

tional approach beyond traditional manual coding or simple keyword counting. Keyword-

based methods often fail to capture the contextual usage of policy tools—for instance,

distinguishing between a government providing a subsidy and regulating a subsidy. To

resolve this, I employed a Large Language Model (LLM)-assisted content analysis pipeline.

Rather than treating the LLM as a “black box,” I utilized it as a research assistant to

extract a structured dataset based on a rigorously defined ontology.

As detailed in Table 3.1, the coding schema operationalizes the policy portfolio along

two primary axes. The first axis identifies Policy Instruments, capturing the tangible

resources allocated by the state. The second axis captures Governance Mechanisms, iden-

tifying the administrative logic used to implement these tools. This dual-axis framework

allows for the precise characterization of local strategic intent beyond mere expenditure

intensity.

A critical methodological step in applying this schema is classifying documents by
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functional type. This study distinguishes between Core Industrial Policies (which deploy

concrete instruments such as subsidies or land grants) and Signaling Documents (which

communicate priorities without immediate implementation tools). Unlike approaches that

restrict analysis to legally binding regulations, this research retains signaling documents be-

cause they constitute essential components of policy orchestration in a fragmented system.

Table 3.2 summarizes the distinguishing features of these document types.

Table 3.1: Operationalizing the Policy Portfolio: Coding Dimensions
Dimension Specific Labels and Definitions

Panel A: Policy Instruments (Resource Allocation)
Fiscal Support Direct cash or non-cash economic benefits including subsidies, rewards,

parking discounts, and fee reductions/exemptions.
Tax Incentives Tax exemptions, reductions, preferential tax rates, and additional tax

deductions.
Infrastructure Direct government involvement in planning, construction, or renovation of

physical facilities including charging stations, battery swap facilities, and
grid upgrades.

R&D Funding Project-based science and technology grants, innovation awards, and key
project funding requiring evidence of both project form and financial
component.

Procurement Government or state-owned enterprise procurement actions that favor
specific products, including first purchase and priority procurement lists.

Resource Support Non-monetary inputs including land grants, financing facilitation, talent
attraction, and administrative approval convenience measures.

Panel B: Governance Mechanisms (Implementation Logic)
Industrial
Coordination

Active government measures to promote cooperation between entities,
including cross-departmental mechanisms, industry alliances, industrial
clusters, and chain-chief systems.

Public Platforms Substantive service platforms for testing, R&D, data monitoring,
information sharing, or collaborative innovation.

Pilot Programs Specific, actionable pilot or demonstration programs, demonstration zones,
and experimental implementation areas.

Quantitative Targets Specific numerical goals for output, sales, infrastructure deployment, or
other metrics with explicit timelines.

Direct Regulation New, strengthened, or specially emphasized mandatory actions including
technical standards, market entry thresholds, safety audits, and supervision
mechanisms.

Market Competition Policies introducing social capital, market-oriented operations, or
mechanisms explicitly encouraging fair competition and removing
protectionism.
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Table 3.2: Distinguishing Document Types: Signaling vs. Core Industrial Policy
Feature Type A: Signaling Document Type B: Core Industrial Policy

Typical Title “Guiding Opinions on Accelerating the
Development of the NEV Industry”

“Notice on Allocating the 2022
Provincial NEV Promotion and
Application Subsidy Funds”

Primary
Function

Agenda Setting & Coordination Resource Allocation & Enforcement

Key Content Broad quantitative targets (e.g.,
“Achieve 500,000 unit sales by 2025”);
strategic focus areas; calls for
cross-departmental cooperation

Specific eligibility criteria (e.g.,
“Models with battery density
>160Wh/kg”); subsidy standards (e.g.,
“10,000 RMB per vehicle”); application
procedures

Governance
Logic

Communicates political priority to
lower-level officials and investors;
aligns expectations

Delivers tangible benefits; establishes
legally binding commitments and audit
requirements

LLM Coding
Rule

Requires strict same-paragraph
co-occurrence of tools and targets to
avoid coding “aspirational rhetoric” as
actual policy

Allows structural association across
sections (e.g., linking a subsidy table in
the appendix to the agency named in the
header)

Note: This typology distinguishes between coordination-oriented signaling documents and implementation-focused core
industrial policies. The distinction is critical for accurate measurement of policy portfolios, as conflating aspirational
rhetoric with concrete interventions would systematically overestimate policy activity.

3.3 Validation and Reliability

To ensure methodological rigor, the LLM-generated dataset was benchmarked against a

human-annotated “gold standard.” A stratified random sample was independently coded

by trained research assistants. As shown in Table 3.3, the system achieved substantial

inter-rater reliability across all dimensions.

It is worth noting that while the empirical analysis primarily tracks the allocation of

Policy Instruments to measure resource intensity, the Governance Mechanisms are critical

for identifying the structural logic of policy portfolios (e.g., distinguishing state-directed

intervention from market-based facilitation). The high reliability scores across both dimen-

sions confirm the model’s ability to capture these nuanced distinctions.
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Table 3.3: Model Performance Summary Across Coding Stages
Stage Dimensions Methodology Cohen’s κ Interpretation

Stage 0: Document
Classification

2 categories LLM (dual-
prompt)

0.855 Almost Perfect

Stage 1: Policy Tools 6 tools LLM (dual-
prompt)

0.662 Substantial

Stage 2: Governance
Mechanisms

6 mechanisms LLM (dual-
prompt)

0.614 Substantial

Stage 3: Support Tar-
gets

3 targets Hybrid (keyword
+ single prompt)

n/a† Validated

Stage 4: Industry
Chain

8 categories LLM (dual-
prompt)

0.887 Almost Perfect

Note: Kappa interpretation follows Landis & Koch (1977): 0.41–0.60 = Moderate; 0.61–0.75 = Substantial; 0.76–
1.00 = Almost Perfect. All metrics calculated from independent assessment sets (59 training documents, 33 assessment
documents for LLM stages; 146 firm-policy links for Stage 3). Stage 3 employed hybrid methodology with human
verification for complex entity disambiguation. †Reliability for Stage 3 validated via manual filtering rather than inter-
rater agreement.
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4. Empirical Findings: Regional Variation and
Adaptation

This section presents the descriptive results of the policy portfolio analysis. Contrary

to conventional predictions of path-dependent divergence, the data reveal a landscape

defined by capacity-constrained convergence: while provinces exhibit high conformity in

basic administrative tools, significant stratification emerges in high-complexity domains,

accompanied by widespread strategic ambiguity.

4.1 Two-Tier Dynamics: Standardization vs. Stratification

Do provincial policy portfolios actually differ? The analysis reveals a striking Two-Tier

Dynamic: basic tools converge, while complex capabilities stratify.

Table 4.1: ANOVA Tests of Provincial Differences in Tool Usage
Policy Tool F-statistic p-value

Fiscal Support 3.56∗∗ 0.014
R&D Funding 9.54∗∗∗ <0.001
Infrastructure 5.89∗∗∗ <0.001
Tax Incentives 5.17∗∗∗ 0.001
Procurement 1.71 0.164
Resource Support 1.37 0.250

Note: ∗∗∗p < 0.01, ∗∗p < 0.05; n.s. = not significant. Tests based on document-level binary indicators (tool present=1,
absent=0) with province as factor.

One-way ANOVA tests (Table 4.1) identify where provincial discretion persists. R&D

Funding exhibits the most profound differentiation (F = 9.54, p < 0.001), followed by In-

frastructure (F = 5.89) and Tax Incentives (F = 5.17). This variation is not random but

concentrated in capability-intensive domains. R&D support requires sophisticated admin-

istrative systems to evaluate technical merit, while infrastructure demands coordination

with local urban planning—tasks where provincial capacity varies significantly.

In contrast, Procurement and Resource Support show no statistically significant differ-
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ence (p > 0.1). This uniformity reflects the binding power of central mandates: national

directives on government fleet purchasing and industrial land use create rigid implementa-

tion templates that override local preferences.

Figure 4.1: Provincial Policy Convergence/Divergence Over Time

Temporal analysis (Figure 4.1) confirms that these patterns are dynamic. The Coeffi-

cient of Variation (CV) for basic instruments—Fiscal Support (r = −0.72) and Infrastruc-

ture (r = −0.55)—shows a sharp downward trend, indicating rapid convergence (Table 4.2).

This validates H1: as central mandates tighten and standard implementation templates dif-

fuse (e.g., subsidy eligibility rules), provinces quickly adopt identical administrative tools.

Conversely, R&D Funding displays a positive but statistically insignificant trend (r =

0.36, p = 0.15), suggesting a weak tendency toward divergence. Notably, this positive cor-

relation is driven primarily by a sharp spike in inter-provincial CV during 2025 (CV=1.80),

reflecting incomplete early-year data. Excluding 2025, R&D Funding shows no temporal

trend (r = −0.04, p = 0.88), indicating that cross-provincial variation in R&D support re-

mained stable rather than systematically widening.1 However, the cross-sectional evidence

1. This sensitivity test demonstrates that the R&D divergence trend is not robust to the exclusion of the final ob-
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for R&D stratification remains robust: ANOVA identifies R&D Funding as the most sig-

nificantly differentiated tool (F = 9.54, p < 0.001), and the PERMANOVA-PCA analysis

(Section 5.3) confirms that R&D constitutes the primary axis of inter-provincial differentia-

tion. Thus, while the temporal widening of R&D gaps is suggestive rather than conclusive,

the structural pattern of capability-driven stratification is well-established through cross-

sectional testing. This supports H2, albeit with the important caveat that divergence

in R&D reflects persistent cross-sectional inequality rather than a statistically confirmed

widening trend.

Table 4.2: Convergence Patterns
Policy Tool Correlation (Year × CV) Pattern

Fiscal Support −0.724∗∗∗ Strong Convergence
Resource Support −0.570∗∗∗ Strong Convergence
Infrastructure −0.547∗∗∗ Strong Convergence
Tax Incentives −0.236 Weak Convergence
Procurement +0.198 Weak Divergence
R&D Funding +0.363 Weak Divergence

Note: ∗∗∗p < 0.001, ∗p < 0.05. Correlation between year and coefficient of variation (CV) across provinces. Negative
correlations indicate convergence (declining inter-provincial variation over time); positive correlations indicate diver-
gence (increasing variation). CV measures relative dispersion in tool usage rates across provinces.

These findings strongly validate my hypothesis and illuminate fundamental limits to

central coordination in complex policy domains. Convergence succeeds for capability-light

instruments where implementation primarily requires fiscal resources and adherence to stan-

dardized procedures that provinces can readily imitate. Divergence emerges for capability-

intensive tools where effective deployment demands sophisticated administrative systems,

technical expertise, and sustained organizational capacity that distribute unevenly across

jurisdictions. The two-tier pattern thus reveals not simply differential policy choices but

rather structural constraints wherein capability requirements determine which dimensions

permit convergence versus which produce persistent stratification. This dimension-specific

dynamic extends policy convergence theory beyond simplistic predictions of uniform conver-

servation year. In contrast, the convergence findings for Fiscal Support (r = −0.77 excluding 2025, p < 0.001),
Infrastructure (r = −0.63, p < 0.01), and Resource Support (r = −0.72, p < 0.01) strengthen when 2025 is excluded.
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gence or path-dependent divergence, demonstrating instead that instrument characteristics

—specifically knowledge-intensity and capability requirements—fundamentally shape diffu-

sion outcomes. Chinese NEV policy thus exhibits hybrid architecture combining convergent

basics enabling nationwide implementation with divergent advanced functions reflecting un-

avoidable capacity heterogeneity, producing orchestrated experimentation wherein central

frameworks establish boundaries but provincial capabilities determine exploitation depth.

4.2 Strategic Ambiguity: The Rhetoric-Reality Gap

If central mandates force convergence on basic tools, how do local governments maintain

discretion? The analysis uncovers a pervasive mechanism of “strategic ambiguity.” While

local governments frequently adopt the high-level rhetoric of the central state to signal

loyalty, they often decouple this rhetoric from binding resource commitments.

This phenomenon is most visible in the targeting of “leading firms (龙头企业).” Analy-

sis of support targets reveals a striking discrepancy: while 29.3% of all policy documents ex-

plicitly pledge support for “leading enterprises” to align with national champions strategies,

92.1% of these documents fail to name a specific beneficiary . Only 7.9% of documents link

this rhetoric to identifiable firms. This rhetoric-reality gap (Figure 4.2) suggests that local

officials use signaling documents to demonstrate political alignment with central industrial

goals without politically locking themselves into supporting specific winners. This strategy

allows them to navigate the tension between the “will” to comply and the risk of betting on

the wrong firms. This strategy perfectly illustrates the “symbolic compliance” predicted in

Quadrant II of the Capacity-Mandate Matrix (Table 2.2). When central pressure is high

but local evaluative capacity is low, rhetoric becomes a substitute for substantive resource

allocation.

18



Figure 4.2: Support Target Selection: The Rhetoric-Reality Gap

4.3 The Sustainability Gap: Limits of Mandates

The limits of central coordination are further illuminated by the uneven attention to the

industry chain. Despite the national emphasis on “green development” and the circular

economy, provincial policies exhibit a systematic sustainability gap.

As shown in the industry chain analysis (Figure 4.3), policy attention is heavily skewed

toward upstream manufacturing (Core Components, 34.6%) and midstream deployment

(Charging Infrastructure, 31.3%). In contrast, Battery Recycling and Reuse appears in

only 11.0% of documents. This neglect is consistent across all provinces except Guang-

dong, which possesses a mature battery manufacturing cluster. This systematic neglect is

consistent with the theoretical expectations of Quadrant II (Symbolic Compliance). Un-

like infrastructure construction (Quadrant I), which generates visible political credit with

standardized implementation, recycling systems are technically complex and economically

uncertain. In the absence of strong local industrial incentives, central mandates for sustain-

ability are effectively filtered out by local officials prioritizing growth-enhancing segments.

This phenomenon further corroborates Hypothesis 2: while high capacity leads to strat-

ification (as seen in R&D), the absence of local capacity and profitability causes policy

attention to converge to zero.

19



Figure 4.3: Value Chain Focus: The Sustainability Gap

4.4 Embedded Specialization

To examine whether provincial policy emphasis aligns with underlying industrial compar-

ative advantages, I employ Location Quotient (LQ) analysis measuring relative specializa-

tion across industry chain segments and application scenarios. The LQ metric compares a

province’s share of policy attention to a given domain against the national average share,

calculated as:

LQ =
Provincial share of documents mentioning domain X
National share of documents mentioning domain X

As illustrated in Figure 4.4, Guangdong exhibits the highest specialization in Recycling

(LQ = 1.36), aligning with its status as a global battery manufacturing hub. Jiangsu

prioritizes Charging Infrastructure (LQ = 1.31), reflecting its dense urbanization and role

in coordinating the Yangtze River Delta integration. Zhejiang focuses on Core Components

(LQ = 1.20), consistent with its legacy of specialized component manufacturing clusters6.

These patterns suggest that local agency has shifted from resisting central mandates to

engaging in embedded specialization: provinces accept the national roadmap but selectively
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amplify the specific value chain segments that match their comparative advantages.

Figure 4.4: Regional Specialization Patterns: Location Quotient Heatmap

Note: Top panel shows application scenarios; bottom panel shows industry chain segments

Three distinct patterns of specialization emerge, each mirroring a local comparative

advantage. Guangdong demonstrates the strongest specialization in Recycling (LQ = 1.36).

This is not an arbitrary administrative choice but a functional response to the Pearl River

Delta’s battery manufacturing concentration—anchored by BYD’s production facilities—

which creates both the demand for material recovery and the technical expertise to execute

it. Jiangsu prioritizes Charging Infrastructure (LQ = 1.31), a rational adaptation to the

high utilization rates demanded by the dense urban clusters of the Yangtze River Delta.

Zhejiang focuses on Core Components (LQ = 1.20), consistent with its legacy of specialized

manufacturing in electric motors and power electronics. Similarly, Anhui’s focus on core

components and manufacturing (LQ = 1.03) reflects the specific needs of its state-backed

champions, including JAC Motors, NIO, and Gotion High-Tech.

21



This tight coupling between policy focus and industrial structure suggests a logic of

pragmatic reinforcement. Contrary to institutionalist explanations that attribute policy

choices solely to political tournaments or bureaucratic whims, these findings indicate that

provincial strategies are strictly constrained by local economic realities. Provincial govern-

ments exercise strategic choice regarding which domains to emphasize, but these choices

are determined by existing industrial foundations that dictate implementation feasibility.

In short, local governments do not create comparative advantages out of thin air; they

selectively amplify the specific sectors where they are already competitive.

These patterns of “embedded specialization” reveal the ultimate outcome of the

“capacity-mandate” framework in action. The constraint of industrial endowment explains

why provincial divergence remains bounded: because local governments only deviate from

the standard template in sectors where they possess specific industrial advantages, their

divergence is highly selective. Outside of these specific zones of comparative advantage,

provinces lack the capacity or incentive to innovate, leading them to converge on the

standardized, low-risk instruments provided by central mandates (Quadrant I). Thus,

Embedded Specialization acts as the filtering mechanism that produces a macro-pattern

of bounded diversity, moving contemporary local governance far beyond the unrestrained

fragmentation of the early reform era.
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5. Unpacking the Mechanisms: The Structural Logic of
Policy Design

The regional analysis in Chapter 4 established a clear empirical pattern: while provinces

functionally adapt to their endowments, they exhibit a surprising degree of structural sim-

ilarity, with divergence confined to specific high-capability domains. This section unpacks

the mechanisms driving this “bounded diversity.” It moves beyond descriptive statistics to

explore the structural logic of policy design (Chapter 5.1), the dynamic response to central

shocks (Chapter 5.2), and the aggregate limits of provincial differentiation (Chapter 5.3).

5.1 The Structure of Intervention: Policies Bundle

The analysis in Chapter 4 focused on the distribution of individual policy tools, revealing

which instruments provinces prioritize. However, analyzing tools in isolation misses the

strategic context of their deployment. Policy instruments rarely operate in a vacuum; they

are embedded within specific administrative arrangements. For instance, a fiscal subsidy

can be distributed through a market-based application process or allocated via top-down

administrative command. To capture this structural logic, this chapter explicitly integrates

Governance Mechanisms (the “How”) with Policy Tools (the “What”).

Network Analysis (Figure 5.1) reveals the latent topology of these portfolios. The

co-occurrence network identifies two distinct instrument communities. An “intervention

cluster” (purple nodes) tightly bundles resource-intensive tools—Fiscal Support and Infras-

tructure—with Direct Regulation. Crucially, Government Procurement is systematically

anchored to Quantitative Targets (Lift = 2.82, χ2 = 186.2; see Appendix B.1.1 for cal-

culation details), indicating that demand-side interventions require rigid accountability

mechanisms to ensure implementation. In contrast, R&D Funding anchors a separate “co-

ordination cluster” (yellow nodes), linking with Industrial Alliances and Public Platforms

(χ2 = 143.7). This structural constraint implies that provinces cannot simply “mix and
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match” tools at will; effective governance requires adopting established bundles, limiting

the scope for idiosyncratic experimentation.

5.2 Temporal Associations: Policy Shocks and Uneven Capacity

If bundling explains the static structure, what drives the dynamic “two-tier” trend observed

in Section 4.1? To explore this, I employ interrupted time series (ITS) regression to explore

temporal patterns surrounding two policy junctures: the 2016 subsidy reform and 2020

NEV mandate. The analysis estimates immediate level shifts (β2) and post-intervention

trend changes (β3) while controlling for pre-existing trajectories (β1). Standard errors are

robust (HC1) accounting for heteroskedasticity in annual aggregates.

It is essential to acknowledge that the 2020 window (2018–2024) overlaps with COVID-

19, potentially confounding attribution. The 2016 window spans only seven years, limiting

statistical power. Provincial policies respond to multiple concurrent directives beyond focal

interventions. I interpret ITS results as characterizing temporal associations rather than

establishing definitive causal effects.1 The model for ITS is:

Sharet = β0 + β1(time) + β2(intervention) + β3(time_after) + εt

where β2 captures immediate level change at the intervention point and β3 captures post-

intervention trend change.

I tested two critical junctures: the 2016 Subsidy Reform and the 2020 NEV Industry

Development Plan. The analysis of the 2016 reform yielded no statistically significant

structural breaks in tool deployment, suggesting that early adjustments were likely ab-

sorbed through portfolio recomposition rather than level shifts (detailed results for the

2016 null findings are reported in Appendix D). In contrast, the 2020 Mandate is asso-

ciated with significant, asymmetric shifts in provincial trajectories. As shown in Figure

5.2, the mandate coincides with a “standardizing shock” for basic tools: Infrastructure

1. Complete model diagnostics including pre-intervention trend tests and concurrent event timelines appear in Ap-
pendix C. Placebo tests reveal anticipatory effects for the 2016 reform (significant 2014 placebo) but not for the 2020
mandate (null 2018 placebo), suggesting varying degrees of policy signaling and preemption.

24



provision shows a negative level shift (β2 = −21.7) and trend deceleration (p < 0.001),

suggesting that strict national technical standards effectively curbed local idiosyncratic

deviations.Conversely, the mandate is associated with a significant acceleration in R&D

Support (β3 = +12.4, p = 0.015). This divergence illuminates a potential mechanism of

stratification: while central mandates create a floor for standardization (forcing laggards

to align with basic standards), local state capacity defines the ceiling for innovation. High-

capacity provinces appeared better positioned to ramp up complex R&D coordination in

response to the mandate, while lower-capacity regions could not sustain such acceleration.

Thus, the “two-tier” outcome likely reflects uniform central pressure filtering through un-

even local capacities.

To understand what is exactly driving this “two-tier” outcome at the micro-bureaucratic

level, we must explore the mechanisms of risk aversion and resource allocation under the

Capacity-Mandate framework (outlined in Table 2.2). The 2020 Mandate functioned as a

systemic shock that forced local governments into a constrained optimization problem.

First, the mandate established a rigid compliance “floor.” For low-complexity, high-

mandate tools (Quadrant I), central audits and top-down targets removed any remaining

space for local idiosyncrasy, forcing all provinces to universally align their basic infras-

tructure and fiscal subsidies. However, complying with these rigid central targets requires

massive fiscal resources. For capacity-constrained provinces, meeting this newly elevated

“floor” likely triggered a resource crowding-out effect. To survive political audits on ba-

sic targets, these provinces were forced to divert their limited fiscal and administrative

bandwidth away from high-risk, complex interventions. Second, the stratification in R&D

funding (Quadrant IV) is driven by asymmetric political risk aversion. Orchestrating R&D

platforms and coordinating supply chains requires deep tacit knowledge, expert bureau-

cratic evaluation, and a high tolerance for investment failure. For advanced provinces like

Guangdong and Jiangsu, mature innovation ecosystems and deep fiscal pockets buffered

these risks, allowing them to leverage the 2020 Mandate to accelerate their technological

lead. Conversely, for bureaucrats in capacity-constrained regions, intervening in complex
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R&D under heightened central scrutiny poses severe political risks. Given the high proba-

bility of failure and the lack of local evaluative capacity, the rational bureaucratic response

is to structurally retreat from capability-intensive domains, opting instead for “symbolic

compliance” (Quadrant II) where they echo central rhetoric but withhold substantive re-

source commitments. Ultimately, the central mandate standardized the basics, but the

uneven distribution of local risk-tolerance and capability dictated the ceiling of innovation.

5.3 Contextualizing the Shift: From Fragmentation to Coordination

While the ANOVA results detect significant tool-level differences and CV trends reveal

dimension-specific patterns, these univariate metrics leave a critical question unanswered:

Do these variations aggregate into fundamentally distinct strategic orientations, or do they

merely represent marginal adjustments within a shared national framework? To distinguish

between wholesale strategic divergence and bounded differentiation, I move beyond indi-

vidual instruments to a multivariate assessment. PERMANOVA testing, combined with

dimensional reduction analysis (PCA), provides the structural evidence needed to resolve

this puzzle.

Table 5.1: PERMANOVA Results: Provincial Differences in Policy Portfolios
Distance Method R2 F-statistic p-value Effect Size N Permutations

Bray-Curtis 0.028 7.85∗∗ 0.001 Small 807 999
Jaccard 0.023 6.32∗∗ 0.001 Small 807 999

Note: ∗∗p < 0.01. PERMANOVA (Permutational Multivariate Analysis of Variance) with 999 permutations. Both Bray-
Curtis and Jaccard dissimilarity metrics yield consistent results, with province explaining 2.3–2.8% of total variance in
policy portfolios. F-statistics test the null hypothesis of no provincial differences. The small but significant effect sizes
suggest statistically detectable provincial variation that is modest in substantive magnitude, supporting the bounded
fragmentation framework. Analysis based on 807 documents across 4 provinces (Anhui, Guangdong, Jiangsu, Zhejiang)
using binary policy tool presence/absence matrices.

To assess whether provinces exhibit distinct policy portfolios when all six tools are con-

sidered simultaneously, I conducted PERMANOVA on document-level policy tool profiles

using Jaccard distance.2 Results reveal statistically significant provincial differentiation

2. To ensure robustness, I also validated the results using the Bray-Curtis estimator (see Table 5.1), and the conclusion
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(R2 = 0.023, F = 6.32, p = 0.001). Provincial identity explains only 2.3% of the vari-

ance in policy tool portfolios, with the remaining 97.7% reflecting shared patterns. This

combination—statistical significance coupled with a highly constrained effect size—reveals

the underlying structural logic of contemporary local governance. The p-value of 0.001 es-

tablishes that provincial differences are systematic rather than stochastic, rejecting the null

hypothesis of complete policy homogeneity. Yet, the modest R2 demonstrates that these

differences operate strictly on specific margins, while provinces maintain fundamentally

similar overall approaches.

Figure 5.3 visualizes this pattern through principal coordinate analysis (PCoA) dis-

persion plot. Provincial centroids occupy distinct positions in policy space, confirming

differentiation, yet individual documents from different provinces substantially overlap, in-

dicating shared tool combinations predominate. The visualization illustrates that variance

within provinces (document-to-centroid distances) far exceeds variance between provinces

(centroid-to-centroid distances), visually reflecting the small R2 interpretation. Anhui’s

documents scatter most widely, suggesting greater internal policy experimentation, while

Guangdong, Jiangsu, and Zhejiang demonstrate tighter clustering around their respec-

tive centroids. The 2.3% effect size merits careful interpretation. In policy diffusion

research, even modest variance explained by jurisdictional identity holds theoretical sig-

nificance when examining ostensibly coordinated national frameworks. The finding indi-

cates provinces exercise real discretion despite central coordination, yet this autonomy

remains bounded—provincial identity matters less than shared policy repertoires, national

mandates, and common developmental challenges shaping tool selection. Inter-provincial

correlation analysis reinforces this interpretation: pairwise correlations range from 0.713 to

0.945, with all values exceeding 0.70, confirming provinces deploy remarkably similar tool

mixes despite statistically significant differences (complete correlation matrix in Appendix

remains identical. As Table 5.1 details, this analysis includes 807 policy documents across the four provinces (Anhui
n = 387, Zhejiang n = 144, Guangdong n = 143, Jiangsu n = 133). Each document’s binary tool profile is treated
as a multivariate observation. 316 pure signaling documents containing no concrete implementation instruments were
excluded from this specific test to isolate substantive policy variation.
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E). Even the minimum correlation of 0.713 between Anhui and Jiangsu—representing max-

imum divergence between a catch-up province emphasizing coordination and a balanced

economy with sophisticated market-driven networks—indicates 51% shared variance in tool

deployment patterns.

Figure 5.3: Provincial Policy Portfolio Differentiation

Note: PERMANOVA: R2 = 2.30%, F = 6.32, p = 0.001∗∗. PCoA visualization using Jaccard distance. Points =
individual documents; large circles = provincial centroids. Province explains 2.3% of total variance, indicating small but
significant differentiation. N=807.

PCA biplot analysis (Figure 5.4) reveals the interpretable dimensional structure under-

lying provincial differentiation. PC1 (62.8% variance) loads fiscal support negatively and

R&D funding positively, creating a “basic-to-advanced” tool continuum wherein provinces

position themselves along a standardization-sophistication spectrum. PC2 (22.4% variance)

loads procurement positively and tax incentives negatively, capturing state-versus-market

instrument emphasis. Together these components explain 85.2% of portfolio variance,

demonstrating provincial differences reduce to simple, theoretically meaningful dimensions
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rather than complex random variation. Anhui and Zhejiang occupy positive PC1 space

indicating relative R&D emphasis despite their substantial development gap, suggesting

both pursue innovation-oriented strategies though with vastly different implementation ca-

pacities. Guangdong’s negative PC2 positioning reflects high tax incentive usage aligned

with its market-oriented governance tradition and deep fiscal reserves enabling generous

exemptions.

The empirical evidence presented above—specifically the finding that provincial identity

explains only 2.3% of policy variance—distinguishes contemporary industrial policy from

the “fragmented authoritarianism” of the early reform era. While the township-village

enterprises (TVEs) period was defined by wholesale strategic divergence, the low residual

variation observed here indicates a fundamental shift toward a more cohesive governance

architecture. Consequently, the governance mode revealed by this study is best understood

as standardization with local adaptation. Central frameworks establish strict boundaries

within which provinces exercise bounded discretion. As demonstrated by the robust Two-

Tier dynamic—where fiscal support converges (r = −0.724) while R&D funding stratifies

(r = 0.363)—provinces make real choices on specific, capability-intensive margins while

operating from a shared playbook. This represents an evolution from the wild experimen-

tation of the early reform era to a more sophisticated, capacity-dependent order.
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Figure 5.1: Policy Instrument Co-occurrence Network

Note: Robustness checks across alternative thresholds (100, 150, 200 documents) confirm the stability of
core bundling patterns. As threshold increases, peripheral instruments (procurement, market competition, re-
source support) become isolated, while the fiscal-tax-infrastructure tool bundle consistently co-occurs with
coordination-platform-pilot governance mechanisms (Appendix B). This indicates a robust, systematic pair-
ing of substantive policy tools with orchestration mechanisms, supporting the ‘coordination-intensive devel-
opmentalism’ interpretation.
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Figure 5.2: ITS Coefficients for 2020 Mandate (2018–2024, N=7)
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Figure 5.4: Provincial Policy Portfolio Positioning
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6. Conclusion

6.1 Revisiting the Puzzle

This study began with an empirical puzzle: why do China’s ambitious national industrial

policies, such as the push for New Energy Vehicles (NEV), result in such systematically

varied implementation patterns across provinces? The preceding chapters have sought to

answer this question by moving beyond traditional frameworks that focus solely on vertical

compliance or aggregate expenditures. Instead, this study operationalized the concept of

local industrial strategy by developing a novel “policy portfolio” framework. Through an

original, LLM-assisted analysis of 1,123 policy documents, this research demonstrated that

local institutional and economic structures act as critical “filtering mechanisms,” shaping

how national mandates are translated into local governance logic.

6.2 Substantive Findings: From “Strategy” to “Tactics”

The empirical findings of this study offer a nuanced correction to the conventional wisdom of

“Structural Divergence” while also refining the initial theoretical expectations. As predicted

by the Capacity-Mandate framework (Chapter 2), the data confirm a fundamental Two-

Tier Dynamic: in domains characterized by strong central mandates and low administrative

complexity (such as fiscal subsidies and basic infrastructure), provincial policies exhibit

rapid standardization (confirming H1). Conversely, in high-complexity domains like R&D

coordination, stratification persists, driven by the uneven distribution of local state capacity

(confirming H2).

However, the high-resolution policy portfolio analysis reveals critical empirical realities

that extend beyond these initial baseline expectations. While the theoretical framework

anticipated divergence in high-capacity tools, it could not fully predict how local govern-

ments would navigate the intense political pressure of mandates they lacked the capacity
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to fulfill. The data uncover a pervasive mechanism of Strategic Ambiguity. When faced

with rigid top-down directives for complex tasks—such as targeting “leading firms” or es-

tablishing battery recycling systems (the Sustainability Gap)—capacity-constrained local

states do not simply defy the center. Instead, they engage in symbolic compliance, fre-

quently adopting high-level central rhetoric to signal loyalty while strategically decoupling

this rhetoric from binding resource commitments.

Furthermore, where provincial divergence does occur, it is not the chaotic fragmentation

of the early reform era. Rather, it manifests as bounded diversity. The finding of embedded

specialization demonstrates that local agency has shifted from strategic defiance to tactical

adaptation. Local governments no longer define the overarching developmental goals; that

power has been centralized. Instead, their governance space lies in determining how to

amplify the specific value chain segments that match their pre-existing industrial compar-

ative advantages (e.g., Guangdong’s focus on recycling, Jiangsu’s on charging networks).

Contemporary local governance is neither perfectly homogenized nor purely fragmented.

It is defined by centrally-guided adaptation, where central frameworks standardizes the

basics, while local endowments dictate the tactical ceiling of innovation.

In sum, contemporary local governance is defined by Bounded Diversity: provinces

exercise real discretion, but this discretion is strictly bounded by central frameworks and

local endowments. The era of “fragmented authoritarianism,” characterized by the wild

experimentation of the early reform period, has evolved into a system of centrally-guided

adaptation.

6.3 Methodological Contribution: Decoding the State

Beyond its substantive findings, this thesis offers a methodological contribution by modeling

how Large Language Models (LLMs) can be used for “qualitative analysis at scale.” Social

scientists have long faced a trade-off between the depth of small-N case studies and the

breadth of large-N quantitative analysis. My approach bridges this gap by using LLMs as
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coding assistants to perform a “deep reading” of over a thousand policy documents, which

has been exemplified by more recent articles such as Fang, Li and Lu (2024) and Luo, Wang

and Yang (2025).

Crucially, this study argues that rigorous measurement must precede causal explanation.

Existing literature often links local institutions directly to economic outcomes, risking

reverse causality. By focusing on policy design—the input of governance—rather than

policy outcomes, this research isolates the strategic intent of the state from the confounding

noise of market performance. The “policy portfolio” provides a replicable, granular unit

of analysis that future scholars can use to systematically measure state behavior across

different sectors and regions.

6.4 Limitations and Avenues for Future Research

While this study offers new insights, it faces constraints that point toward important

avenues for future inquiry. First, the sample is restricted to four coastal provinces. Future

research should extend this framework to inland or “rust belt” regions (e.g., the Northeast)

to test whether the logic of “capacity-constrained convergence” holds in less developed

contexts.

Second, and perhaps most critically, the findings are contingent on the choice of the

NEV sector itself. One must ask if the NEV sector is truly “high-tech” in the same way

as semiconductors or biotechnology. It remains an assembly-heavy industry where the

state, through its control of licenses and subsidies, can still effectively “pick winners” .

Consequently, the central finding of “bounded” fragmentation might be an artifact of this

specific industry rather than a universal feature of China’s contemporary developmental

state. In a truly high-knowledge sector where winners are unknown—such as the biotech

sector explored by Wong (2011)—this state-led “orchestration” might break down, revealing

a much more chaotic or divergent form of fragmentation. Most importantly, this thesis

analyzes policy design and implementation, not effectiveness. The natural next step is to
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use the Policy Portfolio dataset as an independent variable to predict firm-level outcomes,

such as patent quality or export competitiveness.
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A. Provincial Coefficient of Variation Over Time

Table A.1 presents the complete time series of coefficient of variation (CV) values for all

six policy tools across provinces from 2008 to 2024. The CV metric quantifies relative

dispersion in tool usage rates across the four provinces, calculated as the ratio of stan-

dard deviation to mean (CV = σ/µ). Lower CV values indicate greater inter-provincial

convergence, while higher values signal divergence.

The data validate the Two-Tier Convergence dynamic discussed in Section 4.1. Fiscal

Support exhibits a clear declining trend in CV, from 0.707 in 2009 to 0.325 in 2025 (correla-

tion with year: r = −0.724, p < 0.001), confirming standardization in basic administrative

tools. Infrastructure similarly converges from 1.641 (2009) to 0.739 (2025), though with

greater volatility (r = −0.547, p < 0.001). In contrast, R&D Funding shows a positive

but statistically insignificant correlation (r = +0.363, p = 0.15), with CV values remain-

ing relatively stable between 0.22 and 0.59 from 2009 to 2024 before spiking to 1.801 in

2025. This spike reflects incomplete early-year data; excluding 2025, R&D Funding ex-

hibits no temporal trend (r = −0.04, p = 0.88). Thus, while cross-sectional tests (ANOVA,

PERMANOVA) robustly confirm that R&D is the most differentiated tool, the temporal

divergence trend is not statistically reliable. The convergence findings for capability-light

instruments, by contrast, are fully robust to the exclusion of the final year.
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Table A.1: Coefficient of Variation by Tool and Year (2009–2025)

Year Fiscal
Support

Tax
Incentives Infrastructure Procurement R&D

Funding
Resource
Support

2009 0.707 1.200 1.641 0.909 0.707 1.277
2010 0.568 0.837 0.806 1.229 0.705 0.895
2011 0.411 0.359 0.909 0.913 0.225 0.935
2012 0.344 0.403 0.396 0.273 0.270 1.479
2013 0.331 0.608 0.952 0.353 0.316 1.227
2014 0.603 0.892 0.665 1.613 0.526 0.686
2015 0.538 0.971 0.444 0.882 0.562 0.891
2016 0.343 0.609 0.612 0.878 0.403 0.864
2017 0.353 0.234 0.303 0.877 0.336 0.797
2018 0.343 0.249 0.862 0.346 0.588 0.346
2019 0.239 0.733 0.739 0.652 0.550 0.725
2020 0.397 0.464 0.501 1.336 0.448 0.855
2021 0.387 0.494 0.357 0.403 0.440 0.533
2022 0.114 0.361 0.270 0.949 0.479 0.326
2023 0.058 0.303 0.413 0.899 0.496 0.568
2024 0.215 0.776 0.540 0.786 0.477 0.694
2025 0.325 0.954 0.739 2.000 1.801 1.051

Note: CV values calculated as standard deviation divided by mean across four provinces

(Anhui, Guangdong, Jiangsu, Zhejiang). Shaded cells indicate values > 1.0 (high disper-

sion). Missing years excluded due to insufficient provincial coverage. The 2025 spike

reflects incomplete data as of early-year observation.
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B. Network Robustness Across Co-occurrence
Thresholds

Figure B.1 demonstrates the stability of policy instrument bundling patterns across alter-

native co-occurrence thresholds. The main text employs a threshold of 100 documents

(8.9% of corpus) to balance signal detection with noise reduction. Robustness checks at

more conservative thresholds (150 documents, 13.4%; 200 documents, 17.8%) confirm the

core structural findings.

At all three thresholds, the Intervention Cluster (purple nodes) consistently bundles

Fiscal Support, Infrastructure, and Direct Regulation, while the Coordination Cluster (yel-

low nodes) links R&D Funding with Industrial Coordination mechanisms and Public Plat-

forms. The tight co-occurrence of Government Procurement and Quantitative Targets

persists across specifications (lift > 2.5 at all thresholds), validating the systematic pairing

of demand-side interventions with accountability mechanisms.

As threshold increases, peripheral instruments (Resource Support, Market Competi-

tion) become isolated, indicating their deployment follows more idiosyncratic patterns.

However, the core tool bundles remain densely connected even at the strictest threshold,

supporting the “standardized portfolio” interpretation. Network density decreases from

59.1% (100 docs) to 27.3% (150 docs) to 10.6% (200 docs), but community structure

remains consistent, confirming the two-cluster architecture represents robust underlying

governance logic rather than statistical artifact.
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Figure B.1: Network Structure Across Different Co-occurrence Thresholds

Note: Node size proportional to document frequency; edge width proportional to co-occurrence frequency.
Purple nodes = Intervention Cluster (resource-intensive tools + regulation); Yellow nodes = Coordination
Cluster (R&D + orchestration mechanisms); Green nodes = isolated regulatory instruments. Community
detection via Louvain algorithm. Complete network statistics available upon request.
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B.1 Association Strength Metrics: Calculation Details

Table B.1 presents the statistical measures of tool-mechanism co-occurrence strength for

the top associations identified in the network analysis (Figure 5.1 in main text). These met-

rics quantify the systematic bundling of policy instruments with governance mechanisms,

validating the structural constraints on provincial portfolio design.

Table B.1: Top 10 Tool-Mechanism Associations: Lift and Chi-Square Statistics
Policy Tool Governance Mechanism Lift χ2 p-value Cramér’s V

Intervention Cluster (Purple Nodes)
Procurement Quantitative Targets 2.82 186.18 < 0.001 0.407
Infrastructure Quantitative Targets 2.06 168.43 < 0.001 0.387
Tax Incentives Quantitative Targets 1.89 74.86 < 0.001 0.258
Resource Support Quantitative Targets 2.30 82.77 < 0.001 0.272

Coordination Cluster (Yellow Nodes)
R&D Funding Industrial Coordination 1.64 143.67 < 0.001 0.358
R&D Funding Public Platforms 1.55 79.04 < 0.001 0.265
Infrastructure Public Platforms 1.66 90.44 < 0.001 0.284

Mixed Associations
Infrastructure Pilot Programs 1.59 71.28 < 0.001 0.252
Resource Support Public Platforms 1.96 62.95 < 0.001 0.237
Fiscal Support Public Platforms 1.39 60.29 < 0.001 0.232

Note: Bold values indicate associations cited in main text Section 5.1. Lift > 1 indicates positive
association; e.g., Procurement and Quantitative Targets co-occur 2.82 times more frequently than
expected under independence. Chi-square tests with 1 degree of freedom; all associations statisti-
cally significant at p < 0.001. Cram‘r‘’s V measures effect size (0.1=small, 0.3=medium, 0.5=large).
Analysis based on binary co-occurrence matrices across 1,123 policy documents. Complete pairwise
statistics for all 36 tool-mechanism combinations available in replication materials.

B.1.1 Metric Definitions

The network analysis employs two complementary metrics to quantify association strength:

1. Lift Ratio measures how much more frequently two elements co-occur than would be

expected under statistical independence:

Lift(A,B) =
P (A ∩B)

P (A)× P (B)
=

Observed co-occurrence
Expected co-occurrence (B.1)
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where P (A ∩ B) is the proportion of documents containing both elements, and P (A),

P (B) are marginal proportions. Lift = 1 indicates independence; Lift > 1 indicates positive

association; Lift < 1 indicates negative association (avoidance).

For example, the Procurement-Targets pair exhibits Lift = 2.82, meaning they co-occur

in 9.35% of documents (P (A ∩ B)), compared to an expected 3.32% under independence

(P (A) × P (B) = 0.150 × 0.222 = 0.0332). This 182% increase over expected frequency

indicates systematic bundling.

2. Chi-Square Test (χ2) tests the null hypothesis of independence between two elements

using a 2× 2 contingency table:

Element B Present Element B Absent

Element A Present n11 (both) n10 (A only)
Element A Absent n01 (B only) n00 (neither)

The test statistic is calculated as:

χ2 =
∑
i,j

(Oij − Eij)
2

Eij
(B.2)

where Oij are observed cell frequencies and Eij = (row total)×(column total)
grand total are expected

frequencies under independence. For large samples, χ2 follows a chi-square distribution

with 1 degree of freedom.

For Procurement-Targets, χ2 = 186.18 with p < 0.001 (two-tailed), strongly reject-

ing the null hypothesis of independence. The effect size (Cram‘r‘’s V = 0.407) indicates

a medium-to-large association, confirming that demand-side interventions systematically

require accountability mechanisms.

Interpretation Together, these metrics validate the “bundling” interpretation of provin-

cial policy portfolios. High Lift values identify tool pairs with strong positive association,

while significant χ2 statistics confirm these associations are not due to sampling variability
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or chance co-occurrence. The clustering of high-Lift pairs into two communities (Interven-

tion Cluster: resource tools + regulation; Coordination Cluster: R&D + orchestration)

demonstrates that effective governance requires adopting established instrument bundles,

limiting the scope for idiosyncratic provincial experimentation.

The systematic pairing of Government Procurement with Quantitative Targets (Lift =

2.82, χ2 = 186.2) reflects a deeper institutional logic: demand-side interventions lack inher-

ent enforcement mechanisms and thus require explicit numerical goals to ensure implemen-

tation. Similarly, the linkage of R&D Funding with Industrial Coordination mechanisms

(χ2 = 143.7) reflects the collective action problems inherent in innovation support—R&D

policies only achieve impact when embedded within coordination platforms that facilitate

knowledge spillovers and cross-firm collaboration.
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C. Placebo Tests for Interrupted Time Series Models

Table C.1 reports placebo tests for the interrupted time series analysis, estimating false

intervention effects at years preceding the actual policy shocks (2014 for the 2016 Sub-

sidy Reform; 2018 for the 2020 NEV Mandate). These tests assess whether observed

post-intervention changes could be artifacts of pre-existing trends or spurious temporal

correlations.

For the 2016 Reform, placebo interventions at 2014 reveal significant anticipatory

effects for Fiscal Support (β2 = −42.44, p = 0.049) and Procurement (β2 = −35.71,

p = 0.031), suggesting provinces began adjusting portfolios in advance of the formal policy

announcement. This pattern is consistent with policy signaling and gradual implemen-

tation characteristic of Chinese administrative reforms. Critically, no placebo tool shows

significant trend changes (β3), indicating the 2016 analysis captures level shifts rather than

spurious trends.

For the 2020 Mandate, all placebo effects are statistically null (p > 0.35 for both level

and trend coefficients), validating that post-2020 dynamics represent genuine structural

breaks rather than continuation of pre-existing patterns. The contrast between 2014 (an-

ticipatory) and 2018 (null) placebo results suggests the 2020 Mandate represented a more

abrupt policy shift, while the 2016 Reform involved gradual preemption.
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Table C.1: Placebo Tests: Falsification of ITS Coefficients at Non-Intervention Years
Placebo Year Tool β2 (Level) p-value β3 (Trend) p-value

Panel A: 2016 Reform Placebo (tested at 2014)
2014 Fiscal Support −42.44 0.049∗ −3.78 0.515
2014 Tax Incentives −28.14 0.323 −0.32 0.978
2014 Infrastructure −21.29 0.350 −6.76 0.501
2014 Procurement −35.71 0.031∗ −6.12 0.290
2014 R&D Funding −8.84 0.339 10.24 0.133
2014 Resource Support −2.89 0.541 1.81 0.520

Panel B: 2020 Mandate Placebo (tested at 2018)
2018 Fiscal Support 0.01 0.998 1.33 0.627
2018 Tax Incentives −0.51 0.961 −1.89 0.704
2018 Infrastructure 11.61 0.408 5.24 0.425
2018 Procurement −5.40 0.636 −4.72 0.360
2018 R&D Funding 11.08 0.403 −1.73 0.758
2018 Resource Support 5.33 0.394 −0.97 0.699

Note: ∗p < 0.05. Coefficients estimated via segmented regression with HC1 robust

standard errors. β2 captures immediate level change at placebo intervention point; β3

captures post-placebo trend change. Null findings at 2018 validate 2020 analysis; significant

2014 effects suggest anticipatory adjustment to 2016 reform. Complete model diagnostics

(Durbin-Watson statistics, residual plots) available in online replication materials.
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D. 2016 Subsidy Reform: Null Findings

Figure D.1 presents the interrupted time series analysis for the 2016 Subsidy Reform,

which introduced stricter technical standards and reduced per-vehicle subsidy rates. Unlike

the 2020 Mandate (Figure 5.2 in main text), the 2016 reform produced no statistically

significant structural breaks in provincial policy tool deployment.

All six tools exhibit confidence intervals spanning zero for both immediate level changes

(β2) and post-intervention trend changes (β3), indicating provinces adjusted through port-

folio recomposition rather than aggregate level shifts. Fiscal Support shows the largest

estimated decline (β2 ≈ −15), but with wide confidence intervals (p > 0.1), suggesting

heterogeneous provincial responses that average to null effects. Tax Incentives and Infras-

tructure similarly show modest negative point estimates but lack statistical precision.

This null finding is theoretically informative. The 2016 reform targeted subsidy

amounts and eligibility criteria—parameters provinces could adjust within existing ad-

ministrative frameworks. In contrast, the 2020 Mandate (which mandated new R&D

coordination platforms and infrastructure quotas) required provinces to expand institu-

tional capacity, producing detectable structural changes. The placebo tests (Appendix C)

revealing anticipatory effects at 2014 further suggest the 2016 reform represented gradual

adjustment rather than abrupt regime change.

Methodologically, these null results validate the ITS approach: the model does not me-

chanically detect breaks at every policy juncture, but rather identifies interventions that

genuinely altered provincial trajectories. The contrast between 2016 (null) and 2020 (sig-

nificant) effects demonstrates the analytical power of distinguishing policy announcements

from policy impacts.

Note: Forest plot displays point estimates (dots) and 95% confidence intervals (lines) for

immediate level change (β2) and post-reform trend change (β3). Dashed vertical line at zero

indicates null effect. All coefficients statistically insignificant (p > 0.1). Window excludes
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Figure D.1: ITS Coefficients: 2016 Subsidy Reform Impact (2013–2019, N=7)

2020 to avoid confounding with NEV Mandate. Robust standard errors (HC1) account for

heteroskedasticity in annual aggregates. Complete regression tables and diagnostic tests

available in online appendix.
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E. Inter-Provincial Correlation Matrix

Table E.1 presents pairwise correlations in policy tool usage rates across the four provinces,

calculated over the full 2009–2025 period. Correlations measure the similarity of provin-

cial policy portfolios when all six tools are considered simultaneously, with higher values

indicating greater strategic alignment.

All pairwise correlations exceed 0.70, with values ranging from 0.713 (Anhui–Jiangsu) to

0.945 (Anhui–Zhejiang and Guangdong–Jiangsu). This uniformly high correlation struc-

ture provides direct evidence for the Bounded Diversity framework (Section 5.3): while

PERMANOVA detects statistically significant provincial differentiation (R2 = 2.3%, p =

0.001), the substantive magnitude of divergence is modest. Even the minimum correlation

of 0.713 implies 51% shared variance in tool deployment patterns, indicating provinces

draw from a common policy repertoire despite exercising discretion on specific margins.

The lowest correlation—between Anhui (catch-up province emphasizing R&D coordina-

tion) and Jiangsu (balanced economy with market-driven innovation networks)—represents

maximum divergence between institutional archetypes, yet these provinces still exhibit

strong alignment on fiscal, tax, and infrastructure tools. Guangdong and Jiangsu show

the highest correlation (0.945), consistent with both provinces operating mature market

economies embedded in global value chains.

These correlations validate the PERMANOVA interpretation: provincial identity ex-

plains statistically significant but substantively small variance, with shared national frame-

works, technological imperatives, and common developmental challenges driving conver-

gence while local capacity constraints produce bounded differentiation.
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Table E.1: Inter-Provincial Correlation Matrix: Policy Tool Usage Rates (2009–2025)
Anhui Guangdong Jiangsu Zhejiang

Anhui 1.000 0.838 0.713 0.945
Guangdong 0.838 1.000 0.945 0.911
Jiangsu 0.713 0.945 1.000 0.789
Zhejiang 0.945 0.911 0.789 1.000

Note: Pearson correlations based on annual policy tool usage rates (document-level binary indicators ag-
gregated by province-year). Shaded cell indicates minimum correlation (0.713); bold indicates maximum
off-diagonal correlation (0.945). All correlations statistically significant (p < 0.001). Matrix symmetry
reflects pairwise nature of correlation measure. The uniformly high values (> 0.70) support the “standard-
ization with local adaptation” interpretation, where provinces maintain similar overall portfolio structures
while differentiating on specific high-capacity margins.
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