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Abstract

China’s National Big Data Comprehensive Pilot Zones (BDPZs) constitute one of the world’s 
largest place-based digital economy experiments. This paper provides the first county-
level evaluation of the program, asking whether the designation shifted local economies 
from secondary toward tertiary activity—a structural margin relevant to, but distinct from, 
energy transition. Using panel data on 1592 counties (2011–2023) and a matched stag-
gered difference-in-differences design, we combine exact two-way fixed-effects estimation 
with the heterogeneity-robust estimators of Callaway and Sant’Anna (2021) and Sun and 
Abraham (2021), formal joint pre-trend tests, randomization inference, relative-magnitude 
sensitivity bounds, and spillover falsification. Our central result is a delayed shift in the 
nominal value-added structure toward services in the 2017 adoption cohort: the effect is 
statistically indistinguishable from zero for three years, then builds to +4.9, +6.7, and 
+10.6 percentage points in post-treatment years four through six (all 𝑝 < 0.001), is robust 
across never-treated, matched, distant, and growth-trajectory-matched control sets, and 
survives a conservative relative-magnitude sensitivity bound (breakdown 𝑀̄ ≈ 3.5) despite 
a formally rejected parallel-trends test. Three qualifications discipline the reading. First, 
the shift appears in value-added shares but not in (incompletely measured) employment 
shares, consistent with a price- and productivity-driven value-composition change rather 
than labor reallocation. Second, per capita income did not rise—it fell relative to poorer, 
faster-converging controls—so we make no growth claim. Third, the single-province 2016 
(Guizhou) case is not separately identified: its sign flips across control sets, and it is statisti-
cally indistinguishable from province-level placebos (𝑝 = 0.27), so we set it aside. Because 
sectoral recomposition bears on energy intensity (under constant sectoral intensities) but not 
on energy sources or absolute use—and because data-center construction is itself energy-
intensive—we make no energy-transition claim; the net energy effect is sign-indeterminate 
with current data.
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1. Introduction
China has committed to peaking carbon emissions before 2030 and reaching carbon 

neutrality by 2060. These targets demand not only changes in the energy mix but also a recon-
figuration of the economic structure underlying energy demand [1,2]. Because the tertiary 
sector consumes far less energy per unit of value added than heavy manufacturing [3,4], 
the sectoral composition of economic activity is one of the structural margins on which 
any energy transition ultimately rests. It is, however, only one margin: energy transition in 
the strict sense refers to changes in energy sources, renewable adoption, energy efficiency, 
and decarbonization outcomes [5,6], and a sizable literature warns that growth in cleaner 
or less energy-intensive activities frequently adds to, rather than displaces, existing energy 
demand [7–9]. This paper is, therefore, explicit about its object of study: we estimate the 
effect of a major place-based digital economy policy on the county-level shift from secondary 
to tertiary industry—structural transformation—and we treat the implications for energy 
transition as exactly that: implications, to be drawn cautiously and tested directly only 
when county-level energy data permit.

The policy we study is the National Big Data Comprehensive Pilot Zones (BDPZs). 
Starting in 2015, China’s State Council designated selected provinces and city clusters as 
experimental areas for big data infrastructure construction, cross-sectoral data sharing, 
and digital industry development. The first batch (Guizhou province, effective 2016) and 
the second batch (Beijing–Tianjin–Hebei, Shanghai, Henan, Chongqing, Inner Mongolia, 
the Pearl River Delta in Guangdong, and Shenyang in Liaoning, effective 2017) created a stag-
gered treatment structure suitable for difference-in-differences (DID) analysis. A growing 
literature evaluates the BDPZ program at the prefecture level, generally finding favorable 
effects on carbon intensity, energy conservation, and low-carbon development [10–13], 
though recent work also documents conflicting mechanisms, with digital infrastructure 
construction itself raising local energy demand [14,15].

This paper makes three contributions to that literature. First, identification disci-
pline: to our knowledge, this is the first BDPZ evaluation to deploy the complete modern 
staggered-DID toolkit—exact two-way fixed-effects (TWFEs) estimation, the heterogeneity-
robust estimators of Callaway and Sant’Anna [16] and Sun and Abraham [17], formal joint 
pre-trend tests [18], relative-magnitude sensitivity analysis [19], randomization inference, 
coefficient-stability bounds [20], and explicit spillover falsification tests—and our findings 
show that the discipline matters: prefecture-level favorable estimates do not all survive it at 
finer geography. Indeed, we document that the popular one-step demeaning approximation 
to TWFE inflates the static estimate roughly threefold in our unbalanced panel, a method-
ological caution of independent interest. Second, granularity with cohort transparency: 
county-level data (1592 counties, finer than the prefecture data used in nearly all prior 
BDPZ studies) reveal that the pooled average is a misleading summary—it nets a robust 
positive 2017 adoption cohort against a single-province 2016 (Guizhou) case that is not 
separately identified. Third, honest framing: we do not equate sectoral recomposition with 
energy transition. Our outcome is a structural transformation index (STI) built from sectoral 
value-added shares; we test it against employment shares, document why county-level 
energy quantities cannot support direct outcome tests, and bound what our estimates can 
and cannot say about energy—which, we conclude, is little.

Our central finding is a robust but narrow one. Isolating the 2017 adoption cohort—the 
object on which clean never-treated comparisons identify a treatment effect—designation 
is followed by a pronounced delayed shift in the nominal value-added structure toward 
services: the event-study coefficients are near zero for three years and then build monotoni-
cally to +4.9, +6.7, and +10.6 percentage points in years four through six (all 𝑝 < 0.001), 
with a Callaway–Sant’Anna (CS) overall post-treatment effect of +3.8 percentage points 
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(𝑝 < 0.001). This effect is robust across never-treated, propensity-matched, geographically 
distant, and pre-growth-trajectory-matched control sets, and although formal joint tests 
reject strict parallel trends, the late effect survives a conservative relative-magnitude sensi-
tivity bound in the spirit of Rambachan and Roth [19], with a breakdown value 𝑀̄ ≈ 3.5 for 
the year five–six average (Section 7). The pooled estimate across both cohorts is far smaller 
(+1.4–1.5 percentage points; matched CS 𝑝 = 0.068) because it averages this positive cohort 
against the 2016 case.

Three qualifications, each established by a dedicated test, keep the interpretation 
honest. First, the value-added shift is not mirrored in employment shares: the same design 
applied to the (admittedly incomplete) formal-employment data yields a null for the 
2017 cohort, consistent with a price- and productivity-driven composition change rather 
than a reallocation of labor (Section 8). Second, per capita income did not rise—in the 
developed 2017 cohort, it fell relative to poorer never-treated controls, a pattern we trace to 
conditional convergence rather than to the policy, and which leaves the structural result 
intact under growth-trajectory matching. Third, the 2016 “cohort” is the single province 
of Guizhou (78 counties): its estimate flips sign across control sets and is statistically 
indistinguishable from province-level placebos (𝑝 = 0.27), so we treat it as not separately 
identified and decline to interpret it as a second “policy.” We had, in an earlier draft, read the 
Guizhou negative as an infrastructure-led channel; the placebo evidence does not support 
that reading, and we withdraw it.

Two further design features discipline the language throughout. BDPZ designation was 
not random; propensity score matching (PSM) and coefficient-stability bounds [20] address 
observable and proportional-unobservable selection but cannot exclude residual selection. 
And spillovers are real: never-treated counties in provinces bordering pilot provinces 
both tertiarized and de-industrialized after 2017—the latter inconsistent with manufacturing 
relocating to neighbors but indicative of regional co-movement that we cannot fully separate 
from diffusion (Section 7). For all these reasons, we describe our estimates as policy-
associated changes, consistent with a causal reading under stated assumptions, and we flag 
every place where the evidence falls short of that standard.

The remainder of this paper proceeds as follows. Section 2 reviews related literature 
and states hypotheses. Section 3 develops a two-sector general equilibrium model that 
formalizes the structural channel and derives testable predictions. Section 4 describes the 
BDPZ institutional setting, including concrete examples of policy implementation. Section 5 
presents the identification strategy, estimators, and an explicit discussion of methodological 
limitations. Section 6 details the data and variables. Section 7 reports baseline results, 
dynamic estimates, and robustness checks. Section 8 examines intermediate outcomes. 
Section 9 explores heterogeneity. Section 10 returns to each hypothesis, draws tempered 
policy implications, and concludes.

2. Literature Review and Hypotheses
2.1. Digitalization, Structural Change, and Energy Demand

The conceptual foundation for our analysis rests on the proposition that digital tech-
nologies reshape the sectoral composition of economic activity, with consequences for 
aggregate energy intensity. In the canonical view, digital infrastructure functions as a 
general-purpose technology whose diffusion lowers the cost of information-intensive activi-
ties relative to material-intensive ones [21,22]. As a result, the comparative advantage of 
sectors amenable to digitalization—typically services, knowledge-intensive manufacturing, 
and platform commerce—rises at the expense of less adaptable sectors such as heavy indus-
try. Empirically, this composition mechanism has been documented in studies of Chinese 
cities: Hao et al. [23] find that digitalization stimulates green economic growth primarily 
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through industrial structure optimization, while Ma and Lin [24] document a synergistic 
effect of digitalization and industrialization on energy savings.

A second strand examines the direct effect of digital infrastructure on energy demand. 
The evidence is mixed. Hao et al. [25] find that internet development reduces electricity 
intensity in China, Ren et al. [26] document that internet penetration lowers per capita 
energy consumption, and Wu et al. [4] and Song et al. [3] provide evidence that the digital 
economy enhances energy efficiency. Against this, the information and communication 
technology sector is itself energy-intensive [14], digitalization can induce rebound effects 
through expanded consumption [27,28], and recent evidence on China’s big data policy 
specifically documents conflicting mechanisms: Zhou et al. [15] show that the digital infras-
tructure construction triggered by the BDPZ program raises local energy demand even as 
other channels reduce emissions. Sun et al. [29] similarly emphasize that low-carbon effects 
of the digital economy in Chinese cities operate through innovation and efficiency channels 
whose net energy balance is an empirical question.

A third strand focuses on carbon outcomes of digitalization more broadly [30–33], 
and on the energy transition specifically [34–38].

2.2. Evaluations of the BDPZ Program
A rapidly growing quasi-experimental literature evaluates the BDPZ program itself, 

almost exclusively at the prefecture level. Pan et al. [12] find that pilot designation reduced 
urban carbon emissions; Liu et al. [11] document carbon reductions operating through 
green innovation, energy structure, and capital allocation channels; Shen and Wang [13] 
show that digital industrialization promoted urban energy conservation through industrial 
upgrading; and Liu and Xiao [10] report low-carbon development effects that are strongest in 
the central region. Two features of this literature motivate our contribution. First, prefecture-
level aggregation masks the within-prefecture heterogeneity in industrial structure that 
determines where structural transformation can occur; we move to the county level. Second, 
most studies rely on conventional TWFE estimation, which recent econometric work shows 
can be severely biased under staggered adoption with dynamic effects [39,40]; we deploy 
the modern toolkit and document, transparently, how much the answers change.

2.3. Energy Transitions, Energy Additions, and the Structural Margin
An influential line of work cautions against equating growth in cleaner or less energy-

intensive activity with energy transition. York [8] shows that, historically, alternative energy 
sources have displaced remarkably little fossil fuel use; York and Bell [9] argue that observed 
“transitions” have more often been energy additions, with new sources and sectors stacking 
on top of old ones; and Fressoz [7] documents at length that the history of energy is a history 
of accumulation rather than substitution. Saito [41] makes a related theoretical argument 
that decoupling through sectoral change tends to displace, rather than eliminate, material 
and energy throughput. Applied to our setting, these critiques imply two distinct concerns: 
(i) a rising tertiary share need not reduce total energy use, even locally, if service growth 
comes on top of—rather than instead of—industrial activity, and if digital infrastructure 
itself consumes substantial energy; and (ii) a falling secondary share in pilot counties 
may partly reflect the relocation of industrial activity to other jurisdictions rather than its 
transformation. Our research design can speak to the composition margin within counties, 
and our spillover tests provide indirect evidence on relocation, but neither concern can be 
fully resolved with available data. We, therefore, define our outcome strictly as structural 
transformation and return to both concerns in Sections 7 and 10.
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2.4. Place-Based Policies and Staggered DID Methodology
A separate methodological strand uses quasi-natural experiments to identify place-

based policy effects in China: smart city pilots [42–44], low-carbon city pilots [45], and cen-
tral environmental inspections [46]. We build on this tradition while incorporating the 
recent econometric literature on staggered DID. Goodman-Bacon [40] and de Chaisemartin 
and D’Haultfœuille [39] show that static TWFE estimates are weighted averages that can 
place negative weights on some treatment effects when adoption is staggered and effects 
are dynamic; Callaway and Sant’Anna [16] and Sun and Abraham [17] propose estimators 
robust to this problem; Borusyak et al. [47] provide an efficient imputation alternative; 
Roth [18] demonstrates that conventional pre-trend tests have low power and that condi-
tioning on passing them distorts inference; and Rambachan and Roth [19] develop partial 
identification methods when parallel trends is violated. Wolfers [48] provides the classic 
caution that unit-specific time trends absorb dynamically growing treatment effects. This 
toolkit structures our entire empirical analysis.

2.5. Hypotheses
Based on the literature reviewed above, three hypotheses emerge that we formalize in 

Section 3 and test empirically:

Hypothesis 1. (Structural effect). BDPZ designation raises the tertiary industry share and lowers 
the secondary industry share of county GDP, raising the composite structural transformation index.

Hypothesis 2. (Channels). The policy operates through three candidate channels: industrial 
composition change, income growth, and consumption upgrading. We test whether each intermediate 
outcome responds to the policy; we do not claim a formal mediation decomposition.

Hypothesis 3. (Complementarity). The policy effect is amplified in counties with greater pre-
existing economic capacity and industrial intensity, reflecting complementarity between digital 
infrastructure and traditional economic resources.

Section 3 embeds these hypotheses in a formal two-sector general equilibrium frame-
work, and Section 10 returns to each hypothesis with an explicit verdict.

3. Theoretical Framework
To organize the empirical analysis and clarify the channels through which digital 

economy policy can affect economic structure—and, by implication, energy intensity—this 
section develops a parsimonious two-sector general equilibrium model. The framework 
formalizes three core insights: (i) digital infrastructure operates as a sector-biased produc-
tivity shock that disproportionately benefits the tertiary sector; (ii) the resulting structural 
reallocation would, holding sectoral energy intensities constant, reduce aggregate energy in-
tensity through composition effects; and (iii) the magnitude of the structural effect depends 
on the pre-existing industrial composition, generating testable heterogeneity predictions. 
We emphasize at the outset that prediction (ii) concerns a quantity—aggregate energy 
intensity—that our county data cannot measure (Section 6); it is an implication of the 
structural predictions we do test, not itself a tested outcome.

3.1. Setup: A Two-Sector Economy with Energy as an Input
Consider a closed county economy producing two final goods: a manufacturing 

(secondary-sector) good, 𝑀, and a service (tertiary-sector) good, 𝑆. Each sector uses 
labor, 𝐿, and energy, 𝐸, as inputs, with sector-specific Cobb–Douglas technologies:
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𝑀 = 𝐴𝑀 𝐿1−𝛼𝑀
𝑀 𝐸𝛼𝑀

𝑀 , 𝛼𝑀 ∈ (0, 1) (1)

𝑆 = 𝐴𝑆 𝐿1−𝛼𝑆
𝑆 𝐸𝛼𝑆

𝑆 , 𝛼𝑆 ∈ (0, 1) (2)

where 𝐴𝑀 and 𝐴𝑆 are sector-specific total factor productivities. The empirical regularity 
that manufacturing is more energy-intensive than services is captured by the assumption 
𝛼𝑀 > 𝛼𝑆 [3,4]. Total resources satisfy 𝐿𝑀 + 𝐿𝑆 = 𝐿 and 𝐸𝑀 + 𝐸𝑆 = 𝐸, with 𝐿 exogenously 
given and 𝐸 obtained at unit price 𝑝𝐸 from an external supplier.

Representative households have CES preferences over the two goods:

𝑈(𝑀, 𝑆) = [𝜔𝑀
𝜎−1

𝜎 + (1 − 𝜔)𝑆
𝜎−1

𝜎 ]
𝜎

𝜎−1 , 𝜎 > 0 (3)

where 𝜔 ∈ (0, 1) is the preference weight on manufactured goods, and 𝜎  is the elasticity of 
substitution between the two sectors. With 𝜎 > 1, the two goods are gross substitutes—an 
empirically supported assumption for the secondary–tertiary margin in China [23].

3.2. Equilibrium and the Digitalization Shock
Profit-maximizing firms equate marginal revenue product to factor cost. With 𝑝𝑀 and 

𝑝𝑆 denoting sector prices and 𝑤 the wage, the first-order conditions yield factor demands:

𝐿𝑗 = (1 − 𝛼𝑗)
𝑝𝑗𝑌𝑗

𝑤 , 𝐸𝑗 = 𝛼𝑗
𝑝𝑗𝑌𝑗

𝑝𝐸
, 𝑗 ∈ {𝑀, 𝑆} (4)

where 𝑌𝑗 denotes sectoral output. Market clearing in goods, labor, and energy markets, 
combined with the CES demand structure, pins down the relative output ratio:

𝑆
𝑀 = (

1 − 𝜔
𝜔 )

𝜎

(
𝑝𝑀
𝑝𝑆

)
𝜎

. (5)

The digital infrastructure shock. We model the BDPZ policy as a positive shock to the 
tertiary-sector productivity 𝐴𝑆, while leaving 𝐴𝑀 unchanged. (This modeling choice is 
motivated by the observation that big data infrastructure—cloud computing, data centers, 
e-commerce platforms—enables fundamentally new service activities (digital finance, plat-
form commerce, online education) but offers more modest productivity gains in traditional 
heavy manufacturing [4,22]. It is a simplification: the construction phase of a data center 
buildout is itself an industrial activity, a point we return to when interpreting the negative 
western-region results in Section 9.

𝑑 ln 𝐴𝑆
𝑑 BDPZ = 𝜃 > 0,

𝑑 ln 𝐴𝑀
𝑑 BDPZ ≈ 0. (6)

Under cost minimization with the Cobb–Douglas technology, the unit cost in sector 
𝑗 is 𝑐𝑗 = 𝐴−1

𝑗 ⋅ 𝜅𝑗 ⋅ 𝑤1−𝛼𝑗𝑝𝛼𝑗
𝐸  for some constant, 𝜅𝑗. In competitive equilibrium, 𝑝𝑗 = 𝑐𝑗, so a 

productivity shock to 𝐴𝑆 reduces 𝑝𝑆 proportionally:

𝑑 ln 𝑝𝑆
𝑑 BDPZ = −𝜃,

𝑑 ln 𝑝𝑀
𝑑 BDPZ ≈ 0. (7)

3.3. Comparative Statics: Testable Predictions
Prediction 1 (Structural transformation). Substituting (7) into (5):

𝑑 ln(𝑆/𝑀)
𝑑 BDPZ = 𝜎 ⋅ 𝜃 > 0. (8)
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The relative size of the service sector rises with the policy. The magnitude scales with 
the elasticity of substitution: when 𝜎 > 1, structural reallocation is amplified. This delivers 
Hypothesis 1—the BDPZ policy raises the tertiary share 𝑠3 and reduces the secondary share 
𝑠2, raising the composite index 𝑆𝑇𝐼 = 1

2 [𝑠3 + (1 − 𝑠2)].

Prediction 2 (Implied energy intensity reduction; not directly tested). The total energy use 
is 𝐸 = 𝛼𝑀𝑝𝑀𝑀/𝑝𝐸 + 𝛼𝑆𝑝𝑆𝑆/𝑝𝐸, and the total output is 𝑌 = 𝑝𝑀𝑀 + 𝑝𝑆𝑆. The aggregate energy 
intensity is, therefore:

𝜂 ≡
𝑝𝐸 ⋅ 𝐸

𝑌 = 𝛼𝑀 ⋅ 𝜙𝑀 + 𝛼𝑆 ⋅ (1 − 𝜙𝑀) = 𝛼𝑆 + (𝛼𝑀 − 𝛼𝑆)𝜙𝑀 (9)

where 𝜙𝑀 ≡ 𝑝𝑀𝑀/𝑌 is the manufacturing value-added share. Differentiating with respect to the 
policy and using Prediction 1:

𝑑𝜂
𝑑 BDPZ = (𝛼𝑀 − 𝛼𝑆)⏟

>0
⋅

𝑑𝜙𝑀
𝑑 BDPZ < 0 (10)

since 𝛼𝑀 > 𝛼𝑆 by assumption and 𝑑𝜙𝑀/𝑑BDPZ < 0 from Prediction 1. Aggregate energy intensity 
falls through a pure composition effect—with sectoral energy intensities being held constant. Two 
caveats make this an implication rather than a tested outcome. First, county-level energy quantities 
are too sparsely reported to support estimation (Section 6). Second, the assumption of constant 
sectoral intensities is substantive: if the policy simultaneously raises the energy intensity of the 
service sector itself (data centers are electricity-intensive [14,15]), or if displaced manufacturing 
relocates rather than disappears [8,9], realized energy outcomes can deviate substantially from (10). 
Section 10 quantifies the composition arithmetic under explicit assumptions.

Prediction 3 (Heterogeneity by initial industrial intensity). Differentiating Equation (10) a 
second time with respect to the initial manufacturing share 𝜙0

𝑀:

𝜕2𝜂
𝜕 BDPZ 𝜕𝜙0

𝑀
= (𝛼𝑀 − 𝛼𝑆) ⋅

𝜕2𝜙𝑀

𝜕 BDPZ 𝜕𝜙0
𝑀

. (11)

To sign this cross-partial, note that a county fully specialized in services (𝜙0
𝑀 = 0) has no 

manufacturing to reallocate from, so the absolute response |𝑑𝜙𝑀/𝑑BDPZ| must be increasing 
in 𝜙0

𝑀 for small initial shares. Formally, expressing 𝜙𝑀 in terms of 𝑆/𝑀 and 𝑝𝑀/𝑝𝑆:

𝜙𝑀 =
1

1 + (𝑝𝑆𝑆)/(𝑝𝑀𝑀) =
1

1 + ( 1−𝜔
𝜔 )

𝜎
(𝑝𝑀/𝑝𝑆)𝜎−1

. (12)

The Jacobian 𝜕𝜙𝑀/𝜕 ln(𝑝𝑀/𝑝𝑆) = −(𝜎 − 1)𝜙𝑀(1 − 𝜙𝑀) is maximized at 𝜙𝑀 = 1/2 and 
vanishes at 𝜙𝑀 ∈ {0, 1}. For counties with 𝜙0

𝑀 below this maximum, increasing 𝜙0
𝑀 raises 

the absolute response to a digital productivity shock. Consequently, the structural response 
is increasing in pre-treatment industrial intensity—at least for the empirically relevant range 
𝜙0

𝑀 ∈ (0, 1/2). This delivers Hypothesis 3: the policy effect is amplified in counties with 
greater initial industrial intensity.

Prediction 4 (Heterogeneity by initial economic capacity). The model can be extended to 
incorporate an absorptive-capacity friction. Suppose digital productivity gains require a comple-
mentary local input 𝐾 (financial development, human capital, infrastructure), so that the realized 
productivity shock is 𝜃𝑖 = 𝜃 ⋅ 𝑔(𝐾𝑖) with 𝑔′ > 0. Then:

𝜕2 ln(𝑆/𝑀)
𝜕 BDPZ 𝜕𝐾 = 𝜎 ⋅ 𝑔′(𝐾) > 0. (13)

Counties with higher initial 𝐾—approximated empirically by initial GDP per capita—
experience larger structural shifts. Together with Prediction 3, this delivers Hypothesis 3.
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3.4. Candidate Transmission Channels
The model also clarifies three candidate channels through which the policy may 

operate—each of which we examine empirically in Section 8 as an intermediate outcome, 
without claiming a formal mediation decomposition.

Channel I: Structural reallocation. The sectoral reallocation derived in Prediction 1 is 
the most direct channel: the tertiary share rises and the secondary share falls.
Channel II: Aggregate income. The policy raises real income because the tertiary 
productivity gain reduces the cost of the service good. Using the indirect utility 
function, the real per capita income, 𝑦, satisfies:

𝑑 ln 𝑦
𝑑 BDPZ = (1 − 𝜔∗) ⋅ 𝜃 > 0 (14)

where 𝜔∗ is the optimal expenditure share on manufacturing.
Channel III: Consumption composition. Higher real income shifts consumption 
toward services if services are luxury goods (income elasticity > 1):

𝑑 ln(service consumption per capita)
𝑑 BDPZ = 𝜃 + 𝜉 ⋅

𝑑 ln 𝑦
𝑑 BDPZ , 𝜉 > 0 (15)

where 𝜉  captures non-homotheticity. We caution that, even where consumption shifts 
toward services, the literature on energy rebound and energy additions implies no 
presumption that total household energy use falls [7,9,27]; we treat Channel III strictly 
as a statement about consumption composition.

3.5. Summary of Theoretical Predictions
Table 1 summarizes the model’s predictions and their mapping to the empirical analysis.

Table 1. Summary of theoretical predictions.

Equation Theoretical Prediction Hypothesis Tested in

(8) BDPZ raises 𝑆/𝑀 ratio H1 (structural) Section 7

(10) Implied fall in aggregate energy intensity — (implication only) Not testable with county 
data; see Section 10

(11) Effect increasing in initial industrial share H3 (complementarity) Section 9
(13) Effect increasing in initial economic capacity H3 (complementarity) Section 9
(14) BDPZ raises real income 𝑦 H2 (income channel) Section 8
(15) BDPZ raises per capita service consumption H2 (consumption channel) Section 8

Figure 1 synthesizes the mechanism: the policy intervention (left), three candidate 
channels (middle), and the structural transformation outcomes (right), with moderators 
capturing complementarity effects.

With the theoretical framework in place, we now describe the institutional setting of 
the BDPZ policy before turning to the empirical implementation.
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Policy Instruments Candidate Channels Outcomes

BDPZ
Designation

Data Centers

Cloud Platforms

Data Sharing

Industry Clusters

Channel I:
Structural Reallocation

Channel II:
Income Growth

Channel III:
Consumption Composition

𝑠3 ↑, 𝑠2 ↓

ln(GDP𝑝𝑐)

Service retail

Tertiary share
rises (+0.9 to +1.3 pp)

Secondary share
falls (−0.6 to −0.9 pp)

STI rises
(+1.4 to +1.5 pp)

𝜃 shock

Heterogeneity moderators: initial GDP, initial industrial intensity, regional factors

Equations (11) and (13): effect amplified where moderators are larger

Figure 1. Theoretical mechanism: from BDPZ designation to structural transformation outcomes. 
The BDPZ policy operates as a sector-biased productivity shock, 𝜃, on tertiary-sector productivity 
𝐴𝑆, propagating through three candidate channels. Magnitudes in the right-hand column are the 
preferred Callaway–Sant’Anna estimates from Sections 7 and 8. The implied decline in aggregate 
energy intensity (Prediction 2) is an interpretation conditional on stable sectoral energy intensities, 
not a directly tested outcome.

4. Institutional Background
In September 2015, China’s State Council issued the “Action Outline for Promoting 

the Development of Big Data,” establishing the strategic framework for national big data 
development. The BDPZ program emerged as the primary vehicle for implementing this 
vision. The first pilot zone was approved in Guizhou province in October 2015, with im-
plementation effective from 2016. Guizhou’s selection was strategic: its underdeveloped 
economy and cool climate (favorable for data center cooling) presented an opportunity 
to leapfrog conventional industrialization through data-driven development. The second 
batch, approved in October 2016 and effective from 2017, expanded coverage to seven 
additional regions chosen to span China’s economic geography: Beijing–Tianjin–Hebei and 
Shanghai (eastern coastal); Henan (central); Chongqing and Inner Mongolia (western); 
the Pearl River Delta in Guangdong (southern coastal, restricted to nine specific cities); and 
Shenyang in Liaoning (northeast, a single city).

The policy mobilizes four core instruments. First, it directs public investment toward large-
scale data centers, cloud computing platforms, and fiber-optic networks. Second, it mandates 
cross-departmental and cross-industry data sharing, lowering the transaction costs of data-
driven business models. Third, it cultivates big data industry clusters through preferential land 
use, tax incentives, and talent attraction policies. Fourth, it experiments with data governance 
frameworks, including data property rights and privacy protection rules [31,49].

Implementation in Practice: Concrete Examples
Three concrete examples illustrate how designation translated into local economic 

activity, and motivate both our hypotheses and our heterogeneity analysis.
Guizhou: a data-infrastructure hub. Within months of designation, Guiyang established 

China’s first big data exchange (the Global Big Data Exchange, opened in April 2015 as 
the program was being formulated), and the Gui’an New Area developed into one of the 
largest data center clusters in southern China, attracting hyperscale facilities operated by 
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or for Apple (the iCloud China data center, announced in 2017), Huawei, and Tencent, 
alongside an annual international big data industry exposition in Guiyang. Guizhou’s 
poorest-province starting point, unique cool-climate data-center geography, and concurrent 
debt-financed investment program make it an idiosyncratic case; as the single province in 
the 2016 adoption batch, its effect cannot be separated from these Guizhou-specific shocks, 
and our empirical analysis accordingly treats it as not separately identified (Section 7.4) 
rather than as a representative “western” policy.

Henan: market-led tertiarization. Henan, a populous central province with a large manu-
facturing base and low initial service share, leveraged designation to expand e-commerce, 
logistics platforms, and data-enabled services around its transport hubs. Consistent with 
the complementarity logic of Prediction 3—structural transformation requires industrial 
mass to transform—we find the largest and most robust effects in the central region.

Pearl River Delta: deepening an existing platform economy. The nine designated Pearl River 
Delta cities entered the program with China’s densest concentration of platform firms and 
mature service sectors. With less remaining scope for tertiarization, measured structural 
effects there are correspondingly muted—again consistent with Prediction 3.

The program’s logic has since been extended nationally: the “East Data, West Comput-
ing” initiative launched in February 2022 designates national computing hubs—including 
Guizhou and Inner Mongolia, both BDPZ provinces—to relocate data processing toward 
energy-rich western regions. The interaction of digital infrastructure siting with regional en-
ergy systems remains an active policy experiment, underscoring why county-level evidence 
on the structural footprint of the original pilot zones is of direct policy relevance.

These instruments collectively create an environment favorable to structural transformation: 
data centers attract technology firms that bring service-sector employment; cloud platforms 
reduce the fixed cost of digital adoption for local small and medium-sized enterprises; and 
improved connectivity lowers barriers to e-commerce, platform economies, and remote service 
provision [4,22]. Figure 2 illustrates the BDPZ policy ecosystem as a feedback system.

National Strategy
“Big Data Action Outline”

Policy Outputs
Structural & growth outcomes

Market Operations
Investment, adoption, reallocation

Institutional Design
BDPZ pilot designation

Industrial
Restructuring

Digital
Infrastructure

Service-sector
Expansion

Firm
Adoption

effectiveness → outcomes

ca
pa

bil
ity

 →
 m

ark
et

rules →
 basis

visi
on

 →
 guidan

ce

𝜃 shock: 𝐴𝑆 ↑

Figure 2. The BDPZ policy ecosystem: a multi-level feedback system. The four corners represent 
the major institutional layers shaping BDPZ implementation. Solid arrows trace the policy lifecycle 
clockwise; inner ellipses denote the four mediating elements through which the policy shock 𝜃 on 
tertiary-sector productivity (𝐴𝑆 ↑) propagates.
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5. Materials and Methods
5.1. Baseline Difference-in-Differences

Our baseline specification estimates the association between BDPZ designation and 
county-level structural transformation:

𝑆𝑇𝐼𝑖𝑡 = 𝛽 ⋅ 𝐵𝐷𝑃𝑍𝑖𝑡 + 𝜸′𝐗𝑖𝑡 + 𝜇𝑖 + 𝜆𝑡 + 𝜀𝑖𝑡 (16)

where 𝑆𝑇𝐼𝑖𝑡 is the structural transformation index for county 𝑖 in year 𝑡; 𝐵𝐷𝑃𝑍𝑖𝑡 equals one 
for counties in pilot zones from the effective year onward; 𝐗𝑖𝑡 is a vector of predetermined 
time-varying controls; 𝜇𝑖 and 𝜆𝑡 denote county and year fixed effects; and 𝜀𝑖𝑡 is the error term. 
Standard errors are clustered at the county level to account for arbitrary serial correlation 
within counties. Under parallel trends and SUTVA, 𝛽 identifies the average treatment effect 
on the treated (ATT); because both assumptions are testable only partially and our tests 
detect violations (Section 7), we interpret 𝛽 as a policy-associated change whose causal 
reading requires the qualifications we document.

Because the panel is unbalanced (counties average 9.6 of 13 possible years), the fixed 
effects in Equation (16) are absorbed exactly by iterated alternating projections (equivalent 
to a full county- and year-dummy regression, against which we verified our implementation 
numerically). We flag this because the popular one-step approximation—demeaning once 
by unit, once by time, and adding back the grand mean—is exact only in balanced panels; 
in our data, it overstates the baseline coefficient by roughly a factor of three. We document 
this sensitivity openly in Section 5.7 because it is, to our knowledge, rarely reported in this 
applied literature and may affect other studies using severely unbalanced county panels.

5.2. Control Variables and the Over-Control Problem
The choice of 𝐗𝑖𝑡 requires care because several intuitive “controls” are themselves out-

comes of the policy. Conditioning on post-treatment variables (“bad controls”) generally 
biases treatment effect estimates, and in our setting, two candidates are especially problem-
atic: GDP per capita, which is a hypothesized channel (Prediction (14)); and the secondary 
industry share, 𝑠2, which is both a channel and a mechanical component of the dependent 
variable. Our predetermined control set 𝐗pre, therefore, comprises log population density, 
the fiscal expenditure ratio, human capital (teachers per 10,000 population), and financial 
development (loans/GDP)—variables that move slowly and are plausibly less responsive 
to designation, though we acknowledge that even these are not strictly exogenous (the fiscal 
and financial ratios share the GDP denominator). We report all estimates both without con-
trols and with 𝐗pre, and we demonstrate the over-control problem explicitly in Section 7.6: 
adding GDP per capita and 𝑠2 to the controls mechanically absorbs the estimated effect 
toward zero, which is why we exclude them by design. Estimates without controls and with 
𝐗pre should be read as total-effect estimates; specifications conditioning on channel variables 
estimate only the residual direct effect and are reported solely to illustrate the distinction.

5.3. Propensity Score Matching
BDPZ designation was not random: it reflected provincial digital readiness, strategic 

location, and political economy considerations. To address selection on observables, we 
apply propensity score matching on pre-treatment (2011–2015) county characteristics. 
The propensity score is estimated via logistic regression:

Pr(Treated𝑖 = 1) = Λ(𝛼0 + 𝜶′𝐗̄pre
𝑖 ) (17)

where 𝐗̄pre
𝑖  contains pre-treatment means of log GDP per capita, log population density, 

secondary and tertiary industry shares, the fiscal expenditure ratio, and the structural 
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transformation index itself. We implement 3-nearest-neighbor matching with a caliper of 
0.1, retaining treated counties matched with observationally similar controls. The PSM-
DID estimator applies Equation (16) to this matched sample [42,45]. Matching addresses 
selection on observables only; Section 7.6 probes selection on unobservables via coefficient-
stability analysis [20] and randomization inference.

5.4. Event Study and Formal Pre-Trend Testing
To examine dynamics and assess parallel trends, we estimate:

𝑆𝑇𝐼𝑖𝑡 =
7

∑
𝑘=−5, 𝑘≠−1

𝛽𝑘 ⋅ 𝐷𝑘
𝑖𝑡 + 𝜸′𝐗𝑖𝑡 + 𝜇𝑖 + 𝜆𝑡 + 𝜀𝑖𝑡 (18)

where 𝐷𝑘
𝑖𝑡 = 1[Treated𝑖 = 1] ⋅ 1[𝑡 − 𝑡∗

𝑖 = 𝑘] and 𝑡∗
𝑖  is the treatment year; the omitted 

category is 𝑘 = −1. Beyond visual inspection, we report cluster-robust joint Wald tests of 
𝐻0 ∶ 𝛽−5 = 𝛽−4 = 𝛽−3 = 𝛽−2 = 0 for every specification, following the recommendation 
of Roth [18] that individual pre-period coefficients are underpowered and that passing 
or failing eyeball tests should not gate inference. Where the joint test rejects—as it does 
here—we quantify the magnitude of pre-treatment deviations and assess whether post-
treatment estimates exceed them by margins large enough to survive bounded violations of 
parallel trends, in the spirit of Rambachan and Roth [19].

5.5. Heterogeneity-Robust Estimators for Staggered Adoption
With two treatment cohorts (2016, 2017) and dynamic effects, static TWFE is a variance-

weighted average that can assign negative weights to some cohort-period effects [39,40]. We, 
therefore, report two heterogeneity-robust estimators alongside TWFE. First, the Callaway–
Sant’Anna (CS) estimator [16]: for each cohort, 𝑔, and year, 𝑡, we compute 𝐴𝑇𝑇(𝑔, 𝑡) as the 
difference between treated-cohort and never-treated mean outcome changes relative to the 
universal base period 𝑔 − 1, aggregate to event time using cohort-size weights, and obtain 
standard errors by cluster bootstrap over counties (499 replications). Covariate balance is 
provided by applying the estimator within the PSM-matched sample (we also report the 
unmatched version). Second, the Sun–Abraham (SA) interaction-weighted estimator [17]: a 
saturated TWFE regression of cohort-by-event-time indicators against never-treated controls, 
aggregated across cohorts with cohort-share weights; this estimator is also computed with 
exact fixed-effects absorption. The imputation estimator of Borusyak et al. [47] delivers 
similar conclusions in our data and is omitted for brevity. We also estimate a specification 
with a treated-group-specific linear trend while noting the classic caveat that unit-group 
trends absorb dynamically growing treatment effects and, therefore, over-difference when 
effects accelerate [48].

5.6. Identification Threats and Falsification Design
Four threats discipline our interpretation. (i) Selection on unobservables. PSM addresses 

observables; for unobservables, we report Oster-style coefficient-stability bounds [20] and 
randomization inference (500 random reassignments of the treatment map, for both TWFE 
and CS estimators). (ii) Parallel trends. Tested formally as described above; violations 
are quantified, not assumed away. (iii) SUTVA/spillovers. Digital infrastructure plausibly 
affects neighboring jurisdictions. We implement three checks: dropping non-designated 
counties inside the two partially treated provinces (Guangdong, Liaoning), whose expo-
sure to within-province reallocation is most direct; a falsification test that pseudo-treats 
never-treated counties in provinces bordering any pilot province; and a falsification test 
that pseudo-treats the non-designated Guangdong/Liaoning counties themselves. We also 
re-estimate using only geographically distant controls, while cautioning that the distant 
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donor pool (85 counties, largely in Xinjiang, Tibet, and Qinghai) is small and observation-
ally dissimilar. (iv) Anticipation. The approval-to-implementation lag (October 2015/2016 
approvals, 2016/2017 effective years) permits anticipatory responses; the event-study co-
efficients at 𝑘 = −1 and the fake-timing placebo (assigning treatment to 2013 within the 
pre-period) speak to this.

5.7. Limitations of the Statistical Approach
We summarize here, in one place, what our methods can and cannot deliver—and 

how each limitation could distort results if ignored.

1. Static TWFE under staggered adoption mixes clean and “forbidden” comparisons; with 
effects that grow over time, it can be attenuated or even wrong-signed [39,40]. Distor-
tion direction in our data: attenuation of late-emerging effects. Remedy: CS and SA 
estimators (Section 5.5).

2. Approximate fixed-effects absorption in unbalanced panels (one-step demeaning) leaves 
residual correlation between treatment timing and unabsorbed fixed effects. In our data 
this inflates the static coefficient roughly threefold (from ≈0.010 to ≈0.034); random-
ization placebos confirm the artifact, as the placebo distribution under approximate 
demeaning is centered away from zero while under exact absorption it is centered at 
zero. All results in this paper use exact absorption.

3. Pre-trend tests have limited power, and conditioning analysis on passing them biases 
inference [18]. We report joint tests unconditionally; they reject. Consequences for in-
terpretation are handled by magnitude bounding rather than by ignoring the rejection.

4. PSM balances observables only; unobserved drivers of designation (e.g., provincial 
political priorities) may persist. Oster bounds and randomization inference partially 
address this; residual selection cannot be excluded.

5. Spillovers violate SUTVA in both directions (diffusion to neighbors, reallocation within 
provinces); our falsification tests detect both patterns, implying that the no-interference 
benchmark is not strictly valid and that our estimates conflate direct effects with relative 
reallocation.

6. Ratio controls (fiscal/GDP, loans/GDP) share the GDP denominator with outcomes 
and may respond to treatment; we, therefore, anchor on the no-controls specification 
as the design-only estimate.

7. Measurement. The STI is a composition index of GDP shares, not an energy quantity. 
County-level energy data are too sparse for estimation (Section 6); claims about en-
ergy outcomes are accordingly confined to explicitly assumption-laden arithmetic 
(Section 10).

8. Unbalanced reporting. County yearbook coverage thins in recent years; the final panel 
year (2023) is observed only for the 2016 cohort at event time 𝑘 = 7, where estimates 
turn negative. End-of-panel estimates should be read with corresponding caution.

5.8. Data
Data come from the China County Database (version 202603), a compilation of socioe-

conomic indicators for China’s county-level administrative units (counties, county-level 
cities, and banners) assembled from official sources: the county-level volumes of provincial 
statistical yearbooks, the China County Statistical Yearbook published by the National 
Bureau of Statistics, and county statistical bulletins. The database harmonizes adminis-
trative codes across boundary changes, which is essential for panel analysis at this level. 
We use the 2011–2023 window, within which the core national-accounts variables (GDP 
and its sectoral composition, population, fiscal accounts) are consistently reported; af-
ter removing duplicate county-year records and observations missing essential variables, 
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the working panel comprises 15,303 county-year observations spanning 1592 counties (on 
average 9.6 years per county). The PSM-matched sample retains 8921 observations across 
928 counties. Treatment is assigned by mapping each county to its province and, for the 
two partially treated provinces, to the designated cities (the nine Pearl River Delta cities in 
Guangdong; Shenyang in Liaoning): 342 counties are treated (78 in the 2016 cohort, 264 in 
the 2017 cohort) and 1250 are never treated. Variables reported in levels of currency are 
not deflated, as all our outcome measures are shares or logarithms entering fixed-effects 
specifications with year effects. One limitation deserves emphasis: county-level energy 
variables (total electricity consumption is the only candidate in the database) are reported 
for just 18% of county-years overall, and for only 39 treated county-year observations after 
2016—far too sparse to support outcome analysis. This data constraint is what confines our 
outcome to the structural margin, and it defines a concrete agenda for future research as 
county-level energy statistics improve.

6. Variables and Summary Statistics
6.1. Structural Transformation Index

Our dependent variable is a composite Structural Transformation Index (𝑆𝑇𝐼𝑖𝑡) cap-
turing the shift from secondary toward tertiary economic activity. We construct 𝑆𝑇𝐼 from 
two sub-indicators: the tertiary industry share (𝑠3 = GDP3/GDP) and the inverse of the 
secondary industry share (1−𝑠2), where 𝑠2 = GDP2/GDP. Each sub-indicator is winsorized 
at the 1st and 99th percentiles and normalized to [0, 1]:

𝑆𝑇𝐼𝑖𝑡 =
1
2[𝑠3𝑖𝑡 + (1 − 𝑠2𝑖𝑡)] (19)

Higher values indicate a more service-oriented economic structure. As robustness, we 
report all results using 𝑠3 and 𝑠2 separately, so that no conclusion depends on the index 
construction. We stress what the index is and is not: because energy intensity per unit of 
value added is substantially lower in services than in manufacturing [3,4], the STI tracks 
a structural precondition that is relevant to energy transition; it does not measure energy 
sources, energy efficiency, renewable adoption, or carbon emissions, and movements in 
the STI must not be read as direct evidence of energy transition [8,9]. In earlier drafts, this 
variable was labeled an “energy transition index”; we have renamed it to reflect precisely 
what it measures.

6.2. Treatment Variable
𝐵𝐷𝑃𝑍𝑖𝑡 equals one for counties in Guizhou from 2016 onward, and for counties in 

Beijing, Tianjin, Hebei, Shanghai, Henan, Chongqing, Inner Mongolia, nine Pearl River 
Delta cities in Guangdong, and Shenyang in Liaoning from 2017 onward. Province-to-
county mapping is achieved via administrative codes and province/city names, with special 
handling for the sub-provincial designations in Guangdong and Liaoning.

6.3. Control Variables
Following the over-control logic of Section 5.2, the predetermined control set 𝐗pre in-

cludes log population density, the fiscal expenditure ratio (fiscal expenditure/GDP), human 
capital (primary and middle school teachers per 10,000 population), and financial devel-
opment (year-end loans/GDP). GDP per capita and the secondary share are deliberately 
excluded from baseline controls because they are hypothesized channels (and, for 𝑠2, a me-
chanical component of the outcome); they appear only in the over-control demonstrations 
of Section 7.6.
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6.4. Summary Statistics
Table 2 reports summary statistics. The mean 𝑆𝑇𝐼 is 0.435 in the full sample and 

0.414 in the PSM sample, with substantial cross-sectional variation. The treated share of 
observations is 9.8% in the full sample and 16.8% in the PSM sample, because matching 
drops controls dissimilar to treated counties.

Table 2. Summary statistics. 

Full Sample (N = 15,303) PSM Sample (N = 8921)

Variable Mean  S.D. Min/Max Mean S.D. Min/Max

Structural Transf. (𝑆𝑇𝐼) 0.435 0.176 0.00/1.00 0.414 0.171 0.00/1.00
Tertiary Share (𝑠3) 0.399 0.121 0.07/1.12 0.391 0.119 0.07/1.12
Secondary Share (𝑠2) 0.412 0.156 0.01/0.90 0.435 0.151 0.04/0.90
𝐵𝐷𝑃𝑍 0.098 0.297 0/1 0.168 0.374 0/1
Log GDP p.c. 10.43 0.683 8.14/12.80 10.55 0.657 8.68/12.80
Log Pop. Density −4.07 1.393 −23.0/0.62 −3.88 1.360 −11.1/0.62
Fiscal/GDP 0.298 0.267 0.02/3.94 0.235 0.159 0.02/1.87
Human Capital 48.13 43.06 0.00/328.3 46.43 40.57 0.00/328.3
Financial Dev. 0.716 0.412 0.01/5.36 0.693 0.404 0.01/4.55

Notes: 1592 counties, 2011–2023. PSM: 928 counties matched on pre-treatment averages using 3-
nearest-neighbor matching with caliper = 0.1. Log GDP per capita is displayed for completeness but 
excluded from baseline controls (Section 5.2).

Figure 3 presents raw mean trends for treated and control counties in both samples. 
Two features stand out: treated and control counties track each other closely in levels before 
2016, and a visible divergence opens up only several years after designation—a first hint of 
the delayed dynamics that the formal estimates confirm.
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Figure 3. Treated vs. control trends in structural transformation indicators. (Top) full sample. 
(Bottom) PSM-matched sample. Vertical dashed lines indicate treatment years (2016, 2017).
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7. Results
7.1. Baseline Estimates

Table 3 presents static TWFE estimates with exact fixed-effects absorption, by sample 
(full vs. PSM) and control set (none vs. predetermined), for three dependent variables: the 
composite 𝑆𝑇𝐼, the tertiary share 𝑠3, and the secondary share 𝑠2.

Table 3. Baseline DID and PSM-DID estimates (exact TWFE).

(1) (2) (3) (4)
Full, None Full, pre Ctrl PSM, None PSM, pre Ctrl

Panel A: DV = Structural Transformation Index (𝑆𝑇𝐼)
𝐵𝐷𝑃𝑍 0.0116 * 0.0099 0.0069 0.0100

(0.0068) (0.0067) (0.0072) (0.0074)

Panel B: DV = Tertiary Industry Share (𝑠3)
𝐵𝐷𝑃𝑍 0.0071 0.0051 0.0072 0.0091 *

(0.0049) (0.0049) (0.0052) (0.0052)

Panel C: DV = Secondary Industry Share (𝑠2)
𝐵𝐷𝑃𝑍 −0.0099 * −0.0094 * −0.0030 −0.0058

(0.0055) (0.0053) (0.0058) (0.0061)

Controls None Predeter-
mined None Predeter-

mined
County & Year FE Yes Yes Yes Yes
𝑁 15,303 14,753 8921 8486

Notes: Predetermined controls: log population density, fiscal expenditure ratio, human capital, finan-
cial development. Fixed effects absorbed exactly by alternating projections. Standard errors clustered 
at the county level in parentheses. * 𝑝 < 0.1.

Three observations follow. First, signs are uniformly consistent with Hypothesis 1—positive 
for 𝑆𝑇𝐼 and 𝑠3, negative for 𝑠2—across all twelve specifications. Second, static magnitudes 
are modest (0.7–1.2 percentage points for 𝑆𝑇𝐼) and most are not statistically significant at 
conventional levels. Third, and crucially, the static average is the wrong summary statistic 
for this policy on two counts: effects are near zero for the first three years and substantial at 
four to six years, so a static coefficient averages dissimilar quantities [40]; and, as Section 7.4 
shows, it nets a robustly positive 2017 cohort against a 2016 (Guizhou) case that we cannot 
separately identify. We, therefore, treat the dynamics of the 2017 cohort, not the pooled static 
average, as the primary evidence.

7.2. Dynamics and Formal Pre-Trend Tests
Figure 4 presents pooled event-study estimates (full, PSM, PSM-no-controls), and Figure 5 

decomposes the dynamics by adoption cohort, which turns out to be essential.
First, strict parallel trends is rejected—and switching estimators does not rescue it. The joint 

Wald test rejects zero pre-treatment coefficients in every specification: pooled 𝐹(4) = 7.72
(full, 𝑝 < 0.001), 𝐹(4) = 4.03 (PSM, 𝑝 = 0.003), and 𝐹(4) = 3.76 for the 2017 cohort 
alone (𝑝 = 0.005). We stress that the heterogeneity-robust estimators do not resolve this: 
the Callaway–Sant’Anna and Sun–Abraham joint pre-tests reject harder than TWFE (CS 
𝜒2(5) = 29.3, SA 𝐹 = 7.15, each 𝑝 < 0.001). Robustness to the violation, therefore, cannot 
come from the choice of estimator; it can come only from sensitivity analysis applied to the 
late coefficients. We also correct an earlier characterization: in the controlled specifications, 
the pre-period coefficients rise toward the base year (e.g., in the CS–PSM pre-period, −0.4 at 
𝑘 = −4 to +1.3 at 𝑘 = −3 percentage points) rather than dipping, i.e. a significant positive 
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pre-drift. Such a drift biases the post-estimate upward, which cuts against us; we account 
for it explicitly below rather than explain it away.
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Joint pre-trend test:
F(4) = 7.72, p = 0.000

Full sample
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Joint pre-trend test:
F(4) = 4.03, p = 0.003

PSM matched
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Joint pre-trend test:
F(4) = 5.01, p = 0.001

PSM, no controls

Figure 4. Pooled event-study estimates: BDPZ designation and the Structural Transformation Index 
(exact TWFE). Coefficients and 95% confidence intervals from Equation (18); the omitted period is 
𝑘 = −1. Each panel reports the cluster-robust joint Wald test of 𝐻0: all pre-treatment coefficients equal 
zero. (Left) full sample, predetermined controls; (Center) PSM-matched, predetermined controls; 
(Right) PSM-matched, no controls.
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Figure 5. Event studies by adoption cohort (PSM, predetermined controls, never-treated comparison). 
(Left) pooled; (Center) 2017 cohort only—monotone, internally consistent, no end-of-sample reversal; 
(Right) 2016 single-province (Guizhou) case, which drives both the pooled mid-horizon dip and the 
𝑘 = 7 reversal and is not separately identified (Section 7.4).

Second, the 2017-cohort post-treatment profile is back-loaded, monotone, and internally consis-
tent. Using never-treated comparisons for the 2017 cohort alone (Figure 5, center), the co-
efficients are +0.015 (𝑘 = 0), +0.011 (𝑘 = 1), +0.005 (𝑘 = 2), +0.019 (𝑘 = 3), +0.049
(𝑘 = 4, 𝑝 < 0.01), +0.067 (𝑘 = 5, 𝑝 < 0.01), and +0.106 (𝑘 = 6, 𝑝 < 0.01); the cohort is 
not observed at 𝑘 = 7 within the sample, so there is no end-of-panel reversal. The pooled 
profile (Figure 4) instead shows a mid-horizon dip and a significant negative 𝑘 = 7; both are 
contributed by the 2016 Guizhou case (Figure 5, right), whose path is negative throughout. 
We, therefore, do not “rest on years 5–6 only” by discarding a sign-inconvenient 𝑘 = 7: in 
the cohort that identifies the effect there is no 𝑘 = 7, and the profile is monotone.

Third, the late effect survives a conservative relative-magnitude sensitivity bound. Table 4 
reports, for the pooled and 2017-only event studies, the breakdown 𝑀̄ at which a robust con-
fidence interval first includes zero under the relative-magnitudes restriction of Rambachan 
and Roth [19]—bounding post-treatment violations by 𝑀̄ times the largest pre-period 
first-difference violation. We compute a deliberately conservative fixed-length version (the 
pre-period violation is taken at its upper 95% bound and conventional critical values are 
used), which is a lower bound on the breakdown that the official conditional/FLCI pro-
cedure would deliver; we flag a package replication as a recommended robustness step. 
For the 2017 cohort, the average year five–six effect breaks down only at 𝑀̄ ≈ 3.5, and the 
year-six coefficient at 𝑀̄ ≈ 4.5: post-treatment confounding would have to be three to four 
times the largest pre-period violation to overturn the result. For the pooled estimate the 
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corresponding figure is 𝑀̄ ≈ 1.1, weaker—another reason we privilege the 2017 cohort. 
As a transparent complement, a treated-group-specific linear-trend specification (which 
over-differences when effects grow, [48]) yields small negative pooled static coefficients; 
we report it in Section 7.6 rather than suppress it. 

Table 4. Relative-magnitude sensitivity (DV = 𝑆𝑇𝐼, PSM, predetermined controls).

Coefficient S.E. Breakdown 𝑴̄ Signal/
Pre-Trend

(Conserva-
tive) Ratio

Pooled (both cohorts)
𝑘 = 5 0.0315 (0.0113) 0.60 3.1
𝑘 = 6 0.0487 (0.0121) 1.62 4.8

 avg. 𝑘 = 5, 6 0.0401 (0.0116) 1.13 4.0

2017 cohort only
𝑘 = 4 0.0491 (0.0122) 1.42 4.7
𝑘 = 5 0.0667 (0.0123) 2.38 6.3
𝑘 = 6 0.1055 (0.0128) 4.51 10.0

 avg. 𝑘 = 5, 6 0.0861 (0.0122) 3.48 8.2
Notes: Breakdown 𝑀̄ is the relative-magnitude multiple of the largest pre-period first-difference 
violation at which a conservative fixed-length 95% CI first includes zero (pre-period violation evalu-
ated at its upper 95% bound; conventional critical values). This is a lower bound on the breakdown 
delivered by the Rambachan–Roth [19] conditional/FLCI procedure, which we recommend as a pack-
age replication. The “signal/pre-trend ratio” is the point estimate divided by the largest pre-period 
first-difference violation. 𝑀̄ > 1 means the effect survives post-treatment confounding equal to the 
worst pre-period violation.

The years 𝑘 ∈ {3, 4} for the cohorts include 2020, so pandemic disruption plausibly 
contributes to mid-horizon variation; estimates excluding 2020 are reported in Section 7.6.

7.3. Heterogeneity-Robust Estimates
Table 5 and Figure 6 report the CS and SA estimates alongside TWFE.
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Heterogeneity-robust estimators vs. TWFE (PSM sample)
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Callaway-Sant'Anna
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Figure 6. Comparing estimators: TWFE event study, Callaway–Sant’Anna, and Sun–Abraham 
interaction-weighted estimates, pooled PSM sample, with 95% confidence intervals. The three esti-
mators agree on the pooled shape: no robust effect in years 0–3, positive effects in years 4–6, and a 
negative final-year point identified solely by the 2016 Guizhou case (Figure 5).
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Table 5. Heterogeneity-robust estimators (DV = 𝑆𝑇𝐼).

Estimator/Quantity Estimate S.E. 𝒑

Panel A: Overall post-treatment ATT
CS, full sample 0.0144 (0.0065) 0.027
CS, PSM sample 0.0146 (0.0080) 0.068
SA (IW), PSM sample, avg. 𝑘 = 0–6 0.0210 (0.0073) 0.004
Static TWFE, PSM sample (Table 3, col. 4) 0.0100 (0.0074) 0.175

Panel B: CS event-time effects, PSM sample
𝑒 = 0 −0.0000 (0.0022) 0.994
𝑒 = 1 0.0028 (0.0038) 0.455
𝑒 = 2 −0.0055 (0.0074) 0.452
𝑒 = 3 −0.0035 (0.0103) 0.734
𝑒 = 4 0.0229 (0.0121) 0.058
𝑒 = 5 0.0369 (0.0128) 0.004
𝑒 = 6 0.0628 (0.0136) <0.001
𝑒 = 7 −0.0105 (0.0152) 0.491

Panel C: Pre-trend diagnostics
CS joint pre-test, PSM, 𝜒2(5) 29.3 — <0.001
SA joint pre-test, PSM, 𝐹 7.15 — <0.001
Randomization inference (CS, 500 draws), 𝑃(|placebo| > |actual|) — — 0.040
Randomization inference (TWFE, 500 draws) — — 0.186

Notes: CS: Callaway–Sant’Anna estimator with never-treated comparison group and universal base 
period 𝑔 − 1; standard errors from cluster bootstrap over counties (499 replications). SA: Sun–
Abraham interaction-weighted estimator with cohort-share weights and exact fixed-effects absorption; 
cluster-robust standard errors. Randomization inference reassigns the entire treatment map (78 + 
264 counties to the 2016/2017 cohorts) at random, 500 times.

We report the pooled estimates but decline to make them the headline, and we are 
explicit about why. The pooled CS overall ATT is small, and its significance is sample- and 
estimator-contingent: +1.44 percentage points (full, 𝑝 = 0.027), +1.46 percentage points 
(PSM, 𝑝 = 0.068—significant at the 10% but not the 5% level), and +2.10 percentage points 
for SA (𝑝 = 0.004), while the static-TWFE randomization-inference 𝑝 is 0.186, a null. These 
estimators agree on the dynamic shape (near-zero early, positive late), but they do not resolve 
the rejected pre-trend (above), and the pooled magnitude is an average of two cohorts that, 
as we show next, should not be averaged. The robust, genuinely significant object in these 
data is the 2017 cohort, not the pool.

7.4. Cohort Decomposition: Where the Effect Comes from
With only two adoption cohorts, the pooled estimate is a weighted average of two 

estimates that turn out to be qualitatively different. Table 6 reports Callaway–Sant’Anna 
overall ATTs separately for each cohort against never-treated controls.

The 2017 cohort shows the robust positive value-added shift documented above (ter-
tiary +3.1 pp, secondary −2.4 pp, 𝑆𝑇𝐼 +3.8 pp, all 𝑝 < 0.01). The 2016 “cohort,” however, 
requires a sharp caveat that we now make central rather than peripheral: it is the single 
province of Guizhou. There is no within-cohort cross-province variation, so its estimate is a 
single-treated-cluster comparison perfectly collinear with every Guizhou-specific 2016–2023 
shock (debt-financed investment, statistical revisions, the “East Data, West Computing” 
siting). Three facts lead us to set it aside rather than interpret it. First, its sign is not ro-
bust to the control group: against never-treated controls the Guizhou 𝑆𝑇𝐼 effect is −0.049, 
but against the geographically distant controls of Section 7.6, it is +0.040 (𝑝 < 0.01). Second, 
it is not distinguishable from province-level noise: a randomization test that pseudo-treats 
each never-treated province in 2016 places Guizhou’s estimate at 𝑝 = 0.27 in the resulting 
province-level placebo distribution. Third, the mechanism we conjectured in an earlier 
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draft—infrastructure-led, data-center construction registering as secondary activity—is not 
supported by our own data: Guizhou’s county fixed-asset-investment event study shows no 
break (coverage 49%; mean post-effect ≈ 0) and its industrial-firm count, far from rising, 
falls; the apparent +18% GDP figure is a TWFE artifact (the clean CS estimate is −2.6%, 
n.s.). We, therefore, withdraw the infrastructure-channel interpretation and treat Guizhou 
as a single-province case we cannot causally attribute to the policy.

Table 6. Cohort decomposition: Callaway–Sant’Anna overall ATTs by adoption cohort (PSM, never-
treated comparison).

Outcome 2016: Guizhou 2017 Cohort
 (78 Counties, 
1 Province)

(264 Counties, 
7 Regions)

Structural Transf. (𝑆𝑇𝐼, value-added) −0.0179 ** +0.0378 ***
(0.0082) (0.0092)

Tertiary share (𝑠3) −0.0121 ** +0.0309 ***
(0.0057) (0.0062)

Secondary share (𝑠2) +0.0136 ** −0.0244 ***
(0.0068) (0.0074)

Log GDP per capita −0.0259 −0.0947 ***
(0.0185) (0.0172)

Log retail per capita +0.0103 −0.0034
(0.0102) (0.0237)

Notes: CS overall post-treatment ATT, never-treated comparison, base period 𝑔 − 1, cluster-bootstrap 
standard errors (299 replications). The 2016 cohort consists of 78 counties, all in Guizhou; the 2017 
cohort of 264 counties across seven regions. *** 𝑝 < 0.01, ** 𝑝 < 0.05.

This decomposition also reconciles the magnitudes. The cohort-size-weighted combi-
nation of the two CS overalls is 0.228 × (−0.0179) + 0.772 × (+0.0378) = +0.025, larger than 
the pooled headline of +0.0146, because the pooled CS estimator weights post-treatment 
(𝑔, 𝑡) cells by cell size: Guizhou, observed over eight post-years (2016–2023) versus seven 
for the 2017 cohort and with more never-treated comparison cells, receives more than its 
23% county share and pulls the pooled estimate down. The pooled number is thus not a 
clean summary of either cohort, which is precisely why we lead with the 2017 cohort.

7.5. PSM Balance
Table 7 reports pre-treatment balance for the matched sample. Differences are small 

across all six matching variables: the largest imbalance is in log GDP per capita (0.13 log 
points, approximately 14% of a standard deviation), while all other variables balance to 
within 5% of a standard deviation.

Table 7. PSM balance: pre-treatment means (2011–2015).

Variable Treated Matched Control Difference

Log GDP p.c. 10.455 10.325 +0.130
Log Pop. Den. −3.941 −3.905 −0.035
Secondary Share 0.482 0.459 +0.023
Tertiary Share 0.346 0.348 −0.002
Fiscal/GDP 0.217 0.226 −0.009
𝑆𝑇𝐼 Index 0.351 0.368 −0.017

Notes: Pre-treatment means computed over 2011–2015. Matching: logistic regression propensity score, 
𝑘 = 3 nearest neighbors, caliper = 0.1.
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7.6. Robustness, Spillovers, and Sensitivity
Table 8 consolidates the robustness suite.
Five lessons follow, and we draw them honestly. (i) The 2017-cohort effect is invariant to 

the control set: it is +3.8 pp against never-treated controls (row 6), +9.0 pp against distant 
controls (row 7), and—decisively for the convergence concern below—+2.3 pp against 
controls matched on pre-period income-growth trajectory (row 8). The qualitative result 
does not depend on which counties serve as comparison. (ii) The Guizhou case is control-set-
dependent (rows 9–10: −4.9 pp vs. never-treated, +4.0 pp vs. distant controls), reinforcing 
our decision to set it aside (Section 7.4). (iii) The shift is in value-added, not employment. 
The same design on formal-employment shares yields a null for the 2017 cohort (row 12) 
and a negative pooled estimate (row 11). We read this as evidence that the value-added 
shift is driven substantially by relative sectoral prices and productivity rather than by 
labor reallocation; the caveat is that the formal-employment measure (staff-and-workers in 
registered units) systematically undercounts the informal service jobs that tertiarization 
typically creates, so the employment null is suggestive, not dispositive. Either way, we 
describe the result as a shift in value-added composition and explicitly not as a reallocation 
of employment. (iv) Spillovers are real but do not fit a simple relocation story. Never-treated 
counties bordering pilot provinces both tertiarized (row 15, 𝑠3 up) and de-industrialized 
(row 16, 𝑠2 down) after 2017; manufacturing relocating to neighbors would have raised their 
secondary share, so the data are inconsistent with simple beggar-thy-neighbor relocation to 
adjacent provinces—but they are equally consistent with a common regional tertiarization 
trend, which we cannot fully separate from genuine diffusion (the −7.5 pp within-province 
result, row 17, is direct evidence of reallocation toward pilot cities). We, therefore, say 
only that the spillover biases run in opposing directions and the net bias on the pooled 
estimate is of indeterminate sign; we do not claim our estimate is “conservative,” and we 
relegate the distant-controls magnitude (row 7) to a cross-check rather than a headline. 
(v) The remaining checks behave as expected: the matched fake-2013 placebo is null (row 18), 
the mechanical over-control collapses the estimate (row 19, by construction, Section 5.2), 
and randomization inference places the CS estimate in the 4% tail (row 20; Figure 7). Oster-
style analysis [20] shows the pooled estimate rising as predetermined controls are added 
(bias-adjusted 𝛽∗ = 0.0109 at 𝑅max = 1.3𝑅̃), so proportional unobservable selection would 
not explain it away, though qualitatively different unobservables cannot be excluded.

Table 8. Robustness, falsification, and sensitivity checks (DV = 𝑆𝑇𝐼, exact TWFE with predetermined 
controls unless noted).

Check Coefficient S.E. 𝑵

Panel A: Sample and specification perturbations (pooled)
(1) PSM, excluding 2020 +0.0120 * (0.0072) 8020
(2) Full, excluding 2020 +0.0123 * (0.0065) 13,974
(3) Drop non-pilot counties in Guangdong/Liaoning +0.0099 (0.0067) 14,522
(4) Treated-group linear trend, full (over-differences) −0.0105 *** (0.0040) 14,753
(5) Treated-group linear trend, PSM (over-differences) −0.0061 (0.0044) 8486

Panel B: Robustness of the 2017-cohort effect across control sets
(6) 2017 cohort, never-treated controls (CS) +0.0378 *** (0.0092) —
(7) 2017 cohort, distant controls only +0.0901 *** (0.0099) 2927
(8) 2017 cohort, pre-growth-trajectory-matched controls +0.0231 *** (0.0087) 5547
(9) 2016 (Guizhou), never-treated controls −0.0492 *** (0.0092) 12,493
(10) 2016 (Guizhou), distant controls only +0.0395 *** (0.0107) 1665

Panel C: Employment-share STI (denominator- and price-free)
(11) Pooled −0.0210 ** (0.0087) 5502
(12) 2017 cohort −0.0051 (0.0105) 4966
(13) 2016 (Guizhou) −0.0541 *** (0.0142) 4047
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Table 8. Cont.

Check Coefficient S.E. 𝑵

Panel D: Spillover falsifications (never-treated counties only)
(14) Neighbor-province controls × post-2017, DV = 𝑆𝑇𝐼 +0.0564 *** (0.0084) 11,264
(15)  same, DV = 𝑠3 (tertiary share) +0.0263 *** (0.0064) 11,264
(16)  same, DV = 𝑠2 (secondary share) −0.0545 *** (0.0074) 11,264
(17) GD/LN non-pilot counties × post-2017, DV = 𝑆𝑇𝐼 −0.0747 *** (0.0165) 11,917

Panel E: Timing placebos, over-control, randomization inference
(18) Fake 2013 timing, PSM (2011–2015 only) +0.0034 (0.0035) 4052
(19) Over-control: +log GDP p.c. +𝑠2 (mechanical) +0.0025 (0.0020) 8486
(20) CS randomization inference (500 draws) 𝑃(|placebo| > |actual|) = 0.040
(21) TWFE randomization inference (500 draws) 𝑃(|placebo| > |actual|) = 0.186

Notes: Panel B rows are estimated on the relevant cohort versus the stated control set (row 6 is 
the CS overall ATT from Table 6). Panel C uses a structural index built from formal-employment 
shares (year-end staff-and-workers in secondary vs. tertiary units), which undercounts informal 
service employment. Panel D rows estimate pseudo-treatment effects among never-treated counties 
only; under no-interference all should be zero. The distant-controls donor pool (85 counties, largely 
Xinjiang/Tibet/Qinghai) is observationally dissimilar to treated counties. *** 𝑝 < 0.01, ** 𝑝 < 0.05, 
* 𝑝 < 0.1.
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Figure 7. Randomization placebo: distribution of TWFE estimates across 500 random reassignments of 
the full treatment map (PSM sample, exact fixed-effects absorption, predetermined controls). The dis-
tribution is centered at zero (mean −0.0002); the solid line marks the actual estimate (+0.0100), which 
lies in the 18.6% two-sided tail. The corresponding randomization test for the Callaway–Sant’Anna 
estimator places the actual estimate (+0.0146) in the 4.0% tail.

8. Intermediate Outcomes
The theory in Section 3 motivates three candidate channels. We examine them by 

estimating Equation (16) with each intermediate variable as the dependent variable, us-
ing both exact TWFE and the CS estimator. Two caveats frame this exercise. First, these 
are reduced-form effects of the policy on intermediate outcomes; they establish whether 
each channel variable responds, not how much of the total effect it transmits. A formal 
mediation decomposition would require sequential ignorability—that the mediator be as-
good-as-random conditional on covariates—which is implausible here and untestable; we, 
therefore, do not report “share mediated” statistics. Second, channel estimates inherit all 
the identification caveats of Section 5.6. Table 9 reports the results.

The results discipline the channel narrative considerably—and we report them exactly 
as found, including the inconvenient ones.

Channel I (industrial composition in value-added) is the only channel with consistent support. 
The tertiary share rises by 0.9–1.3 percentage points (significant in the matched sample 
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under both estimators), and the secondary share falls by 0.6–0.9 percentage points (right-
signed). This is the composition margin at the heart of Hypothesis 1. We emphasize, 
however—and this is a substantive qualification, not a footnote—that the shift is in value-
added shares and is not reproduced in employment shares. Applying the identical design to 
a structural index built from formal sectoral employment yields a null for the 2017 cohort 
(tertiary-employment share +0.3 pp, n.s.; 𝑆𝑇𝐼emp −0.5 pp, n.s.; Table 8, Panel C). Two 
readings are consistent with this: a value-composition shift driven by relative sectoral prices 
and productivity rather than by labor moving across sectors; or genuine reallocation into 
informal service employment that the registered-units employment series (which covers 
only “staff and workers in units”) does not capture. We cannot adjudicate between them 
with these data, and we, therefore, claim a shift in the value-added composition only, explicitly 
not a reallocation of jobs.

Table 9. Effects on intermediate outcomes.

TWFE, Full TWFE, PSM CS, PSM

I: Tertiary share (𝑠3) +0.0051 +0.0091 * +0.0130 **
(0.0049) (0.0052) (0.0052)

I: Secondary share (𝑠2) −0.0094 * −0.0058 −0.0086
(0.0053) (0.0061) (0.0061)

II: Log GDP per capita +0.0031 +0.0210 −0.0661 ***
(0.0147) (0.0158) (0.0147)

III: Log retail per capita +0.0315 * +0.0472 ** −0.0013
(0.0186) (0.0197) (0.0211)

𝑁 (TWFE Full/TWFE PSM) 14,753/8486 (retail: 13,979/7875)
Notes: Each cell is a separate regression with the row variable as DV. TWFE: exact absorption, prede-
termined controls, county-clustered standard errors. CS: Callaway–Sant’Anna overall post-treatment 
ATT, never-treated comparison, cluster bootstrap standard errors (299 replications). *** 𝑝 < 0.01, ** 
𝑝 < 0.05, * 𝑝 < 0.1.

Channel II (income) did not rise—a stated negative finding. The TWFE estimates are small 
(+0.3% full, +2.1% PSM, both n.s.), and the CS estimate is negative (−6.6% pooled; −9.5%, 
𝑝 < 0.01, for the 2017 cohort). We do not bury this: designation is associated with faster 
tertiarization but not with faster per capita growth, and in the developed 2017 cohort with 
relatively slower growth. We attribute this to conditional convergence rather than to the 
policy, and we test that attribution: among never-treated counties, 2016–2023 income growth 
falls steeply in baseline income (convergence slope −0.19, 𝑝 < 10−25), so the relatively rich 
2017-cohort counties would be expected to grow more slowly than the poorer never-treated 
comparison pool regardless of treatment. Crucially, the structural result does not rest on 
the income path: re-estimating the 2017-cohort 𝑆𝑇𝐼 effect using only controls matched on 
pre-period income-growth trajectory leaves it intact (+2.3 pp, 𝑝 < 0.01; Table 8, row 8). 
This closes both the income objection and the related concern that the comparison group is 
on a different growth path. The negative income coefficient is also consistent with recent 
evidence of mechanism conflicts within China’s big data policy [15].

Channel III (consumption composition) is fragile and not claimed. Retail per capita 
rises by 3–5% under TWFE (significant in the matched sample) but is null under CS 
(−0.1%). Given this fragility—and given the energy-additions literature’s warning 
that rising service consumption typically adds to rather than displaces energy-intensive 
consumption [7,9,27,41]—we draw no conclusions from this channel about household en-
ergy behavior. We flag for transparency that an earlier draft asserted that consumption 
upgrading reallocates household spending away from energy-intensive goods; the assertion 
was not supported by our evidence or the literature, and it has been withdrawn.
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In sum, Hypothesis 2 receives only partial support: the value-added composition 
channel is active; the income and consumption channels are not, and we do not claim 
them. The Guizhou divergence between TWFE (+18%) and CS (−2.6%, n.s.) log GDP per 
capita—noted in Section 7.4—is itself instructive: it is the signature of a single-province 
estimate loading on the rejected pre-trend, and we report CS, not TWFE, as the credible 
figure throughout.

9. Heterogeneity Analysis
Theory predicts that the structural response should depend on local absorptive capacity 

and on the industrial mass available to transform (Predictions 3–4). We test this in the 
matched sample by interacting 𝐵𝐷𝑃𝑍 with above-median indicators of initial (2011) GDP 
per capita and initial industrial share, and by estimating regional subsamples. Table 10 
reports the results.

Table 10. Heterogeneity analysis (PSM sample, exact TWFE, predetermined controls).

(1) (2) (3)
×High GDP ×High Industry Regional

𝐵𝐷𝑃𝑍 (base) −0.0095 −0.0367 *** —
(0.0086) (0.0081)

𝐵𝐷𝑃𝑍×HighGDP 0.0532 *** — —
(0.0127)

𝐵𝐷𝑃𝑍 × HighInd — 0.1000 *** —
(0.0104)

Implied effect, high group 0.0437 0.0633 —

Regional sub-samples:
 Central region +0.0669 *** (0.0099), 𝑁 = 3179
 Western region −0.0615 *** (0.0102), 𝑁 = 4017
 Eastern region −0.0614 *** (0.0238), 𝑁 = 1443 (no controls)

Notes: Columns (1)–(2) interact 𝐵𝐷𝑃𝑍 with above-median 2011 baseline characteristics; the implied 
high-group effect is the sum of the base and interaction coefficients. Regional estimates use the 
respective subsamples; the eastern estimate omits controls because loan data are unavailable for the 
treated eastern counties after listwise deletion. 𝑁 = 8,486 in columns (1)–(2). *** 𝑝 < 0.01.

The heterogeneity results are statistically sharp, but—given the cohort analysis of 
Section 7.4—we read them more cautiously than an earlier draft did: the pooled average 
conceals a robustly positive 2017 cohort and a single-province 2016 case that is not separately 
identified, so what looks like “moderation” is partly the cohort contrast in disguise.

Initial GDP. The interaction with high initial GDP is +0.053 (𝑝 < 0.01); the base effect 
for low-GDP counties is indistinguishable from zero (−0.010). The structural payoff of digi-
tal infrastructure accrues to counties that already possess complementary assets—reliable 
infrastructure, educated workforces, financial depth—consistent with digital capital com-
plementing rather than substituting for traditional capital [22,49].

Initial industrial intensity. The interaction with high initial industrial share is +0.100
(𝑝 < 0.01) against a negative base effect (−0.037, 𝑝 < 0.01): manufacturing-heavy counties 
shifted strongly toward services after designation (implied effect +0.063). We interpret 
this as descriptive heterogeneity consistent with Prediction 3—structural transformation 
requires industrial mass to transform—while noting that initial industrial intensity is cor-
related with cohort and region (the 2017 cohort is more industrial than Guizhou), so the 
interaction partly re-expresses the cohort contrast of Section 7.4 rather than identifying an 
orthogonal moderator.
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Regional patterns and the western result. The TWFE subsample effect is concentrated in 
central China (+0.067, 𝑝 < 0.01; primarily Henan, a 2017-cohort region), while the western 
subsample—dominated by Guizhou—is negative (−0.062, 𝑝 < 0.01). We are deliberately 
cautious about the western estimate, because the analysis of Section 7.4 shows that it is 
not separately identified: the western/Guizhou sign flips to positive against geographically 
distant controls, and a province-level randomization test cannot distinguish Guizhou from 
placebo provinces (𝑝 = 0.27). We, therefore, do not interpret the negative western coef-
ficient as a structural failure of the policy, nor (as an earlier draft did) as evidence of an 
infrastructure-led channel—our own investment and firm-count series do not support that 
channel (Section 7.4). The defensible reading of the heterogeneity evidence is narrower and 
more honest: the robust positive structural shift is located in the 2017 cohort and its central-
region core, while the single-province 2016 case is too confounded to interpret [10,30,32].

10. Discussion and Conclusions
10.1. Findings Relative to Hypotheses

Table 11 returns to each hypothesis and states explicitly whether the evidence con-
firms it.

Table 11. Hypothesis verdicts.

Hypothesis Evidence Verdict

H1. BDPZ raises 𝑠3, lowers 𝑠2, 
raises 𝑆𝑇𝐼 (value-added).

2017 cohort: monotone, delayed event study 
(+4.9/+6.7/+10.6 pp at 𝑘 = 4/5/6, all 𝑝 < 0.001; CS overall 
+3.8 pp); robust across never-treated, distant, 
and growth-matched controls; survives a conservative 
relative-magnitude bound (𝑀̄ ≈ 3.5 for avg. 𝑘 = 5, 6) 
despite rejected parallel trends. Pooled average only 
+1.4–1.5 pp because it nets in the unidentified Guizhou 
case. Not reproduced in employment shares.

Supported for the 
2017 cohort, 
in value-added; 
delayed; not 
confirmed 
in employment

H2. Channels (composition, 
income, consumption).

Value-added composition robust (𝑠3 up, 𝑠2 down); 
employment composition null (2017 𝑆𝑇𝐼emp −0.5 pp, n.s.); 
income did not rise (CS −9.5% *** for 2017, traced to 
convergence; structural effect survives growth-matching); 
consumption fragile (CS −0.1% n.s.); no mediation claimed

Partially supported: 
value-added 
composition only

H3. Complementarity (initial 
capacity and industrial mass).

Interactions +5.3 pp (high GDP) and +10.0 pp (high 
industry), both 𝑝 < 0.01; but moderators correlate with 
cohort/region, so partly re-express the 2017-vs-Guizhou 
contrast rather than an orthogonal moderator

Supported as 
descriptive 
heterogeneity; 
confounded 
with cohort

Notes: *** 𝑝 < 0.01.

In words: BDPZ designation in the 2017 adoption cohort is followed—with a lag of 
roughly four years—by a robust shift of the county value-added structure from industry 
toward services. The evidence for this is credible: it is monotone, identified off clean 
never-treated comparisons, invariant to the control set, and able to withstand pre-trend 
violations several times larger than those we observe. But it is bounded in three ways that 
we state rather than minimize: the shift does not appear in (incompletely measured) em-
ployment, income did not rise, and the single-province 2016 case is not separately identified. 
The evidence cannot, with current data, establish anything directly about energy quantities.
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10.2. Why Our Estimates Cannot Sign the Energy Effect
It is tempting to convert the value-added reallocation into an energy number, and an 

earlier draft did so. We now think that is a mistake, for a reason that the energy-additions 
literature shows forcefully [7–9,41]. The composition arithmetic—tertiary value added 
is roughly one-third as energy-intensive per unit as secondary [3,4], so holding sectoral 
intensities and output fixed, a tertiarizing shift lowers aggregate energy intensity—answers 
the wrong question in at least three ways. First, energy intensity (𝐸/𝑌) is not energy use (𝐸): 
a several-percent intensity decline is fully consistent with rising absolute energy use if output 
grows faster, which is the core of the additions critique. Second, the constant-intensity 
assumption is violated by this very policy: data centers are electricity-intensive [14,15], 
so digitalization can raise the energy intensity of the service sector it expands. Third, 
our spillover evidence shows part of the secondary-share decline is reallocation toward 
pilot cities rather than elimination, i.e., a potential energy addition elsewhere. The one 
direct signal we have points the “wrong” way for an intensity-decline story: the county 
electricity estimate, though statistically uninformative (coverage 18%, 39 treated post-
treatment observations; +0.08 log points, s.e. 0.07), is positive. We, therefore, decline to put 
a number on the energy effect. The honest decomposition is

net energy-use effect = composition (−) + data-center load (+) + rebound (+) +
relocation of 𝐸 elsewhere (0/+) = sign indeterminate.

Sectoral recomposition bears on energy intensity under constant sectoral intensities; it is 
not evidence about energy sources, renewable substitution, or absolute fossil use, on which 
we make no claim. Pairing future pilot designations with mandatory county-level energy 
metering would convert this indeterminacy into an answerable question, and we regard 
that as the single most valuable data investment for this literature.

10.3. Policy Implications
Three implications follow from the parts of the evidence that are robust. First, patience 

in evaluation: in the 2017 cohort the structural effect materializes four to six years after 
designation. Evaluations at the one-to-three-year horizon common in the policy cycle would 
have wrongly concluded the program had no structural effect. Second, what kind of effect: 
the shift is in the value-added composition, not (detectably) in employment, and it is not 
accompanied by faster income growth. Digital-economy policy should therefore be justified, 
if at all, as reshaping the value structure of local output—not as a jobs or growth programme, 
and not, on this evidence, as an energy-transition instrument. Third, heterogeneity with 
humility: the robust effect is located in the more developed, more industrial 2017-cohort 
regions; we resist a strong targeting prescription because the apparent “negative western 
effect” that such a prescription would lean on is not separately identified. The defensible 
version is modest: where the 2017 cohort tertiarized, it did so with a multi-year lag and 
without measured employment or income gains.

10.4. Limitations and Future Research
The limitations catalogued in Section 5.7 bear repeating in summary form. Our outcome 

measures value-added composition, not energy use, and not even employment composition 
(where the effect is null); the parallel-trends assumption is formally rejected and our causal 
language and sensitivity bounds are calibrated accordingly; designation was not random, 
and matching cannot exclude unobservable selection; spillover falsifications detect both 
diffusion and within-province reallocation, so SUTVA fails strictly—though the fall in 
neighbors’ secondary share is inconsistent with simple manufacturing relocation to adjacent 
provinces, farther relocation cannot be ruled out with GDP shares; and the single-province 
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2016 case is not separately identified. Future research should (i) link county-level energy 
and emissions data (or remotely sensed proxies such as nighttime lights and satellite-
derived NO2/CO2) to pilot designation; (ii) reconstruct sectoral shares from real (deflated) 
value added and from a complete employment measure, to distinguish price-driven from 
quantity-driven recomposition; (iii) trace firm-level relocation directly using registration 
microdata to adjudicate transformation versus displacement; (iv) apply spatial econometric 
designs with explicit interference structures once county adjacency data are integrated; and 
(v) revisit Guizhou with synthetic-control or matrix-completion methods and province-level 
inference as post-2023 data accumulate.

This paper began with a question that is easy to overstate and hard to answer cleanly. Our 
answer, stated at the level of confidence the evidence supports, is this: in its 2017 adoption cohort, 
China’s big data pilot zones are associated with a real but delayed shift of the county value-added
structure from industry toward services—not mirrored in employment, not accompanied by 
income gains, and bearing on energy intensity alone, not on energy sources or absolute use. It is 
a precondition one can measure, not an energy transition one can claim.
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