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Abstract

Many governments engage in policy experimentation in various forms to resolve un-
certainty and facilitate learning. However, little is understood about the characteris-
tics of policy experimentation, and how the structure of experimentation may affect
policy learning and policy outcomes. We describe and explain China’s policy experi-
mentation since 1980, among the largest and most systematic in recent history. We col-
lect comprehensive data on policy experiments conducted in China over the past four
decades. We document three facts. First, about 90% of the experiments exhibit posi-
tive sample selection in terms of a locality’s economic development. Second, career-
driven local politicians allocate more resources to ensure the experiments’ success,
and such effort is not replicable when policies roll out to the entire country. Third,
the central government is not fully sophisticated when interpreting experimentation
outcomes. Under certain experimentation objectives, these facts imply that policy
learning may be biased and national policies originating from the experimentation
may be distorted. Taken together, while China’s bureaucratic and institutional con-
ditions make policy experimentation possible at an unparalleled scale, the complex
political environments can also impose limitation on effective policy learning.
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1 Introduction

Determining which policies to implement and how to implement them is an essential
task for any government (e.g., Hayek 1978} North et al. 1990). However, policy learning is
challenging. The information environment that allows for assessing policy effectiveness
is often complex, and factors that shape policy effectiveness are multi-faceted (including
the nature of the policy, its implementation, the degree of tailoring to local conditions,
and the efforts and incentives of local politicians to make the policy work).

Many governments have explicitly or implicitly engaged in policy experimentation in
various forms in order to resolve policy uncertainty and to facilitate policy learning (e.g.,
Roland 2000; Mukand and Rodrik 2005). Experimentation entails political and admin-
istrative procedures that allow the government to learn about novel policy instruments.
Sophisticated policy experimentation has ranged from sequences of trials and errors, to
pilot programs, to rigorous randomized control trials in sub-regions of a country. Few,
however, can compare to the systematic policy experimentation in China in terms of its
breadth, depth, and duration. Since the 1980s, the Chinese government has been rou-
tinely trying out policies — ranging from property tax reform, to carbon emission trading,
to county fiscal empowerment reform — in a number of localities for several years before
it decides whether to launch the policies in the entire nation.

This project aims to understand China’s policy experimentation over past four decades.
Many scholars have argued that the pursuit of extensive, continuous, and institutional-
ized policy experimentation was a critical mechanism that facilitated China’s reform and
led to its economic rise (e.g., Rawski [1995; Cao, Qian, and Weingast (1999; Roland 2000;
Qian 2002). Nonetheless, surprisingly little is known about the characteristics of pol-
icy experimentation in China, or how the structure of experimentation may affect policy
learning and policy outcomes.

We begin by collecting comprehensive data on policy experimentation in China be-
tween 1980 and 2020. Based on 19,812 government documents, we construct a database
of 652 policy experiments initiated by 92 central ministries and commissions. For each
policy experiment, we link the central government document that outlines the overall ex-
perimentation guidelines with all corresponding local government documents to record
its local implementation, and we trace its roll-out across the country. We measure a variety
of characteristics of policy experiments based on the associated government documents
and other linked datasets, including ex ante uncertainty about policy effectiveness, career
trajectories of central and local politicians involved in the experiment, the bureaucratic

structure of the policy-initiating ministries, and local socioeconomic conditions. Among



these 652 policy experiments, 42.0% rolled out to become national policies after the ex-
perimentation.

We document three key facts about China’s policy experimentation. First, samples
of the experimentation sites are not representative. Comparing the pre-experimentation
characteristics of the localities that are selected as experimentation sites and those that are
not (the rest of the country), we observe that 87.7% of the experiments are conducted in
sites that are positively selected in terms of local economic conditions. Experimentation
sites are on average 44.2% richer in terms of local fiscal revenue than non-experimentation
sites. This pattern is robust to using a number of alternative local characteristics, match-
ing characteristics to policy domains, and implementing various testing procedures and
weighting schemes.

Second, the experimental situations are not representative. In particular, we examine
whether policy experimentation induces politicians’ strategic efforts during the experi-
ments. We document that local politicians participating in successful policy experiments
— those leading to national policy roll-out — are substantially more likely to get pro-
moted. In turn, local politicians exert greater effort and allocate more resources to en-
hance experimentation outcomes. Using a triple-differences strategy, we find that during
experimentation — and not before — the ratio of local fiscal funds allocated to domains
specific to the policy on trial increases by 1.3%. This is particularly the case for politicians
facing stronger promotion incentives. Importantly, we find that such an increase in fiscal
support is absent when the policy rolls out to the entire country, indicating that policy
experiments create additional incentives and induce extra efforts that are not replicable
outside of the experimentation.

Third, the central government of China is not fully sophisticated when interpreting
experimentation outcomes. We find that exogenous shocks in local fiscal revenue due to
unexpected land revenue windfalls during the experiments — changes to local socioeco-
nomic conditions that are independent of policies on trial — affect decisions on whether
the experimental policies roll out to the nation. Similarly, we find that routine political
turnover after the experiments start — changes to local politicians’ incentives that are un-
related to the nature of policies on trial — affect decisions on policies” national roll-out.
Regardless of the objectives concerning policy experimentation, both of these factors dur-
ing policy experiments should be discarded when evaluating experimentation outcomes.

Finally, in light of these three facts, we examine the implications for learning from ex-
perimentation and national policy outcomes. If the Chinese government is interested in

learning about policies” average treatment effect (when policies are implemented to the



average locality with average local politician incentives)ﬂ the presence of positive sam-
ple selection and strategic efforts during experimentation could bias policy learning if the
government does not fully account for these factors when making policy decisions (we
provide a simple conceptual framework in Section |4} a la Al-Ubaydli, List, and Suskind
(2019)). We first show that the estimator of experimentation effects that simply compares
experimentation sites” outcomes before and after the experiments — thus not accounting
for site selection and experimental situation — strongly predicts the trial policies’ national
roll-out. More sophisticated estimators, such as those using synthetic control methods,
do not predict whether policies roll out nationwide. Furthermore, we find suggestive ev-
idence that 71.1% of the policies originating from experimentation experienced shrinkage
in policy effects when they rolled out to the entire country, relative to effects observed
during experimentation. When a trial policy is rolled out to the entire country, localities
benefit substantially more from the policy if they share similar socioeconomic conditions
or if comparable local politicians share career incentives with the trial policy’s experi-
mentation sites. This could systematically bias the effectiveness of reforms in China, and
generate distributional consequences across regions.

Taken together, these results highlight that China’s remarkable policy experiments, as
with any other undertaking in policy learning at this scale, take place in complex political
and institutional contexts. On the one hand, certain institutional and bureaucratic con-
ditions may serve as the engine to coordinate experimentation, to motivate politicians’
participation, and to stimulate local policy innovations. Experimentation thus can help
circumvent political and bureaucratic frictions that otherwise might prevent reform and
policy adoption. On the other hand, as our results suggest, the very same institutional
and bureaucratic contexts may result in deviation from representativeness in both sam-
ple selection and experimental situations (Al-Ubaydli et al. 2021} List 2022), undermining
the effectiveness of policy learning from experimentation.

This paper brings an important data point to the large theoretical literature on pol-
icy learning and policy experimentation. For example, Aghion et al. (1991) and Callander
(2011)) provide theoretical frameworks on searching for good policies through experimen-
tation; Dewatripont and Roland (1995) provide justification for the experimentation ap-
proach in policy reforms; Qian, Roland, and Xu (2006) study the relationship between
government organizational structure and experimentation behavior; Hirsch (2016) ana-

lyzes experimentation in political contexts, where the objectives of learning and persua-

1. In Section we discuss a range of alternative objectives that may account for the patterns of policy ex-
perimentation that we observe, such as optimal experimentation design that incorporates decision makers’
subjective expected utility, and experimentation structure that considers the central government’s demand
for political stability during and after policy experimentation.



sion across decision-makers are intertwined; and Callander and Harstad (2015) investi-
gate how decentralized jurisdictions strategically engage in policy experimentation, and
how a central government can encourage policy convergence. Closest to our context,
Montinola, Qian, and Weingast (1995), Cao, Qian, and Weingast (1999), Heilmann (2008a,
2008b), and Xie and Xie (2017) study the institutional setup and political logic of China’s
policy experimentation. We contribute to this body of work with the first empirical anal-
yses of the comprehensive set of policy experiments that have been conducted in China
over the past four decades. While China’s policy experimentation is one of the largest
systematic policy learning institutions in history, surprisingly little is known about its
characteristics and how it affects China’s policy landscape. We highlight that specific
institutional contexts shape the structure of experiments and affect their outcomes

Our work also adds to the growing literature on policy learning and policy scale-
up, especially the recent studies highlighting the structural factors that may limit how
policy trials can inform broader outcomes after pilot programs are scaled up (e.g., Al-
Ubaydli et al. 2017; Davis et al. 2017; Al-Ubaydli, List, and Suskind 2019; Al-Ubaydli et
al. 2021; List 2022). Consistent with the theoretical framework proposed by (Al-Ubaydli,
List, and Suskind 2019), we find that both non-representative experimental samples and
non-representative experimental situations could be key reasons for the lack of scalabil-
ity. Moreover, we find that policymakers do not fully account for characteristics of the
experimental sample and situation, and are thus unable to predict whether experimen-
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tal findings will end up being “scalable.” The patterns we document include positive
experimentation site selection in general, and, in particular, diminishing policy effects
as the policy is expanded beyond the experimentation sites, which have better socioeco-
nomic conditions and extra political incentives. These patterns echo similar findings by
Allcott (2015) on the sample selection bias in the Opower energy conservation programs
in the U.S., as well as findings by DellaVigna and Linos (2020) thon trials conducted by
the Nudge Units in the U.K. had smaller effects when scaled up, due to changes in the
intervention, institutional contexts, and implementation details. Our findings also are
consistent with the prediction by Al-Ubaydli, List, and Suskind 2019 that competition

among researchers (in our context, local politicians) could exacerbate the signal biasesE|

2. Related literature has attributed China’s success with economic decentralization to its powerful polit-
ical centralization (Blanchard and Shleifer 2001; Xu|2011), which fosters competition for promotion among
local politicians on dimensions aligned with the central government’s policy goals (e.g., Li and Zhou 2005;
Jia, Kudamatsu, and Seim 2015; Bai, Hsieh, and Song[2020). Our results complement this literature by high-
lighting a classic pitfall of political centralization due to incomplete contract (Kornai[1959; He, Wang, and
Zhang 2020).

3. Intriguingly, these patterns stand in contrast with the limited positive selection among the US states
that are leaders in policy innovations (DellaVigna and Kim 2022); they also contrast with the limited site



Moreover, as we document that the Chinese government at times fails to disentangle
factors not associated with inherent policy effectiveness when evaluating outcomes of
policy experiments, we join a number of recent studies in demonstrating that learning
from policy trials may be further affected by decision-makers who are not sophisticated
when processing information. They may not internalize information acquisition costs due
to political hierarchy (Rogger and Somani 2018). They may fail to take into account the
context of the study (Hjort et al. 2021)) or the uncertainty of statistical inference (Vivalt
and Coville 2019). Interestingly, Mehmood, Naseer, and Chen (2021) find that training on
causal inference could increase policymakers” demand for and responsiveness to causal
evidence on policy effectiveness.

The rest of the paper is organized as follows. Section 2| provides institutional back-
ground on China’s policy experimentation. Section [3|describes the data sources, the pro-
cess of constructing the database on policy experimentation, and a number of key char-
acteristics on policy experimentation. Section 4 outlines a simple framework on policy
learning and factors that may affect outcomes of policy learning, which organizes the
subsequent empirical analyses. The following three sections present the three key facts
on policy experimentation: sample selection of experimentation sites (Section [f), strate-
gic efforts by local politicians during the experiments (Section [f)), and non-sophisticated
interpretation of experimentation outcomes (Section [7). These can be interpreted with-
out taking a stance on the central government’s objectives for experimentation. Section
discusses the implications for learning from experimentation and national policy out-
comes, under specific assumptions about the government’s objectives. Finally, Section [J]

concludes.

2 Institutional background

China’s policy experimentation represents a process “in which experimenting units try
out a variety of methods and processes to find imaginative solutions to predefined tasks
or to new challenges that emerge during experimental activity” (Heilmann 2008b).

The central government plays a key role in initiating and coordinating policy experi-

mentation. While China’s economic reforms are often accompanied by decentralization,

selection bias in conditional cash transfer and microcredit experiments initiated by the Jameel Poverty Ac-
tion Lab or Innovations for Poverty Action (Gechter and Meager 2021). Recent work also emphasizes the
limits of local policy trials due to the general equilibrium consequences arising from policy scaling up (e.g.,
Bergquist et al.[2019), and factors related to external validity more generally (Vivalt|2020). Considerations
of the external validity of experimental design have been central to much of the discussion, though it is
typically focused on individual participants in the policy interventions and experiments, rather than on the
localities (e.g., Snowberg and Yariv 2018).



powerful political centralization remains a key characteristic of China’s policy evolution
(Xu 2011). It is thus important to note that China’s policy experiments are not freewheel-
ing trial and error or spontaneous policy diffusion. They are “experimentation under
hierarchy,” specifically, “purposeful and coordinated activity geared to producing novel
policy options that are injected into official policy-making and then replicated on a larger
scale, or even formally incorporated into national law” (Heilmann 2008b). Such a top-
down approach to policy experimentation stands in contrast to the spontaneous experi-
ments that often take place in federalist polities (Shipan and Volden 2006 Cai, Treisman,
et al. 2009; Callander and Harstad 2015). While the policy experiments in China often
begin with a small set of local governments, if the initiatives are deemed worth pursuing,
they quickly move up the political hierarchy and enter a formal experimentation stage (if
the central government chooses not to immediately make them national policies).

China’s (and the Chinese Communist Party’s) tradition of policy experimentation can
be traced back to the Communist Revolution during the 1940s, most notably through the
sequenced implementation of land reform in selected regions in order to consolidate the
Communist regime. Interestingly, such policy experiments were driven primarily by the
lack of state capacity — policies as complicated as the land reform simply could not be
implemented simultaneously and in a uniform manner across all regions under Commu-
nist rule. The Communist Party took advantage of this policy implementation process,
continuously adapting and tailoring policies as they were rolled out across localities. This
became the earliest form of the “from points to surface” characteristic that defines China’s
policy experimentation.

Conducting policy experimentation before adopting the policies nationwide was in-
stitutionalized by Deng Xiaoping and Chen Yun in the 1980s and 1990s as a core principle
guiding the reform and opening-up era (Heilmann 2008a; Xie and Xie 2017). While the
policy experiments during the Communist Revolution and early years of the People’s Re-
public of China typically involved pre-conceived, centrally-imposed models, the experi-
ments during the reform and opening-up era are distinguished by their open-endedness
in generating novel instruments and solutions. The “institutional entrepreneurship” un-
leashed by policy experimentation has long been regarded as a key factor ensuring the
stable deepening of China’s economic reforms (Naughton [1996).

Primary form of experimentation: experimentation points The most pervasive form of
policy experimentation in China is the selection of “experimentation points” (Shidian),
as noted by Heilmann (2008a|, 2008b). Before deciding whether a new policy should be
implemented nationwide, the central government first tries out the policy regionally in



a limited number of sites, possibly repeating the experiment in several waves, in order
to evaluate the costs and benefits of the policy. Such a gradual approach allows effec-
tive policy innovations to precede “from point to surface,” which can help avoid costly
mistakes at the national level.

Heilmann 2008b| describes China’s policy experiments in general, and experimenta-

tion points in particular, as an inherently political process:

[T]he effectiveness of experimentation is not based on all-out decentralization
and spontaneous diffusion of policy innovations. China’s experiment-based
policy making requires the authority of a central leadership that encourages
and protects broad-based local initiative and filters out generalizable lessons
but at the same time contains the centrifugal forces that necessarily come up

with this type of policy process.

The central government usually announces and introduces policy experiments by
publishing general guidelines. Such documents are issued by the ministries and com-
missions that lead the experiments, sometimes co-signed by coordinating ministries or
the State Council if inter-ministerial coordination is involved. The local government of
each experimentation site typically responds to the central government documents by
publishing a local experimentation action plan, laying out logistical and implementation
details for the experiment.

The central government usually directly assigns certain regions as sites for experi-
ments, but sometimes also solicits local governments that would be willing to partici-
pate (Zhou 2013). Typically, the central government chooses experimentation sites at the
province level, and then the provincial governments further delegate the experimentation
to specific prefectural cities or counties within their jurisdictions.

A subset of the policy experiments is clustered in “experimental zones” (Shiyanqu).
These are regions selected by the central government and given broad discretionary pow-
ers to try out various new policy bundles, essentially “creating a new system alongside,
or in the interstices of, the existing one" (Naughton 1996)E|

Once a policy experiment is determined to be successful, certain experimentation
points are set as demonstration zones (Shifanqu). Their experience in implementing the
new policy will be actively promoted by the central government to the rest of the coun-

try (hence the term, “from point to surface”). Effective policies based on the experiments

4. The purpose of the experimental zones is to explore integrated bundles of economic development
policies, rather than to evaluate the effectiveness of a specific policy, which is conceptually closer to Sachs
(2006). The most notable examples for experimental zones are the Shenzhen Special Economic Zone and
Shanghai Pudong Special Economic Zone, which have served as policy laboratories for various reforms
during the reform and opening era.



eventually are formalized by the central government and become national policies. In
contrast, if a policy experiment fails to generate desirable outcomes — whether due to
the policy’s inherent ineffectiveness, local political economy constraints, high implemen-
tation cost, or unexpected public pressure against its implementation — the policy exper-
imentation quietly stops expanding beyond the initial implementation stage. Few failed
policy experiments are explicitly revoked.

In this paper, we focus primarily on policy experiments through experimentation
points, including those clustered in experimental zones. Most major reform initiatives
in post-Mao China have been tried out by means of experimentation points before they
were rolled out to the entire country (if at all); Appendix describes several other,
less common forms of policy experimentation in China. Notable examples of policy ex-
perimentation through experimentation points in recent decades include reforms in local
tiscal empowerment (2002 - 2015), carbon emission trading (2011 - 2021), separation of
permits and licenses (2015 - 2018), and introduction of agriculture catastrophe insurance
(2017 - 2021). We will describe these experiments in greater detail in Section[3.3]

3 Data and characteristics of policy experimentation

We compile, to the best of our knowledge, the most comprehensive dataset on policy ex-
perimentation in China over the past four decades. Our primary data source relies on
official government documents, which we describe in Section We complement the
government documents with a number of auxiliary datasets, such as local socioeconomic
conditions and the background of involved politicians; we describe these data sources in
Appendix [Bl We present, in Section a number of characteristics of the policy experi-
ments that we construct based on the government documents and auxiliary datasets. We

illustrate four policy experiments as stylized examples in Section 3.3}

3.1 Government documents on policy experimentation

Our main data is based on the comprehensive collection of policy documents issued by
the Chinese central and local governments since 1949, compiled by PKULaw.com, an on-
line platform hosted by Peking University Law School.

Specifically, we collect (nearly) the universe of government documents between 1980
and 2020 containing the key words “experimentation points” (Shidian) and “experimen-
tal zones” (Shiyanqu). We obtain 19,812 documents in total, of which 4,399 were issued

by the central government and 15,413 by local governments. Central government docu-



ments mark the official initiation of particular policy experiments, their key milestones
(e.g., when a major expansion of experimentation is planned), and decisions to roll out
the policies to the entire country if the experiment is successful. Local government doc-
uments are issued by each locality participating in the experiments, specifying details on
local implementation and administrative arrangements.

We identify 652 distinct policy experiments based on policy themes. Our categoriza-
tion of policy experiments is conservative: consecutive experiments are grouped into the
same policy experiment as long as they concern similar policy aims, even if the specific
contents of the policies evolve and even if the names of the policies change. Moreover,
policy experiments that are closely related and simultaneous in implementation are com-
bined into one experiment, even if the central government issued separate documents for
each componentﬂ

Among the 652 experiments, 613 involve policies explicitly intended for potential na-
tional roll-out, and 39 are policies with specific regional targetsﬁ For the baseline analysis
in Section 5, where we examine experimentation site selection, we exclude policies with
explicit regional targets; however, the results are robust if we include all policy exper-
iments in the analyses and adjust the sampling frame according to the specific experi-
ments’ regional scope. We exclude 109 policy experiments that are still ongoing when we
examine whether the policies on trial have been rolled out to the whole country (through-

out Sections |6}

Coverage of policy experimentation Initiation of experimentation from inside the gov-
ernment is by far the most common practice (Heilmann 2008b). Government-initiated
experiments have corresponding government documents, ensuring our comprehensive
coverage of such experiments. In particular, our data includes extensive coverage on po-
tentially failed experiments, as well as government documents that are expired, voided,
or explicitly revoked.

We conduct various cross-checks to ensure the comprehensiveness of the government
documents that we collect. For the ministries that publish documents on their own web-
sites, we independently collect documents from the ministerial websites. We find that
PKULaw.com has extensive and comprehensive coverage (see Appendix Table[A.2). When

5. For example, experiments on corn seed insurance, rice production insurance, professional farmer
training, and agricultural technology promotion and consulting are combined into an overarching exper-
iment on improving agricultural technology and management. Our results do not qualitatively change if
we undo the grouping and treat the experiments as independent trials.

6. Examples of regional target policies are anti-poverty policies aimed at rural regions, Chinese language
education policy aimed at regions with a high share of ethnic minority population, industrial restructuring
policy for the Northeast region, and free trade zone trials targeted at a few major ports such as Shanghai.



we manually examine the limited documents that are published on the ministries” web-
sites but not included in the PKULaw.com database, we find that they are secondary doc-
uments and do not contain additional critical information.

Because we are relying on government documents to describe policy experiments, the
experiments must have reached a stage of formal endorsement and coordination by the
central government in order to be included in our sampleﬂ Thus, we do not observe very
early-stage experiments initiated by the local governments that never reach the level of
the central government — e.g., early bottom-up policy entrepreneurship led by specific
local governments that fails to receive the central government’s approval for continuing
and expanding the policy. This implies that the set of centrally coordinated policy exper-
iments that we study is already positively selected in terms of the central government’s
prior evaluation of the policy’s effectiveness. However, such sample selection does not
mean that policy uncertainty is irrelevant in this context; on average, 58.0% of the policy
experiments fail to become national policies, even though the central government envi-
sioned all of them as having relatively high promise at the onset.

3.2 Characteristics of policy experiments

We extract several key pieces of information from the corresponding government docu-

ments in order to characterize each policy experiment.

Time of initiation We first extract information on the year when policy experiments are
initiated. Figure [1| plots the number of experiments initiated in each year across the past
four decades, where we record the first year when a specific policy experiment started
as the year associated with the multi-year roll-out of the experimentation. We observe a
hump-shaped pattern: the number of policy experiments initiated by the central govern-
ment remained relatively low throughout the 1980s and 1990s, averaging less than 10 new
experiments per year across all ministries and commissions. The number of experiments
began to increase sharply toward the end of the 1990s, reaching a peak of 47 experiments
initiated in 2010 alone, and has gradually declined since then.

While many factors could contribute to these patterns, part of the decline in the re-
cent decade can be attributed to the vertical management transition of many state min-
istries. As these ministries shift the control over their personnel, funding, and decision

rights from local governments to upper-level ministerial units, they move away from flat,

7. Promising policy innovations initiated by the local governments escalate to the central government
fairly rapidly, typically within a year or two after the first instance of the local policy trials.

10



multi-divisional structures (M-form), which may provide flexibility and ease in coordi-
nating policy experiments, to more centralized, unitary structures (U-form), which benefit
from economies of scale. Consistent with the theoretical predictions (e.g., Chandler 1962;
Williamson [1975; Qian, Roland, and Xu 2006), we find that, following the transition to U-
form organization, the vertically managed ministries significantly decreased the number
of policy experiments that they administer. Appendix |C| presents results using an event

study design.

Experimentation sites We extract the experimentation sites of each policy experimentﬂ
Figure 2, Panel A plots the distribution of experimentation sites across China, aggregated
at the province level (see Appendix Figure for county level distribution). Table
Panel A presents the total number of policy experiments initiated during 1980 and 2020
and the average number of rounds and experimentation sites involved in each exper-
iment. In addition, we categorize policy experiments as either assigned or voluntary,
depending on whether the experimentation sites are designated and assigned by the cen-
tral government directly, or the experiment invites voluntary participation of the local
governments. About 42.6% of the experiments allow (at least partially) for voluntary
participation of the local governments (see Appendix Figure |A.2).

National policy roll-out We observe whether policy experiments are rolled out to the
entire country and become national policies. This is marked by specific central govern-
ment documents concluding the experimentation cycle. Overall, 42.0% of the policy ex-
periments eventually became national policies, while 58.0% failed (see Figure |1}, share of
successful and failed experiments indicated by darker and lighter gray shades, respec-
tively). The share of policy experimentation leading to national policy roll-out remains
remarkably stable over time (see Appendix Figure[A.3). The patterns concerning policies’
national roll-out are not sensitive to the particular definition: we alternatively define an
experimental policy as being rolled-out nationally if the experiment ends up covering at

least two-thirds of the provinces, and we find similar patterns (see Appendix Figure|A .4).

Policy domains and involved ministries We identify all the central government min-

istries and commissions involved in a policy experiment, and measure each ministry or

8. Many policy experiments have more than one wave of roll-out, and we identify 1,374 distinct rounds
of roll-out across the 652 experiments. In this paper, we pool all rounds together. On average, each policy
experiment initiated by the central government contains more than two rounds in its roll-out and lasts for
2.25 years, until either the roll-out stops or the experiment becomes a national policy. We leave it to future
work to systematically study the dynamic experimentation implementation.

11



commission’s role in that experiment (e.g., initiator or collaborator). In cases where a
particular policy experiment is introduced by multiple ministries and commissions, we
identify the primary ministry or commission that takes the leading role. A total of 98 min-
istries and commissions are involved, ranging from the State Council to the Ministry of
Agriculture and the Ministry of Finance. Table (I, Panel B presents the number of policy
experiments initiated by different ministries and commissions, grouped by policy do-
mains and broad functions for which they are responsible. Appendix Figure[A.5plots the
count of policy experiments by policy domain over time.

Uncertainty and complexity We construct a number of measures for the ex ante uncer-
tainty of each policy experiment. We a consider policy on trial to be more certain based
on several criteria: (i) if the central government has laid out a detailed national roll-out
timeline before the experiment startsﬂ (ii) if experimentation details were already drafted
out by the central government at the beginning of the experiment; or (iii) if the policy was
mentioned in the Five-Year Plans, signaling greater political will to make the policy na-
tional. We also construct a measure for academic consensus of the policy on trial, where
we match each policy to academic papers published prior to the beginning of the experi-
ment; we calculate the average textual similarity across these papers (using TF-IDF).

We also construct a number of measures for the complexity of each policy experiment.
We consider a policy on trial to be more complex based on the following criteria: (i) if mul-
tiple ministries and commissions are involved in the experimentm (ii) if the government
documents describing the experiments are long and/or contain multiple documents; (iii)
if the experiment duration is long; or (iv) if there are a large number of relevant local

government documents that complement the central government document.

Auxiliary characteristics Finally, we measure a number of auxiliary characteristics of
policy experiments, which we incorporate into various parts of the analyses. For exam-
ple, we categorize whether the policy experiment is aiming at relatively short-term out-
comes based on the time frame described in the experimentation documents. We identify
whether the central government provided additional fiscal support for the experimenta-
tion sites, whether the policies on trial would in principle benefit from extra fiscal support,

and how the local government would allocate fiscal resources to policy domains related

9. 30.8% of the experiments feature such timelines (which we label as experiments on policies with high
certainty), and 61.9% of them eventually become national policies. In contrast, among the 69.2% of experi-
ments that do not feature such a timeline (which we label as experiments on policies with high uncertainty),
only 35.6% were eventually rolled out to the entire country (see Appendix Figure .

10. 23.8% of the policy experiments involve more than two ministries and commissions; we label these as
complex experiments (see Appendix Figure

12



to the experiment. We also measure policy differentiation across time and space, by con-
structing matrices of pairwise textual similarities for all the local policy documents that

belong to the same policy experimentH

3.3 Four examples of policy experimentation

We map four distinct policy experiments to illustrate the range of policy experimentation
that took place in recent decades (see Appendix for additional details of those exam-
ples). In addition, in Appendix Table we present examples of policy experiments
across a variety of policy domains.

Figure [2, Panel B.1 depicts the experimentation on carbon emission trading, initi-
ated in 2011, which involves five prefectures (Beijing, Tianjin, Shanghai, Shenzhen, and
Chongging) and two provinces (Guangdong and Hubei), all of which are among the most
developed localities in the country. The policy rolled out to the entire country in 2021, af-
ter just one wave of experimentation. Panel B.2 depicts the experimentation that aims to
reduce administrative burdens to firm entry by separating permits from licenses for new
firms; since 2015, the experiment has taken place among 24 prefectures over three waves,
very much concentrated in the developed, coastal regions and provincial capitals. This
policy rolled out to the entire country in 2018.

Panels B.3 and B.4 describe two experiments that did not lead to national policies. The
experimentation on the introduction of agriculture catastrophe insurance started in 2017,
and a total of 14 provinces participated as experimentation sites over two waves (see
Panel B.3). These experimentation sites are inland provinces in Eastern China, as well as
those in the Northeast. The experimentation ended after two waves and this policy did
not roll out to the entire country. Finally, as depicted in Panel B.4, the experimentation on
county fiscal empowerment took place over more than a decade, involving 1,246 counties
as experimentation sites across more than 10 waves. The experimentation started with
developed regions in the earlier waves and moved toward inland, less developed regions.
The experimentation ended in 2015 and the fiscal empowerment reform did not roll out
to the country.

11. Text similarity is calculated by a pre-trained model from paddlepaddie, and we provide more details in
Section G|
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4 Conceptual framework

To guide our empirical analyses, we now describe a simple conceptual framework —
following Al-Ubaydli, List, and Suskind (2019) — that highlights the key factors that may
influence policy learning during policy experimentation.

We denote observed experimentation outcomes as Y(p, I;, E¢), where Y is the policy
outcome of interestH p corresponds to specific policy of interest, II; the pre-experimentation
socioeconomic characteristics of localities where the policy experiment takes place, and
IE; represents the local politicians” incentives and efforts during policy experimentation.

We can decompose the observed experimentation outcomes as follows:

(1)

?(pr][tI]Ef) - Y(pll_tre_t) +Fi,p(]lt - l_t) FE,PGEt _e_t) +Gi,€(]lt/]E:t)’
ATE Site selection Experimental situation

where Y (p, 1, 6;) indicates the average effect of policy p when it is implemented in local-
ities with the average socioeconomic characteristics (i¢) and the average local politicians’
incentives and efforts (¢;). The average treatment effect may be a parameter of interest to
the policymaker because it indicates the expected outcome of the policy on trial when it’s
rolled out to the whole country.

While the observed experimentation outcome Y is a function of Y, the two can differ
due to a number of factors. First, to the extent that policy effects are often heterogeneous
across localities, Y and Y can diverge if the selection of experimentation sites is not rep-
resentative of the average locality. For example, policies that achieve favorable outcomes
in rich regions during experimentation do not necessarily generate comparable outcomes
when they subsequently roll out to poor regions. F; ,(I; — i;) captures the heterogeneous
policy effects with respect to localities” ex ante socioeconomic characteristics. Section
documents non-representative selection of experimentation sites, that is, I; — 7; # 0.

Second, to the extent that efforts of the key actors (i.e., local politicians) can play signif-
icant roles in shaping policy outcomes, Y and Y can diverge if the experimental situation
that induces local politicians” efforts is not representative. For example, policy experi-
ments may generate excessive efforts among local politicians because they consider favor-
able experimental outcomes a salient signal to the central government and a significant
contributor to their career advancement. F; ,(IE; — ¢;) captures the heterogeneous policy
effects with respect to local governments’ effort during implementation. Section [6|aims to

document the presence of non-representative experimental situations, that is, E; — & # 0.

12. In our analysis, we use local GDP/fiscal growth, which captures the primary policy incentives for the
Chinese government (Li and Zhou 2005).
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Furthermore, we note that ¥ and Y can diverge if experimentation sites’ socioeco-
nomic characteristics and local politicians” incentives are associated with outcomes of
interest. This could occur either due to factors unrelated to the policy on trial, or through
the policy on trial but in an indirect or unintended manner. For example, good rainfall
may boost local economic growth during the year of experimentation, but this has noth-
ing to do with the policy being tried. We denote this as G; (I, E;); this term does not
depend on the policy p

Given the observed experimentation outcome, we denote the central government’s

decision rule (D) on whether to roll out a policy nationwide as follows:

D | Y(p, 0y, Ey) — 61(F; (s — i) + Fo p (Er — 6)) — \(53/ Gie(It, Bt) + 63Zpis | . (2)
Naivete

As the central government evaluates the policy experimentation outcomes (Y (p, I;, E;))
and decides whether to roll out the policy to the entire nation, the decision depends on the
average policy effects that one may infer from the experimentation outcomes (Y (p, i, é)).
Importantly, we also allow for the possibility that the decision rule incorporates the non-
representative sample selection and non-representative experimentation situation com-
ponents of the experimentation outcomes. If the central government wishes to learn about
policies that maximize the average policy effects, then §; = 1, because the government
should fully account for the role of site selection and non-representative situation in af-
fecting experimentation outcomes. When J; # 1, it may reflect the government’s lack of
sophistication if its objective is to learn about policies that maximize the average policy
effects; it may also capture the deviation of experimentation objective away from maxi-
mizing average policy effects (for example, an objective function that gives more weight
to the economic performance of certain localities in the country).

The term 6, captures the possibility that the presence of non-representative sample
selection and non-representative experimentation situations could affect the central gov-
ernment’s policy decision, even if they are independent of the policy on trial (G; . (I, E;)).
This is different from the previous term: if J; # 1, it explicitly indicates the central gov-
ernment’s lack of (full) sophistication when evaluating experimentation outcomes, which
cannot be explained by alternative experimentation objectives. Section [/|aims to docu-
ment that the central government is indeed not fully sophisticated when interpreting ex-

13. Y and Y may diverge due to a range of other factors, such as general equilibrium effects, which could
either amplify or shrink the policy effects when the policy is implemented in a small number of localities
versus the entire nation. This is beyond the scope of our empirical investigation; hence, we do not explicitly
include these factors in the conceptual framework.
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perimentation outcomes, and fails to discount experimentation sites” characteristics and
politicians” strategic incentives, which are correlated with the underlying outcomes but
independent of the policy on trial.

Finally, Z,;; denotes outcomes other than economic performance that occurred dur-
ing experimentation (e.g., local political stability). The term J3 captures aspects of policy
learning from experimentation beyond policy effects on economic growth (e.g., to min-
imize the prospect of local unrest). While not the main focus of our paper, we discuss
these other considerations in Section[8l

5 Is the selection of experimentation sites representative?

In this section, we ask whether the selection of experimentation sites is representative
of China’s localities. In the language of the framework presented in Section {4}, we test
whether I; — i; = 0.

5.1 Procedure to test for representativeness

For each policy experiment, we compare pre-experimentation characteristics between lo-
calities that participate in the experiment and those that do not. As the baseline, we exam-
ine the local fiscal expenditure in the year before the experiment begins, and we conduct
t-tests against the null hypothesis that the pre-experimentation levels of local fiscal expen-
diture are indistinguishable among the experimentation sites and non-experimentation
sites. This amounts to 652 separate t-tests, one for each policy experiment@ In Sec-
tion 5.2}, we describe a range of alternative tests and definitions of representativeness.
We use the corresponding t-statistics as summary statistics to quantify the deviation
from representativeness for each policy experiment. The student’s-t statistic for policy

experiment 7 is:

/ (3)

ni1 nio

following the t-distribution with degrees of freedom viH

14. Note that conducting representativeness tests separately for each policy experiment is conservative; if
one were to identify deviations from representativeness with these separate tests, then a pooled test with
multiple experiments would yield more power in detecting unrepresentativeness and rejecting the null
hypothesis.

15. For each policy experiment’s representativeness test, we adjust the respective degrees of freedom in
the underlying distribution based on the exact share of localities that participate in the experiment. Specif-
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The specific context of China’s policy experimentation poses two complications in con-
ducting these representativeness tests. First, policy experiments can be implemented at
the provincial, prefectural, or county level. We conduct the representativeness tests at the
appropriate administrative level for each policy experiment. The county and prefectural
level experiments often represent cases where experimentation provinces are selected by
the central government, and the corresponding provincial governments then choose the
counties or prefectures within their jurisdiction to implement the experiment. Thus, for
county and prefectural level experiments, the tests are conducted at the corresponding
county or prefectural level, stratified based on the experiment-participating provinces —
in other words, counties or prefectures participating in the experiment are compared only
with other non-experimenting counties or prefectures within the same province@

Second, approximately one-fourth of the experiments involve only one experimenta-
tion site. We cannot conduct standard statistical tests for these single-site experiments.
Instead, we pool each single-site experiment with four other randomly selected single-
site experiments, and conduct the representativeness test on the pooled sample, where
the non-experimentation sites are defined as those that do not participate in any of the
tive experiments. This yields a corresponding t-statistic for each of the one-site exper-
iments. In addition, we conduct a range of alternative tests concerning these one-site
experiments, such as pooling experiments that take place in consecutive periods, and

drawing bootstrap samples with replacement.

5.2 Most experimentation sites are positively selected

In Figure 3| Panel A, we plot the distribution of the baseline t-statistics comparing pre-
experimentation local fiscal revenue between the experimentation and non-experimentation

sites. We mark the thresholds of t-statistics where one would reject the null hypothesis

of representative site selection at the 95% confidence intervalm Table (1| Panel A, reports

the corresponding test statistics (adjusting for the degrees of freedom for each test) and

the share of policy experiments for which we can reject the null hypotheses at the 5%
significance level (in the last two columns).

We find that the average of the t-statistics comparing experimentation and non-experimentation

2
ically, v; = <1f1 + S?z) / <(S%l/ni'])2 + (S%Z/Hi/2)2>.

1 M2 nj1—1 njp—1

16. Centrally-administered municipalities are considered as either provinces or prefectures, depending on
the level of policy experimentation. As we discuss below, our baseline patterns remain robust if we exclude
these municipalities from the analyses.

17. As discussed above, each of the 652 t-tests has its specific degrees of freedom. We depict visually the
average width of the 95% confidence interval (3.33).
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sites is 5.17, across all experiments that are intended for national roll-out. For 87.7% of the
experiments, experimentation sites are on average richer than localities that do not par-
ticipate in the corresponding experiments. Applying statistical tests that are fairly con-
servative, we are able to reject the null hypothesis of representative site selection among
57.0% of the experiments at the 5% levelﬁ

The positive selection of experimentation sites is a robust pattern. We assess the ro-
bustness across various test samples and socioeconomic characteristics used for the test.
Regarding the test samples, in addition to the baseline specifications where we focus on
all experiments that intend for national roll-out, we: (i) include experiments on policies
that target specific regions and adjust the non-experimentation sites according to the re-
gional scope; (ii) focus on just the initial round of experimentation states participating in
a given experiment if there are multiple rounds; (iii) exclude the selection of centrally-
administered municipalities such as Beijing and Shanghai, where local economic devel-
opment and the central government’s priorities for policy implementation may coincide;
and (iv) construct a one-site experiment sample by pooling other one-site experiments
taking place around the same year. Regarding socioeconomic conditions that are com-
pared between localities participating in the experiments and those that are not, we focus
on a number of alternative dimensions measured before the experiments start: (i) local
GDP; (ii) local GDP per capita; (iii) local GDP growth rate during five years prior to the
experiment; (iv) local population; and (v) local fiscal expenditure. In Figure 3, Panel B, we
plot the average t-statistics comparing experimentation and non-experimentation sites,
using all combinations of the variants of sample and testing characteristics. We continue
to observe positive t-statistics throughout all tests.

Furthermore, we take into account the different policy domains across experiments
when conducting tests for experimentation site selection. First, we break down exper-
iments and tests for representative site selection by each policy domain (Table [1, Panel
B, reports the summary statistics; Appendix Figure Panels A to N, plot the distri-
bution of the t-statistics). We find similar (if not starker) patterns of positive experimen-
tation site selection. Second, we match experiments in different policy domains with
the domain-specific pre-experimentation characteristics and replicate the test for repre-
sentativeness (Average foricutture = 2-48, tfiscat = 5.26, tpopulation = 2.61, see Appendix
Figure Panels A to C). We continue to find strong patterns of positive selection. For
example, agricultural policy experiments take place in localities with substantially higher

18. The average difference between experimentation sites and non-experimentation sites is 961 million
Yuan in terms of local GDP (26.0% of the average non-experimentation site GDP), 731 Yuan (10.1%)in terms
of GDP per capita, 42.5 million Yuan (31.8%) in terms of local fiscal revenue, and 4.75 million Yuan (19.1%)
in terms of domain-specific local fiscal expenditure.
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pre-experimentation agricultural output; experiments with government finance and tax
policies take place in localities with substantially higher local fiscal revenue; and experi-
ments with population and health policies take place in localities with substantially larger
population. Third, pooling all policies together and focusing on pre-experimentation fis-
cal expenditure in the policy-specific expenditure categories, we again find strong pat-
terns of positive selection (see Appendix Figure Panel D). Fourth, we classify poli-
cies into pro-poor (involving rural regions or targeting a poor population; constituting
42% of the sample) and pro-rich (targeting general economic development) and we sep-
arately examine the positive selection within each category (see Appendix Figure [A.10
Panel E). Pro-rich policies indeed exhibit more positive site selection than pro-poor poli-
cies; however, even the the subset of pro-poor policies has experimentation sites that are
significantly positively selected. Fifth, we consider the possibility that administrative
localities may not be the natural unit of analysis when policies in certain domains are
evaluated nationally. Specifically, we replicate the baseline test for representative site se-
lection, while weighing localities by their rural population size in the case of agricultural
policy experiments (see Appendix Figure Panel F), by the total number of firms
in the locality in the case of experiments with government finance and tax policies (see
Panel G), and by the total population size in the case of experiments with population and
health policies (see Panel H). These weighted t-tests continue to exhibit a substantial mass
of t-statistics above zero.

Finally, the pattern of positive selection is robust to a wider family of statistical tests,

such as using permutation tests (see Appendix Figure |A.11).

5.3 Potential reasons for observed positive selection

Having documented that the selection of experimentation sites is not representative, we
now provide several explanations that may explain such positive selection.

There may be stronger positive site selection for policies about which the central gov-
ernment is fairly certain; in those cases, learning might not be the most important objec-
tive for the policy experiments. As described in Section 3, we measure ex-ante uncertainty
for each policy experiment using proxies such as whether the central government already
has laid out detailed national policy roll-out plans at the beginning of the experiment,
and the level of consensus exhibited by academic publications before the experiment. Ap-
pendix Table Panel A, presents the correlation between the baseline t-statistics and
each proxy for ex-ante uncertainty of the corresponding experiment (and an index sum-
marizing all proxies). We find that, contrary to the hypothesis, experiments that show

19



signs of more certainty of national roll-out are associated with a weaker degree of positive
site selection.

Another possible explanation for positive site selection is that, for policies that are
complicated to implement, richer localities with stronger local governance capacity may
provide more precise signals on policy effectiveness. As described in Section 3, we mea-
sure policy complexity using proxies such as whether multiple ministries are involved in
the policy and the length of the description of the experiment. Appendix Table Panel
B, presents the correlation between the baseline t-statistics and each proxy for complexity
of the corresponding experiment (and an index summarizing all proxies). We find that,
consistent with the hypothesis, more complex policies tend to be associated with more
positive selection in the experimentation sites.

Yet another explanation could be misaligned interests between the central and local
governments. From the central government’s perspective, a key criterion for experimen-
tation site selection is its representativeness, which determines the quality of knowledge
one could extract from a policy experiment (Zhou 2013). The National Development and
Reform Commission, the leading governance body that guides and coordinates national

policies, lays out the overall principles of choosing experimentation sites as:

The balanced distribution of experimentation sites is the most important cri-
terion in choosing these sites. [...] Policy experiments are not meant to solve
development problems of a particular place or a particular sector. Rather, they
need to gather knowledge and experiences for the policy reform and institu-
tional innovation at the national level. [...] Hence, the experimentation sites

should be fairly representative.

We indeed observe that provincial level policy experiments, whose experimentation sites
are directly selected by the central government, are much less positively selected on av-
erage (see Table|l| Panel C). In contrast, policy experiments at the prefectural and county
levels, whose experimentation sites are often selected by provincial governments condi-
tional on their being selected as experimentation provinces, are substantially more posi-
tively selected. This suggests that, while the central government may be concerned about
policy learning, the local governments may not fully internalize such objectives. We ex-
amine local officials” career incentives more explicitly in Section [6]

There are many potential reasons that could cause positive selection in experimenta-
tion sites, and we do not intend to pin down the exact mechanisms behind the observed
deviation from representativeness. Regardless of the source, if the central government

does not take positive selection into full account when evaluating experimentation out-
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comes, then it could affect policy 1earningm We examine the implications on policy learn-
ing and national policy outcomes in Section

6 Do experiments induce strategic efforts?

In this section, we ask whether the experimental situations are representative, in par-
ticular, whether the policy experimentation induces strategic efforts among participating
local politicians. In the language of the framework presented in Section[d, we test whether
E;—¢é =0.

We begin by documenting the link between politicians” career incentives and their
participation in policy experimentation. In particular, we focus on promotion within the
political hierarchy, which is a central objective that motivates local politicians (Li and
Zhou 2005, Jia, Kudamatsu, and Seim 2015, Jiang 2018). For each local politician (party
secretary), we predict the likelihood of promotion based on the number of policy exper-
iments in which she has participated during her tenure as a local leader; we control for
locality fixed effects and position term fixed effects.

Appendix Table columns 1-4, presents the results. We find that, while participa-
tion in experiments per se is not associated with political promotion, being part of success-
ful experiments — those eventually rolled out to the entire country as national policies —
during one’s tenure is associated with a substantial increase in local politicians” promo-
tions. Having participated in one successful experiment corresponds to a 23.5% increase
in the probability of promotion. As columns 5-6 show, such association is stronger if the
experiments are small-scale (those with fewer than 10 experimentation sites), consistent
with the hypothesis that the reward from a successful policy trial is shared among fewer
competing politicians.

These correlational patterns suggest that policy experiments — due to their high vis-
ibility and high political reward (only when they end up leading to national policies) —
may induce local politicians to exert greater efforts to achieve successful outcomes during
an experiment, in order to increase the chance that the policy on trial will roll out to the

entire country.

19. We observe a modest decrease in the positive selection of experimentation sites over the years, sug-
gesting that the central government may have learned and corrected for the positive selection, albeit very
mildly. Appendix Figure[A.§|plots the overall share of positively selected experiments over the four decades
since 1980, and Appendix Table presents regression results on the time trend in positive selection, for
all experiments and separately by ministry.
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6.1 Allocation of fiscal resources during experimentation

Local fiscal expenditure is an important input in policy outcomes. To the extent that lo-
cal politicians may be rewarded for successful policy experiments, do local governments
participating in such experiments significantly increase fiscal expenditure, which may
improve the experimentation outcomes?

To answer this question, we first match each policy experiment to one of the six broad
tiscal expenditure domains that are consistently reported in the county fiscal expenditure
data throughout our sample period We then use a triple-differences strategy to examine
whether the start of policy experimentation in a specific domain causes increases in fiscal
expenditure in the corresponding domain, relative to the general trend of domain-specific
expenditure in a given county and in a given year. Specifically, we estimate the following

model using county-domain-year level data:
Yike = & - EXpige + Aip + ¢ + O + €k,

where yj; is the ratio of fiscal domain k specific to the experiment in the total fiscal expen-
diture in county i during year t; and Expjy; is the number of experiments in fiscal domain
k that county i engaged in during year t@ We include full sets of county-by-year fixed
effects (A1), domain-by-year fixed effects (J;), and county-by-domain fixed effects (Jy;),
which allow us to isolate changes in local politicians’ behaviors due to policy experiments
in a specific domain that started in a specific year in certain localities. The standard errors
are clustered at the county level.

The results are presented in Table [2, Panel A, columns 1-3. We observe a significant
increase in domain-specific fiscal expenditure: an additional experiment increases local
expenditure in the corresponding domain by about 1.3% in terms of share of total fiscal
expenditure@

The increase in domain-specific fiscal expenditure during experimentation is greater if
the local politicians face stronger career incentives at the time of the experiment (columns
4-6). Politicians’ career incentives are measured as a combination of their starting age of
tenure and bureaucratic rank, following Wang, Zhang, and Zhou (2020)@

20. They are: general administrative cost, infrastructure, economic production, agriculture / forestry /
fishing, science / education / culture / health, and others.

21. For 96.8% of the observations, the number of experiments is either 0 or 1.

22. Local fiscal expenditure data (along with fiscal revenue) is among the least manipulable information
due to its double book-entry nature (Jia, Guo, and Zhang|2014). Thus, the increased local fiscal expenditure
is unlikely to reflect data manipulation or exaggerated reports of local socioeconomic performance.

23. Specifically, we collect detailed biographical information on the universe of Chinese ministers and
provincial/prefectural leaders during our four-decade sample period, and estimate each prefectural city
leader’s ex ante likelihood of promotion in each year, as a flexible function of his age when starting the
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This heterogeneity is consistent with the hypothesis that politically incentivized local
leaders are particularly keen on making sure the policy experiments succeed in their ju-
risdictions@ Moreover, we observe that local politicians’ fiscal reallocation toward the
domains relevant to policies on trial is almost twice as large if the total number of par-
ticipating localities is small (see Appendix Table[A.7). This suggests that local politicians
may internalize the higher political reward they may receive when they participate in
successful experiments with fewer competing politicians

To examine the dynamic patterns of fiscal inputs associated with policy experimenta-
tion, we trace domain-specific expenditure around the time of each county-domain’s first
engagement in policy experimentation during our sample period. Appendix Figure|A.12
plots the yearly estimates five years before and four years after the start of the experi-
ment (four years is the average duration of experiments). We observe little evidence of a
pre-trend in domain-specific fiscal expenditure leading up to the first policy experiment.
Right after being assigned a policy experiment, local politicians begin to spend signifi-
cantly more in the corresponding policy domain.

One may be concerned that the increased local fiscal expenditure, rather than reflect-
ing local government’s political incentives and efforts, is substituting for the lack of cen-
tral government’s fiscal support for the specific experiment@ We find this unlikely. First,
the increase in domain-specific fiscal expenditure during policy experiments is observed
even if the experimentation guideline explicitly provides fiscal support from the central
government (see Appendix Table [A.10). Second, we conduct the regression analysis at
policy-county level instead, controlling for experiment FEs, and thus exploiting varia-
tions in political incentives within experiment across participating localities. We observe
a consistent pattern: local politicians that have stronger career incentives are spending
more fiscal resources during the experiment compared to other politicians participating
in the same experiment (see Appendix Table[A.TI].

Fiscal expenditure outside of experimentation Importantly, such experimentation-induced
additional fiscal expenditure may not be sustained when a policy becomes national. In-

deed, we do not find fiscal expenditure increasing in corresponding domains among non-

term/position, position and official rank in the bureaucratic system. See Appendix [B.1|for details.

24. We find similar results zooming into politicians > 50 years old and exploiting the sharp drop in pro-
motion eligibility after 58 years old; which suggests that politicians” incentives likely play a causal role in
generating the observed fiscal responses. The results are presented in Appendix Table

25. Interestingly, the increased fiscal expenditure in the experimentation domain is stronger if the locality
is engaged in one experiment (the effect of each experiment increases by 50%, see Appendix Table [A.8),
reflecting a multi-tasking problem faced by the local politicians.

26. Interestingly, local politicians in richer jurisdictions do not show stronger fiscal responses to policy
experiments (see Appendix Table[A.9).
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experimentation sites when the same policy rolls out to the entire country. This is the case
regardless of the career incentives of the local politicians at these non-experimentation
sites (see Table 2, Panel B)@ Moreover, among experimentation sites, increase in fiscal
expenditure on the experimentation domain stops after the completion of experimenta-
tion (see Appendix Table[A.12). Again, this indicates that the local politicians” heightened
efforts are specifically targeted toward the experiment itself.

Other dimension of efforts during experimentation Beyond increased domain-specific
tiscal expenditure during experimentation, we find that local politicians also exert efforts
to differentiate in their implementation of the experimental policies. Differentiation can
signal effort and potentially earn political credit as a “model experimentation site.” In
order to capture local politicians” differentiation, we measure the extent to which local
politicians issue policy experimentation documents that are distinct from the ones issued
by other politicians participating in the same experiment. We construct pairwise text
similarity among documents issued by local governments on the corresponding policy
experiment, calculated using Latent Similarity Analysis (LSA). We observe that, when
local politicians have strong career incentives, they tend to differentiate more than their
colleagues in terms of implementation details, reflecting an increase in local politicians’
efforts to stand out in achieving good results in the experiment. Appendix |G| presents the

details of the empirical specification and discussion of the results.

7 Is the central government sophisticated in interpreting

experimentation outcomes?

In this section, we ask whether the experimentation outcomes are interpreted in a sophis-
ticated manner by the central government. Specifically, we focus on exogenous shocks
that affect experimentation outcomes but are fundamentally unrelated to the experimen-
tal policies themselves, and therefore should rnot be taken into account when evaluating
policy effectiveness. We examine whether such shocks influence how the policies on trial
are assessed for national roll-out, with Section 7.T|focusing on locality-specific shocks and
Section|7.2|focusing on politician-specific shocks.

To the extent that these shocks affect national policy decisions, it reflects a lack of

sophistication of the central government when interpreting experimentation outcomes,

27. This finding echoes similar results that document short-term “window dressing” incentives among
local politicians when their actions are more visible to the central government (Fang, Liu, and Zhou 2020).
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regardless of its objective function. In the language of the framework presented in Sec-
tion ] we test whether d, # 1.

7.1 Experimentation outcomes and locality-specific shocks

When evaluating experimentation outcomes, is the central government able to disregard
locality-specific shocks that may impact observed experimentation outcomes but are or-
thogonal to the underlying policy effectiveness? In particular, does a local fiscal windfall
during experimentation, which may substantially improve local socioeconomic outcomes
but is unrelated to the innate effectiveness of the trial policy, increase the likelihood that
the central government decides that the policy is successful?

We focus on land revenue (i.e., land conveyance fees) received by the county govern-
ments for converting agricultural land for residential use during the period of experimen-
tation. Land conveyance fees are by far the most important source of local fiscal revenue,
accounting for more than 75% of total budgetary income in recent decades (Lan 2021).
Local land revenue is transparently reported and visible to the central government
We follow Chen and Kung (2016) and use the ratio of land suitable for construction X na-
tional interest rate to instrument for each county’s land revenue windfall in a given year
(conditional on county and year fixed effects). When conveying rural land for residen-
tial use, the Chinese government enforces an architectural safety standard that considers
land with a slope of 15 degrees or less to be safe for real estate construction. Thus, dif-
ferent counties have different land conveyance potentials based on terrain features, and
are differentially affected when there is a macroeconomic demand shock in the real estate
market, such as a change in the national interest rate. Since the initial stock of land type is
pre-determined, and the national interest rate is unlikely to be influenced by an individ-
ual county, changes in land revenue induced by the interaction of these two factors are
likely exogenous to other county-level outcomes.

We evaluate whether land revenue fluctuation caused by the interaction of these two
factors during policy experimentation among experimentation site — which are unrelated
to the experimentation and policy effectiveness per se — may affect the chance that the
trial policy gets rolled out to the entire country. We estimate the following two-stage

least-squares specification:

Land_revenue;,; = o - Suitability; x Interest; + XLB + 6 + vyt + Om + €ipt
Yp = p - Land_revenue;y + XjT + ¢ + v + 6 + €ipme,

28. Since 2002, every land auction (the method by which the local governments generate land revenue) is
required by law to be publicized on a central government website.
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where Land_revenue;,; is the log level of land conversion revenue obtained by county i,
serving as an experimentation site for policy p, in year t. The instrumental variable is
the interaction term between the geographic constraint on experimentation site i’s land
supply (determined by its land slope) and the temporal variations in the national interest
rate in year t. y, is the indicator of whether policy p eventually was rolled out to the entire
country; ¢; is a full set of county fixed effects; J,, is a full set of ministry fixed effects; and
v is a full set of time fixed effects

The interaction between the land suitability index and temporal interest rate strongly
and positively predicts the land revenue received by the local government in a specific
year (First stage f-stat=622.9, see Appendix Table [A.14). Table [3| Panel A presents the
second-stage results. We find robust positive coefficients of instrumented land revenue at
experimentation sites on the corresponding policy’s national roll—outm In other words,
when policy experimentation is conducted in localities that coincidentally experience
temporal shocks that could improve the policy outcome, the central government does not
fully discount these factors, but instead at least partially attributes the policy outcomes
to the underlying policy effectiveness. This results in biased policy learning and policy
choices. Interestingly, the central government’s roll-out decisions are more affected by
land revenue windfalls in experiments with fewer participating sites (see Appendix Ta-
ble [A.16), consistent with the fact that each locality plays a bigger role in shaping the
experimentation outcomes that the central government observes.

We implement several additional tests to assess the validity of our empirical strategy.
First, we estimate how the leads of the IV affect land revenue. Future national interest rate
changes should not affect the land revenue in the current period (apart from short-run
auto-correlation in interest rates). As shown in Appendix Figure we indeed observe
that, while a contemporaneous credit shock in year t has a very large and significant
impact on a county’s land revenue in the same year, future shocks in t + 1 and t + 2 both
have minimal impacts on current land revenue.

Second, we examine whether a placebo IV — ratio of land between 15 and 30 degrees X

29. Following Chen and Kung (2016), we also control for characteristics at the county level (log population
and lagged local GDP growth rate), politician level (age, educational attainment, whether they are a mem-
ber of the Youth League, previous prefectural government experience, whether they share a birth-county
connection with the prefectural leader, and current year in office). Excluding these control variables has
minimal impacts on our IV estimates.

30. Our baseline analysis is conducted at the county-policy-year level — if a county has two ongoing policy
experiments in a given year, it shows up as two county-policy units in our data in that year. Alternatively,
we can conduct the analysis at the county-year level, in which case the outcome of interest becomes “how
many policy experiments in that county in that year turned into national policies,” rather than “did the
policy experiment in that county in that year turn into a national policy.” As shown in Appendix Table
our findings are robust to this alternative way of structuring the data.
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contemporaneous national interest rate — affects local land revenue. Since the government’s
official cutoff for real estate development is 15 degrees, only land plots with slopes below
this cutoff would matter for real estate construction. As shown in Appendix Table
Panel B, this is indeed the case: land plots between 15 and 30 degrees contribute little to
local land revenue (F=0.2).

Third, we conduct a falsification test of the second stage analysis, replacing the in-
strumented land revenue during the experimentation with instrumented land revenue
that occurs after the experimentation ends. Specifically, we use the ratio of land suitable
for construction x national interest rate at t 4+ 5 as the instrument for land revenue at t + 5
(since the vast majority of policy experiments conclude within five years). As we can see
in Appendix Table Panel C, while there is a very strong first stage, land revenue at
t + 5 has a precisely estimated null effect on the roll-out of policies being experimented

in year t.

7.2 Experimentation outcomes and politician-specific shocks

When evaluating experimentation outcomes, does the central government exclude politician-
specific shocks that may impact observed experimentation outcomes but are orthogonal
to the underlying policy effectiveness? In particular, we examine whether changes in lo-
cal politicians’ career incentives (and thus changes in effort, as shown in Section |§[) due
to local politicians’ routine turnover affects the central government’s policy learning and
increases the likelihood of the trial policy being evaluated as successful.

We focus on local politicians” turnover taking place among experimentation sites af-
ter the beginning of policy experimentation in the local region. This allows us to isolate
changes in local politicians” career incentives caused by the turnover that are unrelated
to either the underlying effectiveness of the trial policy or the local government’s (poten-
tially endogenous) initial participation in the policy experiment. Specifically, we estimate

the following model:

Yp = a - Turnover;, + 1 - Turnover;, X Increaselncentive;,
+ B2 - Turnover;, X Decreaselncentive;, + vt + Om + On + €ipmnt,

where v, is the indicator of experiment p being evaluated as successful and rolled out to
the entire country; and Turnover;, is the indicator of a change in the Party Secretary of
prefecture i during the experimentation period of policy p among experimentation sites.
A change in Incentive;, is calculated based on the difference in career incentives between
the incumbent at the beginning of the experiment and that of his or her immediate suc-

cessor (the baseline career incentives measure, following Wang, Zhang, and Zhou (2020),
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is described in Appendix [B.I). We separate local political turnovers that result in either
an increase (Increaselncentive;,) or a decrease (Decreaselncentive;y,) in the politicians’ ca-
reer incentives. We include a full set of year fixed effects (), ministry fixed effects (é,,),
and province fixed effects (0,;), allowing us to isolate the effects due to the (asynchronous)
rotation of local politicians.

Table 3} Panel B, presents the results. We observe that local politician rotation after the
start of the experiment does not affect the likelihood of the trial policy’s national roll out.
However, when the incoming politician has stronger upward career mobility potential
than the outgoing politician (i.e, younger versus retiring), the trial policy becomes sub-
stantially more likely to be assessed as successful and rolled out nationwide. The opposite
pattern is observed when local politician rotation results in a reduction in politicians” pro-
motion prospects and career incentives. This suggests that, when policy experiments are
conducted in localities that experience politician-related shocks that could improve the
experimentation outcome, the central government incorrectly attributes the outcome at
least partially to policy effectiveness, again resulting in biased policy learning. Consis-
tent with previous findings, the impact of political rotations on roll-out decisions is more
pronounced among small-scale experiments (see Appendix Table [A.18).

The impact of changes in political incentives due to politicians’ rotation during the
experimentation period is robust to alternative measures of political incentives — in par-
ticular, if we examine the sharp changes in promotion incentives among politicians above
or below the 58 years-old cut-off (see Appendix Table Panel A). Such impact is
observed even among relatively low-stakes policies not appearing in the national Five
Year Plans (see Panel B)@ Moreover, our findings are unlikely to be driven by a spurious
correlation between political rotation and policy experimentation success. First, such an
impact of changes in political incentives is consistently observed even if we focus only
on the political rotations toward the end of the experimentation period (see Panel C).
When political rotation occurs toward the end of the experimentation period, the incom-
ing politicians” ability to directly affect the experimentation outcomes becomes limited,
although they can influence local economic performance during certain years as a result
of the changes in career incentives. Second, reassuringly, we do not observe similar effects
with the rotation of politicians that happened either before the start of the policy exper-
imentation or at least five years after the beginning of the experimentation period (see

Panels D.1 and D.2, respectively).

31. The rotation of local leaders is decided by the Organization Department, rather than by the ministries
that are in charge of most policy experiments. Thus, it is unlikely that such rotations are catered to specific
policies on trial, especially for the low-stakes policies.
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8 What are the implications on policy learning and policy

outcomes?

Having documented three facts about China’s policy experimentation in Sections 5{{7}, we
now examine their implications for the central government’s policy learning and the ef-
fectiveness of national policies originating from such experimentation. In Section we
discuss such implications under the assumption that the central government of China
aims to learn about policy’s average treatment effects. In Section we discuss alterna-
tive objectives of policy experimentation beyond learning about policies” average treat-
ment effects.

8.1 If experimentation objective is to learn about policies” ATE

8.1.1 Experimentation outcomes and policies’ national roll-out

While we do not directly observe how the central government evaluates policy exper-
iments and decides on policies” roll-out, we can infer the decision rule by examining
which estimators of experimentation outcomes most strongly predict the corresponding
policies” national roll-out.

We begin with a simple estimator of experimentation effects that compares experi-
mentation sites’ local economic performance before and after the experiments, averaged
across all experimentation sites. Figure 4, Panel A, presents the correlation between the
estimated experimentation effects (on the horizontal axis) and the decision to roll out a
policy nationally (on the vertical axis). There is a strongly positive correlation between
the two: a one standard deviation increase in experimentation outcomes, measured as
the average differences in local economic performance (GDP per capita) before and after
the experiments, is associated with a 7.0 percentage point (or 17.9%) higher likelihood
of the experimental policy turning into a national policy. This correlation is largely un-
changed if we control for experimentation year fixed effects or ministry fixed effects —

thus simultaneously comparing policies that have been evaluated by the same minister

(see Appendix Table Panel A)@

32. In Appendix Table we re-estimate the correlation between the estimated experimentation effects
and the national roll-out decision, winsorizing the sample by 2.5 percent at either the top or bottom end
of the experimentation effects distribution. The baseline pattern is unchanged when we drop experiments
beyond the top 2.5 percentile of experimentation effects. The baseline pattern remains, although it becomes
weaker, if we drop those at the bottom 2.5 percentile of the experimentation effects. This is consistent
with policies generating bad outcomes being disproportionately salient to the central government, which
we discuss in greater detail in Section The sample for this analysis starts in 1993, which was when
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The comparison of experimentation sites” economic performance before and after the
experiments is not informative of the experimental policy’s average treatment effect, since
it does not account for positive site selection and non-representative experimental situa-
tions. By controlling for province-specific time trends, one can partially control for the dif-
ferential growth trajectories that the experimentation sites might be experiencing before
the experiments start. One could also use synthetic control, following methods such as Xu
(2017), to match experimentation sites with a weighted sample of non-experimentation
sites based on five-year pre-experimentation trends in local socioeconomic conditions.
The correlations between these estimated experimentation effects and policies” national
roll-out are plotted in Figure |4} Panels B and C, respectively (and in Appendix Table
Panels B and C, in regression form). These more sophisticated estimates of experimen-
tation effects, which would have been more informative of policies” average treatment

effects, no longer predict whether policies roll out nationwide.

Assessing the magnitude Leveraging the estimates from Sections we perform a
back-of-the-envelope calculation on how much the national policy roll-out would be af-
tfected by the presence of positive site selection, local governments’ strategic efforts, and
the central government’s naivety in interpreting the experimentation outcomes (see Ap-
pendixfor details)@ A 1% increase in fiscal revenue for all experimentation sites would
increase the corresponding policy’s national roll-out probability by 1.8 percentage points.
Linking this number to the average (pre-experimentation) difference in fiscal revenue be-
tween experimentation and non-experimentation sites (20.5%), we calculate that positive
site selection inflates the national roll-out rate of an average policy experiment by 36.9%.
Linking this number to the strategic (and extra) fiscal expenditure induced by policy ex-
perimentation (8.1%), we calculate that non-representative fiscal resources inflate the na-
tional roll-out rate of an average policy experiment by an additional 24.1%@

county-level socio-economic data started to be reliably published in the Statistical Yearbooks.

33. Itis important to note that one cannot easily decompose the separate roles of positive site selection and
endogenous local efforts. There exists complementarity between positive selection and endogenous efforts.
Richer localities participating in experiments are also more likely to have local politicians with higher career
incentives and thus will exert greater efforts during an experiment. On the contrary, non-experimentation
sites are more likely to be localities where socioeconomic development is less advanced, and local politi-
cians face weaker career incentives. Therefore, the negative selection of the non-experimentation sites can-
not be compensated by greater efforts exerted by local politicians. In fact, the negative selection would be
compounded by the additional disadvantage of the lack of local political incentives during policy imple-
mentation.

34. In addition, according to our estimates in Section a 1% increase in local politicians” promotion
incentives would increase the corresponding policy’s national roll-out probability by 0.68 percentage points.
Linking this elasticity to the average difference in local politicians” incentives between experimentation
and non-experimentation sites (1.3%), we calculate that non-representative political incentives inflate the
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8.1.2 National policy outcomes

Positive experimentation site selection and extra efforts among local politicians during
the experiment both could result in better experimentation outcomes. If the central gov-
ernment does not take these factors into account when they select experimental policies
to roll out, then one would expect policy outcomes during experimentation to be con-
siderably better than the national outcomes when the policies are rolled out to the entire
country.

Throughout this sub-section, when constructing measures of policy outcomes during
either experimentation or roll-out, we focus on the subset of policies that are in the eco-
nomic domain. This allows us to proxy policy outcomes using local economic indicators

such as economic growth@

Do national outcomes shrink in comparison to experimentation outcomes? We begin
by examining the potential shrinkage of experimentation effects across all experimental
economic policies. In Figure 5, Panel A, for each of the economic policies that have been
tried and then rolled out to the entire country, we plot the experimentation effects on local
economic growth (estimated as the differences of economic performance among experi-
mentation sites before and after the experiments) against the national effects (estimated
as the differences of economic performance among non-experimentation sites before and
after the corresponding policies roll out to the country). Panel B plots the distribution of
the differences of experimentation and national policy effects. One observes that many
policies (71.1%) fall below the 45 degree line, reflecting smaller effects during the national
roll-out In fact, while the (naively estimated) experimentation effects strongly predict
policies” national roll-out, they do not predict the corresponding policies” national average
effects 7]

Such shrinkage is unlikely to be driven by local politicians’ exaggerated reporting of
local economic performance during experiments. We find similar patterns of shrinkage

if we: (i) instead focusing on policy effects on local fiscal revenue, an indicator of local

national roll-out rate of an average policy experiment by an additional 2.2%.

35. Two-thirds of all policy experiments are related to economic policies according to our definition. Our
findings are robust to different characterizations of economic policies.

36. We replicate Figure [5| controlling for the number of experimentation sites (namely, the sample size
for each experiment). The results are presented in Appendix Figure This does not qualitatively or
quantitatively change the baseline pattern of shrinkage.

37. We plot the regression coefficients that use experimentation effects to predict various estimates of the
policies’ national effects in Appendix Figure We observe that the experimentation effects are moder-
ately predictive of the national average effects (equally weighted across all localities); the regression coef-
ficients = 0.03. As the weights placed on non-experimentation sites increase, the experimentation effects
become substantially less predictive of the national policy effects.
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economic performance that is unlikely to be manipulated by the local politicians (see Ap-
pendix Figure and Figure Panel A); and (i) correct for local economic growth
(mis)reporting using local luminosity from satellite images, following Martinez (2022)
(see Panel B).

The shrinkage of experimentation effects as a policy rolls out could result from a com-
bination of the lack of representativeness of experimentation sites (both in terms of socioe-
conomic characteristics and local politicians” effort) and the central government’s naive
inference@ To gauge the relative importance of these factors, we regress the policy ef-
fects” shrinkage on the gap between the experimentation effects estimated using naive,
simple mean difference and synthetic control, where site selection and endogenous ef-
forts may be taken into account. As shown in Appendix Figure the gap between the
naive estimator and the synthetic control estimator is positively correlated with the extent
to which experiment effects deflate. This suggests that the deflation in effect sizes is not
merely a result of regression to the mean, and could have been partially mitigated if the
government had been more sophisticated in their interpretation of the experimentation
outcomes.

The shrinkage of experimentation effects is best illustrated in the context of a spe-
cific policy experiment on local fiscal empowerment. In order to foster economic growth,
the central government initiated an experiment that provides more fiscal autonomy to
the counties participating in the experiment (see Appendix for policy details). Be-
tween 2003 and 2013, more than 1,100 counties were selected as experimentation sites.
The experimentation sites were positively selected during the first half of the experiment
and moved to negative selection toward the end of the experiment (t-stat> 10 in 2004,
t-stat< —3in 2017, see Appendix Figure for more details). We use a staggered event
study design to estimate the treatment effects of the introduction of such policy experi-
ment on local economic performance (controlling for county and year fixed effects), and
we separately report the coefficients among the subsamples of experimentation counties
in the early rounds (positively selected) and the later rounds (negatively selected).

We find that counties that had higher pre-experimentation GDP per capita benefited
from the experiment, while the poorer counties experienced worse subsequent local eco-
nomic development (see Appendix Figure @ The local fiscal empowerment exper-

38. Differences between experimentation and national policy outcomes could be driven by general equi-
librium effects. Whether general equilibrium mechanisms lead to reduced or larger effects is often theoreti-
cally ambiguous (e.g., Muralidharan and Niehaus (2017)). Interestingly, we do not observe less reduction of
experimentation effects among experiments that are aimed at improving short-run outcomes (see Appendix
Figure[A.18).

39. Such patterns of heterogeneity by pre-experimentation local economic conditions do not merely reflect
a general equilibrium effect or an early-mover advantage in reform. Less-developed counties participating
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iment did not lead to a national policy, likely because of the negative selection in exper-
imentation sites in the latter stage of the experiment. Had the policy been rolled out to
the entire country, it would likely have generated a net zero effect, with both winners and

losers (see Appendix Figure|A.23)).

Do regions similar to experimentation sites benefit more? When experimental policies
roll out to the entire country, localities similar to experimentation sites may benefit more
from the new policy. To examine this hypothesis, for each experiment that eventually
leads to a national policy, we calculate the Mahalanobis distance between localities that
participated in the experiment and those that did not (M,p). The distance is calculated
based on a vector of pre-experimentation local socioeconomic conditions (local GDP per
capita, local fiscal income, and fiscal expenditure), as well as the local officials’ career
incentives. We then examine, among localities that did not participate in an experiment,
whether the corresponding national policy leads to faster local economic growth when a
specific county is similar to the experimentation sites for that policy.

We estimate the following specification, identifying differential policy effects on a spe-
cific locality as a result of the composition of the experimentation sites where the policy

was originated from:
G?’OZUt]’lcpt = Q- Mcp + Ye + 0+ Mp + €cpts

where Growth,), is (non-experimentation) county ¢’s GDP growth after policy p rolls out
to the entire country, 7. is a full set of county fixed effects, o; is a full set of year fixed
effects, and 77, is a full set of policy fixed effects.

The results are presented in Table 4, Panel A shows the results when we calculate
My, based on the vector of socioeconomic conditions; Panel B shows those based on lo-
cal officials’ career incentives. We observe that, when an experimental policy rolls out to
the entire country, localities that did not participate in an experiment but are socioeco-
nomically similar to the experimentation sites benefit significantly more. Moreover, non-
experimentation sites with local politicians facing similar career incentives as the experi-
mentation sites are also better off when the trial policies roll out nationwide. These results
are robust to different indices chosen to compute the distance (See Appendix Table[A.22).

These results suggest two things. First, policies originating from unrepresentative ex-
periments differentially benefit some regions over others, depending on the sample com-
position of the experimentation sites. Second, experimentation may structurally allow for
better tailoring of policies to benefit from greater efforts by local officials. Given that the

in the experiment during the early rounds also experienced a negative policy treatment effect in magnitudes
similar to the less-developed experimentation sites in later rounds (see Appendix Figure |A.22).
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experimentation sites are overwhelmingly positively selected in terms of local political
and economic conditions, this would generate distributional consequences: positive se-
lection of sites may produce a portfolio of policies that systematically favor regions with
better socioeconomic conditions and more incentivized politicians at the expense of their
less-developed and less incentivized counterparts, thus leading to greater inter-regional
inequality throughout China.

8.2 Alternative experimentation objectives

In Section we evaluated the implications of the structure of policy experimentation
for policy learning and policy outcomes, assuming that the central government aims to
learn about the average treatment effects of the policies. We ultimately do not observe
the central government’s objective function, and in this section, we discuss alternative

objectives of policy experimentation that are both related and unrelated to learning.

8.2.1 More complex learning-related objectives

Learning about tail risks In addition to (or instead of) learning about the average ef-
fects of policies, policy experimentation might be critical for the central government to
assess the potential risks associated with the policy on trial. To examine this possibility,
for each policy experiment, we count the number of experimentation sites that fall be-
low a certain percentile across all localities in the nation in terms of local GDP growth
during the period of experimentation, and investigate whether this measure is predictive
of the national roll-out of the corresponding experimental policy. Appendix Figure |A.24
presents the estimated coefficients across the percentile thresholds, which range from 0 to
50th percentile. The presence of experimentation sites that fell below the 10th percentile
of local GDP growth nationwide substantially decreases the chance that the policies roll
out to the country, and this remains true even after controlling for the policies” under-
lying average treatment effects (estimated based on before and after differences in GDP
growth during the experimentation stage). While it is not obvious that one could attribute
the low growth performance to the policy experiment, this result suggests that the cen-
tral government may be particularly sensitive to those instances when they evaluate the

experimentation outcomes.
Incorporating decision-makers’ subjective expected utility In addition to learning about

the true underlying treatment effects, the central government may hold subjective ex-

pected utility when designing the policy experimentation. This may justify unrepresen-
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tative choices of experimentation sites. To evaluate the importance of subjective expected
utility, we conduct quantitative exercises following Banerjee et al. (2020). We simulate
the optimal experimentation design, parameterizing the model based on data from the
25th, 50th, and 75th percentile of Chinese policy experiments in terms of their degree of
positive selection. Appendix|E.1|provides details of the simulation procedure.

We find that, when the central government places greater weight on its subjective ex-
pected utility, deterministic experimentation becomes more justified than randomization.
However, even if one places 100% of the weight on the decision-maker’s subjective ex-
pected utility, less than 5% of the optimal designs for these experiments would induce
positive selection with t-statistics > 1, with the optimal t-statistic never exceeding 2.6 —
substantially lower than the positive selection that actually occurs@

Incorporating experimentation sites” welfare The central government may incorporate
considerations about the welfare of the experimentation sites, following Narita (2021). In
particular, deviation from full randomization may be justified in an optimal experimenta-
tion design when the sample size is small, and there exist sufficiently large heterogeneous
treatment effects as well as heterogeneous welfare from receiving the treatment@ We
again simulate the optimal experimentation design, parameterizing the model based on
China’s policy experimentation setup; Appendix [E.2| provides details of the simulation.
We find that the central government would have to place almost the entirety of its welfare
weight on the locations that were selected as the experimentation sites in the early waves
in order to justify the observed degree of positive selection. In other words, the observed
level of positive selection could be optimal only if extreme ex ante inequality is inherent

to the central government’s objective function.

8.2.2 Politically motivated objectives

Political patronage Given the potential political rewards associated with successful pol-
icy experimentation, political patronage — prevalent in China’s political system (Fisman
and Wang 2015; Fisman et al.[2020) — could shape the selection of experimentation sites.
This could be due to exchange of favors, higher trust among political patrons, and minis-

ters’ stronger control over local implementation.

40. We additionally test two extensions on the model presented: (i) we allow for the quality of experimen-
tal information (or equivalently, policy execution) to vary with the local county’s GDP; and (ii) we allow
counties to opt into treatment, so that only counties with positive treatment effects are treated. Although
both extensions mildly increase selection, the t-stats from these simulations still remain much lower than
those observed in reality.

41. This can be captured as either experimentation subjects” willingness to pay, or benevolent social plan-
ners’ welfare weights across subjects.
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We define a province as connected to a ministry if the current minister used to work
full-time in that province before assuming his current position, following Jia, Kudamatsu,
and Seim (2015). To investigate the role of political patronage in the selection of exper-
imentation sites, we exploit the inter-temporal changes in a region’s connection to each
ministry caused by the turnover of central ministers. We estimate the number of experi-
ments assigned to province p by ministry m in year t, as a function of whether the minister
of ministry m in year t used to work full-time in province p (controlling for year fixed ef-
fects and province-by-ministry fixed effects). To the extent that the local governments
cannot influence the appointment of central ministers, the turnover of ministers can be
regarded as exogenous shocks to the province-ministry connections. In Appendix Fig-
ure we plot the event study estimates around ministers” turnover; reassuringly, we
do not observe a pre-trend.

As shown in Appendix Table Panel A, as soon as a locality becomes connected
to a minister, the number of experiments assigned to that region increases by 28.8%. The
effects are almost entirely driven by cases where the central ministry directly assigns the
experimentation sites, while there is no comparable effect when the experimentation site

selection was done via voluntary participation (see Panels B and C).

Demand for political stability In addition to learning about policies” impact on local
economic performance, the central government may be concerned with maintaining po-
litical stability during socioeconomic reforms. To evaluate this possibility, we first ex-
amine whether social and political unrest in a particular prefecture is correlated with its
chance of being selected as an experimentation site. We exploit within-region, across-time
variations in occurrences of unrest: estimating whether prefecture p engages in policy ex-
perimentation in year t as a function of unrest occurred in prefecture p during the previ-
ous year t — 1 (measured as unrest event counts in GDELT, following Beraja et al. (2023)),
controlling for prefecture and year fixed effects. We find a robust pattern that prefectures
that have experienced social and political unrest in the preceding year are significantly
and substantially less likely to become experimentation sites (see Appendix Table [A.24).
This suggests that an unstable local environment could be a veto condition that precludes
participation in policy experimentation.

Next, we investigate whether occurrence of social and political unrest during exper-
imentation affects the likelihood of experimental policies” national roll-out. Specifically,
we run a policy-prefecture level regression, regressing whether the experimental policy is
rolled out to the entire nation on the number of unrest events in the corresponding prefec-

ture when the experiment starts, controlling for prefecture and year fixed effects. We find
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that, conditional on observed experimentation outcomes on local economic performance,
as measured as in Section unrest episodes are associated with substantially lower
chances that the local experimental policies would eventually become national policies
(see Appendix Table Panel A). This suggests that avoidance of policy disruptions
that are associated with social and political unrest may be a salient criterion when the
central government evaluates experimentation outcomes. This could at times contradict
its objective of selecting policies that maximize economic performance. To further estab-
lish the causal effects of social and political unrest on policy experimentation adoption
and roll-out, we follow Beraja et al. (2023) and use local weather conditions to instru-
ment for protest occurrence@ As shown in Appendix Tables Panel B, weather-
induced variations in protests strongly predict the national roll-out of experimental poli-
cies. Since weather-induced variation in protest occurrence is orthogonal to experimen-
tation itself, this result indicates another potential error in attribution: any protest, re-
gardless of whether they are caused by the experiment, could stop the policy’s national
roll-out.

9 Conclusion

In this project, we examine China’s extensive policy experimentation over the past four
decades, one of the largest undertakings of systematic policy learning in recent history.
We document three facts about China’s policy experimentation. First, policy experimenta-
tion sites are positively selected for characteristics such as local socioeconomic conditions.
Second, the experimental situation during policy experimentation is unrepresentative: lo-
cal politicians exert strategic efforts and allocate more resources during experimentation,
which may exaggerate policy effectiveness. Third, the central government is not fully
sophisticated when interpreting experimentation outcomes, indicating that the positive
sample selection and unrepresentative experimental situations might not be fully taken
into account for national policy choices. These facts imply that China’s unrepresentative
policy experimentation could lead to biases in policy choices and shrinkage in policy ef-
fectiveness during national roll-out, if the central government intends to learn about the
policy’s average effects in a representative locality with representative local politician’s
incentives.

We highlight that policy learning and policy experimentation inevitably take place in

complex environments with various constraints and distortions. The political and bu-

42. Since this empirical strategy relies on the detailed timing of each protest, which is only available after
2014, the sample size becomes substantially smaller for this exercise.
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reaucratic environment could affect the initiation of policy experimentation, its structure
and implementation, and bias in the information gathered from an experiment. Our find-
ings stand in contrast with theoretical work analyzing experimentation in federalist envi-
ronments featuring voluntary local initiatives (Mukand and Rodrik 2005; Callander and
Harstad 2015, Myerson 2015)@ Rather than the informational free-riding and under-
experimentation observed in federalist systems, political centralization — in a context
such as China where local government officials compete and differentiate their imple-
mentation activities in order to increase their chances of promotion —could overcome
tendencies of under-experimentationﬁ

Our examination of China’s policy experiments suggests that, while experimentation
can facilitate reform and prevent policy disasters, one needs to pay attention to the man-
ner in which policy experiments are conducted, as more information does not necessarily
result in better decision—making@ Our findings that policies originating from unrepre-
sentative experimentation could disproportionately benefit richer regions demonstrate
yet another manifestation of regulatory capture — in this case, systematically biasing the
information that decision-makers gather during the policy learning process. In addition
to pure regulatory capture (e.g., Stigler 1971), capture through corruption (e.g., Shleifer
1996), and capture through enforcement (e.g., Glaeser and Shleifer 2003), recent literature
has documented more subtle forms of cognitive capture of regulators (e.g., Johnson and
Kwak 2011) and capture through philanthropic giving and strategic advocacy (Bertrand
et al. 2020) Moreover, our findings point to a fundamental trade-off that the central
government faces: structuring political incentives in order to stimulate politicians” efforts

to improve policy outcomes, while making sure that such incentives are not exaggerated

43. Cheng and Li (2019) note, however, that the uncertainty related to citizens” inference on politicians’
types could induce politicians to over-experiment even in a decentralized environment.

44. Following List (2020), Goldszmidt et al. (2020), and Holz et al. (2020), we examine the SANS conditions
of our study to shed light on the extent to which our findings may apply to other institutional contexts. On
selection, the sample of our study is the universe of policy experiments conducted in China over the past
four decades. On attrition, all announced policy experiments are included in the sample. On naturalness,
the type of policy experimentation that we study has been the key institution for policy making in China
for forty years, and most high-stakes policy ideas have to be tested this way before becoming national
policies. On scaling, since our findings concentrate on cases where the central government leads policy
experimentation in a top-down manner, we think the key “non-negotiable" for external validity is that the
central government plays the leading role in conducting policy experiments; this would be relevant in many
contexts as governments, especially those in the developing countries, are explicitly learning from China’s
policy experimentation (e.g., Vietnam).

45. As China develops and low-hanging fruit for policy improvements diminishes, it may become increas-
ingly important to carefully structure policy experimentation in order to achieve better policy-making.

46. Our evidence of informational capture through politically connected government officials also relates
to the growing body of work documenting the costs and distortions associated with political patronage,
specifically in China’s context (e.g., Fisman and Wang|2015; Fisman et al. 2020).
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during the experimentation phase, so that policy learning remains unbiased. Dynamic
experimentation could be a solution (e.g., Kasy and Sautmann 2021). More generally,
future work on mechanism designs that could improve the efficiency of policy learning
could be of great academic importance and policy relevance.

Our work does not address the overall benefits (or costs) of experimentation relative to
a counterfactual of no experimentation at all. This study does not examine, for example,
which policies are subject to experimentation in the first place, and which major policy
disasters may have been avoided because of the experimentation. Evaluating the overall
policy-making cycle would be a fascinating, important, and challenging undertaking that

we leave for future work.
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Figures and tables
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Figure 1: This figure plots the number of policy experiments initiated over time. The share of
successful experiments that eventually rolled out to the entire country is indicated by the area
shaded in pink; the share of unsuccessful policies that failed to roll out to the entire country is
indicated by the area shaded in red.
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Panel A: Spatial distribution of policy experimentations

B.1 Carbon emission trading B.2 Separation of permits and licenses
During 2011-2021 During 2015-2018

Experimentation in 1 wave Experimentation in 3 waves

7 provinces / prefectures as experimentation sites 24 prefectures as experimentation sites

&
b&l
wr

" X
” 3 b{t’,—.-?
s
B

r's

B.3 Agriculture catastrophe insurance B.4 County fiscal empowerment reform
During 2017-2021 During 2002-2015

Experimentation in 2 waves Experimentation in 10+ waves

14 provinces as experimentation sites 1,246 counties as experimentation sites

Panel B: Examples of policy experimentation

Figure 2: Panel A counts the total number of policy experiments that each province has been
involved in between 1980 and 2020 (including experiments at prefectural and county levels).
Panels B.1 and B.2 show two policies that eventually rolled out to the entire country. The regions
shaded in gray indicate parts of the country that eventually received the policies when they
rolled out. Panels B.3 and B.4 show two policies that did not eventually roll out. The
experimentation sites are marked in red, and the corresponding provinces are marked in pink.
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Panel B
Figure 3: Panel A plots the distribution of t-statistics from the representativeness test for
experimentation sites, calculated based on fiscal expenditure. To calculate the t-statistics, we
compare the average pre-experimentation characteristics between those jurisdictions chosen as
experimentation sites, and their peers at the same hierarchical level that were not chosen as
experimentation sites within each test. Panel B summarizes the t-test results for other
specifications. We presents those results as a specification curve, a la Simonsohn, Simmons, and
Nelson (2020), with solid circles indicating the combination of plausible specifications.
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Figure 4: These plots visualize the correlations between policy roll-out rate and different
measures of experimentation effects. In Panel A, we construct the simple difference in GDP per
capita, among the experiment sites, before and after the policy trial; in Panel B, we further control
for provincial pre-trends in GDP per capita; in Panel C, we estimate experimentation effects
using a generalized synthetic control approach, where each experimentation site is matched with
a weighted average of counties that shares a similar 3-year pre-trend, and minister and year fixed

effects are included. Coefficients and robust standard errors are reported in the top-left corner of
each panel.
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Potential shrinkage of experimentation effects
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Figure 5: These plots demonstrate how policy effects shrink between the experimentation and
roll-out stages. In Panel A, we plot policy effect during national roll-out (y-axis) against
experimentation effect of the same policy (x-axis). In Panel B, we compute the the difference
between policy effect during national roll-out and policy effect during experimentation, take its
ratio over the experiment effect, and plot its distribution.
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Table 1: Summary statistics of policy experimentation

#of #of  #of Yo Avg. % repre-
exp. rounds sites roll-out t-stats sentative

O (3) (4) (5) (6)

Panel A: Full sample

Overall 652 2.1 19.0 42.02 5.01 43.0
National 613 2.1 19.7 43.72 5.17 41.9
x Completed 509 2.1 18.8  50.88 5.48 394

x Ongoing 104 2.1 23.9 8.65 3.58 56.3
Subnational 39 2.0 8.7 15.38 2.22 60.0
x Completed 35 2.0 9.2 17.14 2.16 59.3

x Ongoing 5 2.0 114 0.00 2.72 50.0

Panel B: By policy domain
Resource, energy & environment 80 2.2 11.5  38.75 3.94 57.1

Market supervision 79 1.9 109  44.30 591 33.9
Agriculture 60 2.1 394 3333 3.91 56.6
Education 56 23 39.2 4643 5.43 28.3
Finance 53 1.8 62 4717  8.50 40.6
Tax & fiscal policy 41 2.2 102 53.66 5.38 38.2
Population & health 38 2.3 21.2 4737 457 36.1
Commerce & trade 36 2.1 17.0  41.67 6.34 23.1
Industry & information technology 35 1.8 252 3714 6.87 24.0
Domestic affairs 31 2.3 15.7  29.03 412 36.0
Development & reform 29 2.0 23.0 3793 4.25 60.0
Labor 22 2.5 99 4545 4.61 55.6
Transportation 20 2.0 9.2  55.00 3.09 58.8
Others 33 1.9 342 66.67 527 40.0
Panel C: By administrative level

Province-level 199 1.7 49  36.18 1.44 72.4
City and county-level 414 2.3 268 4734 6.57 31.5

Note: This table reports the summary statistics for our policy experimentation sample. In Panel A, we
present information on all 652 experiments, and disaggregate them by national experiments (613) and sub-
nationl ones (39). In Panels B to F, we only focus on those national experiments.
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Table 2: Local fiscal expenditure during policy experimentation

Share of fiscal expenditure on experimentation-related domains

(1) () (3) 4) (5) (6)
Panel A: Fiscal input among experimentation sites
# of experiments 0.003*** 0.002*** 0.002*** -0.014*** -0.002* -0.003
(0.001)  (0.000) (0.000)  (0.003)  (0.001) (0.002)
# X career incentive 0.036***  0.009*** 0.0171%**
(0.006)  (0.003) (0.003)

Panel B: Fiscal input among non-experimentation sites during national policy roll-out

# of rolled out policies ~ 0.001 0.001 0.001 0.001 0.001 0.001
(0.001) (0.0004) (0.001)  (0.003)  (0.001) (0.002)
# X career incentive -0.001  -0.0004 -0.0003
(0.005)  (0.002) (0.003)
# of obs. 142,116 142,116 142,116 142,116 142,116 142,116
# of clusters 1973 1973 1973 1973 1973 1973
Mean of Dep. Var 0.174 0.174 0.174 0.174 0.174 0.174
County by category FE No Yes Yes No Yes Yes
Year by county FE Yes No Yes Yes No Yes
Category by year FE Yes Yes Yes Yes Yes Yes

Note: This table estimates the impact of a policy experiment on the fiscal expenditures of its experimentation
sites. We characterize six general fiscal domains, and match each policy experiment to its most closely related
domain. In Panel A, we investigate whether the experimentation units re-allocated fiscal resources to the cor-
responding fiscal domain when a policy experiment is assigned. The average number of policy experiments
within each prefecture-year-domain grid is 0.218, and the standard deviation is 0.541. Career incentives are
measured as the ex-ante probability of promotion projected by the start age of tenure and hierarchical level
(mean=0.481, 5.d.=0.075). In Panel B, we investigate whether the previously non-experimentation sites exhib-
ited similar fiscal reallocation in the year that the policy rolled out nationally. Standard errors are clustered at
the county level.
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Table 3: Naive evaluation of policy experimentation

National roll-out

(1) (2) (3)

Panel A: Land revenue windfall

Land revenue (instrumented) 0.008***  0.006***  0.009***
(0.002)  (0.001)  (0.001)

First stage F stats 670.34 636.36 622.90
# of obs. 66,128 66,128 66,128
# of clusters 1644 1644 1644
Mean of DV 0.612 0.612 0.612
Experiment Year FE Yes Yes Yes
County FE No Yes Yes
Ministry FE No No Yes

Panel B: Politicians’ incentive changes due to political rotation

Rotation 0.004 0.016 0.017
(0.019)  (0.014)  (0.014)

Positive rotation XA Incentive ~ 0.679***  (0.539**  0.508***
(0.089)  (0.090)  (0.093)

Negative rotation XA Incentive -0.496*** -0.459** -0.407***
(0.162)  (0.132)  (0.141)

# of obs. 3899 3899 3899
# of clusters 27 27 27

Mean of DV 0.321 0.321 0.321
Ministry FE No Yes Yes
Year FE Yes Yes Yes
Province FE No No Yes

Note: In this table, we investigate whether external shocks to a policy exper-
iment’s sites and the local officials affect its likelihood of being rolled out as a
national policy. Panel A reports the second stage of a 25LS regression where we
use the interaction term between area of land unsuitable for agricultural use and
national interest rate to instrument for the land revenue (in logarithm) received
by the local government. The average log land value is 5.27, with a standard de-
viation of 3.97. Standard errors are clustered at the county level. We report the
first stage results in Appendix Table[A.14} Panel B is an analysis focusing on po-
litical rotations that happened after the selection of experimentation sites. At the
experiment-by-prefecture level, we calculate the difference in career incentives
between the leaving prefectural official and his immediate successor. Rotation
is a dummy variable indicating political turnover during the experimentation,
which is defined to be the period between the start of the first round of exper-
imentation and two years after the last round. An average positive rotation is
accompanied with an incentive increase of 0.079 (s.d.=0.076). An average neg-
ative rotation is accompanied with an incentive drop of 0.055 (s.d.=0.061). The
standard errors are clustered at the province level.
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Table 4: Similarity with experimentation sites and effects of policy roll-out

Growth of GDP per capita
(1) ) 3)

Panel A: Selection of experimentation sites
M-distance in socioeconomic conditions -0.004***  -0.004*** -0.003***

(0.001) (0.001) (0.001)
# of obs. 94,772 94,772 94,772
# of clusters 2064 2064 2064
Mean of DV 0.102 0.102 0.102

Panel B: Endogenous efforts during experimentation

M-distance in politicians’ career incentives -0.001***

-0.001***  -0.0002

(0.0002)  (0.0003) (0.0002)
# of obs. 55,940 55,940 55,940
# of clusters 1464 1464 1464
Mean of DV 0.088 0.088 0.088
Policy FE No No Yes
Year FE No Yes Yes
County FE Yes Yes Yes

Note: This table investigates how much of a policy’s effectiveness at the national roll-out
stage can be attributed to the site selection and endogenous effort patterns at its experimen-
tation stage. The sample includes all non-experimentation counties in years that a former
policy experiment is being rolled out as a national policy. In Panel A, we look at the Ma-
halanobis distance between experimentation and non-experimentation counties for a given
policy experiment, in terms of their socioeconomic conditions. In Panel B, we investigate Ma-
halanobis distance between the experimentation and non-experimentation sites in terms of
political incentives, where career incentive is measured by the fitted probability of a prefec-
tural party secretary’s political promotion, as detailed in Appendix Section[B.1} The estimated
covariance matrix in computing a Mahalanobis distance is fitted by the observed distribution
of the data. Mahalanobis distances, in both panels, are standardized to mean zero and unit

variance. Standard errors are clustered at the county level.
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For Online Publication

A Additional institutional background

A.1 Other forms of policy experimentation

While we focus in this paper on the form of policy experimentation through experimenta-
tion points, it is important to note that policy learning in China also takes place in several
other forms that may not squarely fit into the conventional definitions of policy experi-
mentation (Heilmann 2008Db).

Specifically, there are three such forms of policy learning. First, “interim policies”
(Shixing/Zanxing). These are provisional policies with clear expiration dates, but they
typically apply to the whole country and do not have regional variation. This approach
is often used to figure out implementational logistics of a policy before finalizing them in
the national legal documents, rather than to learn about the cost and benefit of the policy
itself. Second, “demonstrational zones" (Shifanqu). These are regions selected as “positive
examples” in implementing certain policies, which the central government encourages
the rest of the country to emulate. The main purpose of setting up these zones is not
to learn about the policy, but to promote the diffusion of a new policy among the local
governments. Third, a number of policy experiments target firms (rather than a specific
region). The main purpose of such experiments is often to guide the reform of state-
owned enterprises.

A.2 Background of four policy experimentation examples

A.2.1 Carbon emission trading

In October 2011, the National Development and Reform Commission designated seven
regions to participate in the pilot of carbon emission trading, including Beijing, Chongqing,
Guangdong, Hubei, Shanghai, Shenzhen and Tianjin. These experimentation sites were
required to design and set up their own carbon markets, following certain general guide-
lines provided by the central government. Specifically, the experimentation sites had the
discretion to determine details like the coverage of the local carbon market, the emis-
sion target, and the allowance allocation, etc. Different from the traditional “cap and
trade" system, China’s carbon markets all followed a less stringent “tradeable perfor-
mance standard" system, where the regulator sets benchmarks for carbon emissions per
unit of output and allows emitters to trade allowances (Cui, Zhang, and Zheng 2021).

The seven pilot carbon markets started operating in 2013, with carbon allowances
varying from 30 MT in Shenzhen to 338 MT in Guangdong, and emission coverage vary-
ing from 33% in Hubei to 60% in Tianjin. Despite being riddled with controversy re-
garding its effectiveness, activeness, and economic impacts, the carbon emission trading
system was rolled out to the whole country in 2021, after China announced its carbon
neutrality plan.
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A.2.2 Separation of permits and business licenses

In order to simplify the administrative process of starting a business, the Chinese govern-
ment started a policy experiment on separating permits and business licenses. With the
combination of multiple business credentials, enterprises are able to conduct regular busi-
ness operations by virtue of the business license alone, instead of applying for permits
from different government branches. Starting in Shanghai in 2015, the experimentation
was coordinated by the Ministry of Commerce. More prefectures were included in the
second wave of experimentation in 2017. A year later, separation between the business
permit and license was carried out on the first lot of 106 administrative approval items for
enterprises nationwideﬂ The government continued to experiment with this policy after
that, aiming at expanding the scope of the policy to more items requiring administrative
approval.

A.2.3 Agricultural catastrophe insurance

Featuring high payout ratio but low market demand in terms of risk perception, the agri-
cultural insurance in rural areas has had relatively low participation rate. Starting in
2017, the ministry of agriculture started piloting for catastrophe insurance that features
premium subsidies, creating stronger incentives for farmers to voluntarily participate in
the program. The first round of experimentation explicitly targets 14 provinces, initially
covering farmers of basic grains and selected oil crops and livestock. The list of insured
risks was extended in 2019. Until 2021, the government hasn’t yet explicitly rolled out
the policy to the entire country. Despite the extended list of insurers, increased liability
and coverage, some argue that the lack of critical data, under-developed technique, and
the lack of awareness in most rural areas still stand in the way of fostering rural resilience
(Yu and Yu [2020).

A.2.4 Fiscal empowerment reform

In the Chinese administrative hierarchy, each province administers several prefectural
cities, and each prefectural city administers a number of counties. Many have argued
that when prefectural cities have fiscal control over counties, the lack of fiscal autonomy
of rural counties would hinder their economic development (Wang 2016; Bo 2020). To
address this issue and to foster county economic growth, in 2003, the central government
started a large-scale policy experimentation on county fiscal empowerment reform. As il-
lustrated in Appendix Figure the reform primarily empowers counties by flattening
the government hierarchy: before the reform, prefectural cities have fiscal controls over
counties, while after the reform, counties can bypass the prefectural government and di-
rectly respond to the provincial government. Within a decade, more than 1,100 counties
in China were assigned as the experimentation sites of the reform. The experimenta-
tion was rolled out in multiple waves. Based on the central government’s document that

1. Seehttp://english.www.gov.cn/policies/latest_releases/2018/10/10/content_281476529291118.htm
for details
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guides the fiscal empowerment reform, we collect information on the timing at which
participating experimentation sites began the fiscal reform.

As summarized in Li, Lu, and Wang (2016), the existing literature studying the county
tiscal empowerment reform reports mixed findings on its effectiveness in promoting local
GDP growth, which is highly sensitive to the sample period being used for the analysis.
Such mixed findings in the literature could be attributed to the fact that the reform has
heterogeneous impact on localities with different economic conditions, and there exists
large differences in the underlying site selections throughout the experimentation.

A.3 Government organizational reform

We use the context of China’s government organizational reform to understand the orga-
nizational environment under which policy experimentation take place.

Since 1998, China has been conducting a series of vertical management (Chuizhi Guanli)
reforms. Such reforms essentially switch central government ministries and commissions
from multi-divisional form (M-form) to unitary form (U-form), by shifting the administra-
tion of local bureaus in terms of their personnel, finance, and facilities from the local gov-
ernments to the corresponding central ministry or commission. For example, before 1999,
local securities regulatory bureaus were under the jurisdiction of provincial governments
(M-form). After the vertical management was implemented in the security regulatory
bureaus in 1999, they came under the direct administration of the central government’s
Securities Regulatory Commission (U-form).

The literature on organizational theory distinguishes between two types of organiza-
tional structure (Chandler |1962; Williamson 1975): multi-divisional form (M-form), which
consists of self-contained units in which complementary tasks are grouped together; and
unitary form (U-form), which consists of specialized units in which substitutable or sim-
ilar tasks are grouped together (see Appendix Figure for an illustration of the dis-
tinction between M-form and U-form organizations). While the U-form organizational
structure can better take advantage of the economies of scale, the M-form structure pro-
vides more flexibility for experimentation. Under the M-form, local managers are able to
ensure attribute matching across multiple dimensions, which makes it easier to carry out
local experimentation. In contrast, under the U-form, inter-organizational coordination
is needed to achieve attribute matching, which complicates potential experimentation
(Qian, Roland, and Xu 2006).

The vertical management reforms took place in a staggered fashion over an extended
period of more than two decades. See Appendix Table for a list of the ministries that
underwent the vertical management reforms and the years at which they took place.
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B Auxiliary data sources

We match our dataset on policy experimentations with several additional sources of data,
which we describe in detail below.

B.1 Biographical information of politicians

We collect detailed biographical information on the universe of Chinese central ministers
and local (provincial and prefectural) leaders during our four-decade sample period. For
each politician in our sample, we have information on his hometown, date of birth, level
of education, current job title, past work history, etc.

Following Wang, Zhang, and Zhou (2020), we estimate each politician’s ex ante pro-
motion prospect in each year, which is a flexible function of his age and official rank in
the bureaucratic system, and can be used as a proxy for his career advancing incentives.

Specifically, we estimate each prefectural city leader’s ex ante likelihood of promotion
in each year, as a flexible function of his age when starting the term/position, position
and official rank in the bureaucratic system. Our data documents observations across
4,980 terms of office, in 333 prefectural cities in China from 1985 to 2017. At the politician
level, we document his age, educational background, current hierarchical level in the
government, previous work experience and promotion status after the term.

As described in Wang, Zhang, and Zhou (2020), mandatory retirement age varies with
the hierarchical ranking of a city leader, so both the age and hierarchical level of city
leaders at the start of their office term largely determine their likelihood of promotion.
We therefore estimate the effects of initial age and hierarchical rank at the start of office
(start age and start level, respectively, and their interaction term) on promotion likelihood.

Specifically, we use a Probit model with the estimated coefficients to construct the
career incentive index as follows:

Upt = o1 {& - startagey; + B- level s + 4 - startagep; X levely} . (4)

Note that t here stands for term of office. The observational level is prefecture by term,
so the career incentive index we constructed will be a fixed value throughout a given term
of office. Appendix Table shows the estimated coefficients in the first stage. The first
two columns shows estimates by LPM and column 3 and 4 shows estimates by Probit.
The sign and magnitude of the estimated coefficients are consistent with Table 2 from
Wang, Zhang, and Zhou (2020).

B.2 Government organizational structure

We collect information on the organizational structure of all government ministries and
commissions in China in the past four decades. Following the definition of Qian, Roland,
and Xu (2006), we categorize each central ministry /commission as either an M-form orga-
nization or a U-form one. Some central ministries and commissions, such as the ministry
of foreign affairs, only operate at the national level and do not have local branches, and
are therefore not applicable to the M-form/U-form distinction.
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We also collect detailed information on government organizational reforms in China
during our sample period, which enables us to identify ten cases in which an M-form
ministry /commission switches into U-form after a certain year. The panel is unbalanced
due to ministry cancellations and mergers during this period. For ministries that merged
with each other, the unit of analysis is the eventually merged ministry throughout the
sample period.

B.3 Local socioeconomic conditions

We collect comprehensive panel data on regional socioeconomic conditions from the an-
nual statistical and economic yearbooks published by the national bureau of statistics,
which covers all the provinces, prefectural cities, and counties in China between 1993
and 2018. The data contains detailed information on economic growth, demographics,
and public good provision, and can be matched to the experimentation point status as-
signed by each round of the policy experiments.

B.4 Local fiscal expenditure

We collect county-level fiscal revenue and expenditure data from the National Prefecture
and County Finance Statistics Yearbooks between 1993 and 2006. The dataset covers all
counties in China, and provides detailed yearly information on fiscal revenue and ex-
penditure by each domain. Over our 14-year sample period, the definitions of the fiscal
expenditure domains changed several times, but six broadly defined domains remained
consistently reported every year: general administrative cost, infrastructure, economic
production, agriculture/forestry/fishing, science/culture/education/medicare, and oth-
ers. We thus focus on these six domains, and match every policy experiment during this
period to its most relevant fiscal domain.

B.5 Land revenue of the local government

We measure land revenue received by the local government, particularly those driven by
the amount of land suitable for real estate and commercial properties development and
local demand shocks. We use the interaction of both as an instrumental variable for the
land revenue income of local government, following Chen and Kung (2016).

We match land revenue data (based on Fiscal Statistical Compendium for All Prefec-
tures and Counties, from which data is available for the period 1999-2006, and the web-
site of the Land Transaction Monitoring System, http://www.landchina.com, for 2007-
2008 data) with geographic elevation data from United States Geographic Service (USGS)
Digital Elevation Model (DEM) at 90-meter resolution, which allows us to estimate the
percentage of land unsuitable for real estate development. Moreover, we match the land
revenue data with the housing price data from the Statistical Yearbook of Regional Economics
(2000-2009), which proxies for land demand. We used the interaction of both as an instru-
mental variable for the land revenue income of local government. The construction of
such instrumental variable follows essentially that of Chen and Kung (2016).
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B.6 Five Year Plans

We collected all the documents from the Five Year Plans issued by the State Ministry and
all its branches, which normally contain detailed economic development guidelines as
well as targets for all its regions. When a policy experimentation is mentioned in one of
the Five Year Plans, the central government demonstrated solid resolution to promote the
idea of the policy and track progress of its implementation.

B.7 Local political and social unrest

We compile data on episodes of political and social unrest throughout China from three
different sources: the China Strikes project (2002-2011), the China Labor Bulletin (2012-
2020), and the Global Database of Events, Language, and Tone (GDELT, 2014-2020), some
of the largest databases on political events. See https:/ /chinastrikes.crowdmap.com/ for
the China Strikes website, https://clb.org.hk/en for details of the China Labor Bulletin
data, and www.gdeltproject.org for details of the GDELT Project.
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C Organizational structure and experimentation tendency

While many factors could contribute to the patterns of the number of policy experiments
initiated over time, we next explore a particular set of factors related to the organizational
structures of the political bureaucracy and the compatibility of different structures with
the ability to coordinate and implement complex policy experimentation.

Theories in organizational economics distinguish between two particular types of or-
ganizations that may have first-order implications for the ability of the organizations to
coordinate experimentation. The multi-divisional form (or M-form) organizations consist
of self-contained units in which complementary tasks are grouped together. In the con-
text of political organizations, a typical M-form structure entails that local, say provincial
government, has jurisdiction over its own bureau of finance, bureau of labor, bureau of
agriculture, and bureau of education, etc. As a result, each provincial government can
function as a standalone unit and coordinate policies and tasks across bureaus within the
localities without necessarily the need to coordinate with other localities. In contrast, the
unitary form (or U-form) organizations are decomposed into specialized units in which
substitutable or similar tasks are grouped together. In the context of political organiza-
tions, a typical U-form structure entails that central government has jurisdiction over the
ministry of finance as well as its local bureaus in each province, for example. As a result,
policies related to finance can have a streamlined procedure for implementation as the
national finance ministry can directly coordinate its local counterparts in each locality.
In other words, the M-form organizations are more decentralized and flatter, while the
U-form organizations are centralized and vertical.

M-form and U-form organizations represent an organizational trade-off between flex-
ibility and efficiency. Under the M-form structure, local managers are able to ensure at-
tribute matching across multiple dimensions, making it substantially easier to carry out
small-scale yet complex experiments that may involve coordination across several arms of
the government. On the other hand, under the U-form structure, inter-unit coordination
is needed to achieve effective attribute matching, which complicates and hinders small-
scale experiments. However, the U-form organizations benefit from potential economies
of scale: policies are easy to scale up to the entire country under U-form organizations,
and standard decision-making can ensure that the same, compatible policies in a particu-
lar domain are implemented throughout the country.

Accordingly, one often observes M-form organization structure in government bu-
reaucracy for small government or government at earlier stage of the development, and
U-form organization for developed polities where gains from economies of scale may
outweigh flexibility. As described in Section the Chinese government has under-
gone a series of restructures of its organizations, moving away from M-form to U-form
across many ministries and government commissions, and shifting the control over the
ministries” personnel, funding, and property rights from the local governments to the
upper-level ministerial units.

We formally examine whether the M-form organizations in government bureaucracy
are better at facilitating policy experimentation, and U-form organizations are relatively
worse at coordinating and initiating such experiments. In particular, we identify the im-
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pact of a M-form to U-form transition on the number of policy experiments initiated by
the ministry or commission. Following an event study design, we estimate the following
specification:

Ymt = Y_ Dy Br+ Om + 0¢ + e, ©)
k

where y,;; is the total number of policy experiments initiated by ministry/commission
m in year t, and DF , is the years relative to ministry /commission m’s switches from M-
form to U-form. We include a full set of ministry/commission fixed effects (J,,), as well
as a full set of calendar year fixed effects (6;), allowing us to exploit variations within
ministry /commission and exploit the fact that different ministries/commissions went
through the M- to U-form transition in different years. The baseline specification clus-
ters the standard errors at the ministry /commission level.

Appendix Figure plots the non-parametrically estimated D¥, coefficients. Con-
sistent with the theoretical predictions, following the transition to U-form, we find that
the vertically managed ministries significantly decrease the amount of policy experimen-
tation they administer. The decrease is substantial in magnitude, representing a 59.4%
reduction in the number of policy experimentation initiated over the first three years after
the organization restructuring, relative to the average level just prior to the U-form transi-
tion. Suggesting a causal interpretation, we do not find any noticeable pre-trend leading
up to the U-form transition; in other words, there does not appear to be strategic timing
of the U-form transition targeting ministries or departments on particular trajectories in
terms of the policy experiments they initiated, neither are there substantial preemptive
experiments just prior to the transition away from M-form organization.

Taken together, the results presented above indicate that the flat, decentralized orga-
nizational structure provides the flexibility and relative easiness to coordinate, which in
turn facilitates policy experimentation. At least part of the decline in the number of ex-
periments in the recent decade that we observe is due to a shift away from the flat, multi-
division organizations of the state ministries to a more centralized structure that benefits
from the economies of scale, which may be an inevitable outcome as the development
reaches a relatively high and mature level. A simple back of the envelope calculation
suggests that one could attribute a reduction of five policy experiments per year to the
shifts of ministries to U-form. Though importantly, such a shift to U-form organizations
that benefit from the economies of scale may push against the increasing need for policy
experimentation, as reforms and the policy space become more complex and uncertain
with the social and economic development.
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D Potential reasons for positive selection

D.1 Unlikely explanations of the observed positive selection

What may explain the positive selection of experimentation sites? We next document a
number of stylized patterns that could help rule out certain explanations.

Ex ante policy uncertainty One may speculate that, depending on the ex ante uncer-
tainty that the central government holds toward each policy on trial, the specific objec-
tives of the experimentation could differ and thus justify the deviation from representa-
tive sample selection. Experiments on policies that the central government is more cer-
tain about rolling out to the entire country (captured by whether the central government
specifies a timeline for such national roll-out before the experiment starts) might not have
learning about policy effectiveness as the primary goal. However, when we separately
evaluate the degree of representativeness in site selection among experiments that are ex
ante certain and those that are ex ante uncertain (see Table [I, Panel D), we find that the
site selection bias among ex ante uncertain policies is in fact substantially higher (average
t-statistics = 2.95) than that among ex ante certain policies (average t-statistics = 2.12).

Complex experiments Positive selection of experimentation sites could be justified if
richer localities — often represented by better local governance and administrative capac-
ity — may be better at carrying out the demanding trial policies and thus provide more
precise signals on the policy effectiveness. Such justification for positive selection could
be even stronger for complex experiments, for example, those that involve coordination
and collaboration across multiple ministries and local government bodies. Nonetheless,
as shown in Table 1, Panel E, we observe that the site selection among experiments that
are less complex, involving a single ministry or commission, deviates (slightly) further
from representative than those that are more complex, multi-ministerial experiments (av-
erage t-statistics = 2.84 vs. 2.65, respectively).

Eventual scope of policy roll-out Positive selection of experimentation sites could also
be justified if the intended geographic scope of the eventual policy is limited to richer
localities. While the vast majority of the policy experiments initiated by the central gov-
ernment concerns national policies, there exist different degrees of flexibility in regional
targeting across policy domains. Table[l| Panel B presents the results of the representative
tests for experimentation across policy domains. We observe that experiments on policy
domains such as market supervision that are more likely to be nationally uniform are
more positively selected (average t-statistics = 3.22) than domains such as agriculture that
are more flexible in terms of sub-national targeting (average t-statistics = 1.98).

D.2 Political sources of deviation from representative sample selection

Could positive selection occur even if the central government genuinely intends to con-
duct representative experimentation, as suggested by the National Development and Re-
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form Commission? Does the central government have alternative goals or constraints that
prevents it from executing representative sample selection? In this section, we investigate
the political factors that lead to the sample selection.

Local politicians’ career incentives We first examine how the prefectural leaders’ in-
centives for career advancement affect their participation in policy experimentation.

A number of patterns suggest that local politicians” incentives to positively represent
the results of policy experiments indeed play a role in generating positive site selection.
First, on average, participation in successful policy experiments is associated with a 22.3%
increase in promotion probability for the corresponding local politicians (see Appendix
Table ??). When local politicians are facing stronger career incentives in a certain year,
they may have stronger motives to improve their portfolio of political achievements, in-
cluding through participation in important and successful policy experiments (Wu [1995;
Huang 2000). Second, we find that the deviation from representativeness is not nearly as
severe at the province level, as compared to the choices of specific prefectures and coun-
ties to be the experimentation sites (see Table [1, Panel C). Third, experiments are closer
to being representative if the site selection is assigned by the central government directly
rather than involving voluntary participation by the local government (see Table |1, Panel
F).

To test this hypothesis more formally, we follow Wang, Zhang, and Zhou (2020) and
estimate each prefectural city leader’s ex ante likelihood of promotion in each year, as a
flexible function of their age (relative to retirement) and official rank in the bureaucratic
system (capturing the potential for upward mobility); Appendix [B.1| provides details of
the construction of this measure.

Then, we estimate the following econometric model by exploiting within-prefecture
changes in leaders’ political incentives:

Ypt = & - Incentive, + X;,t B+ 0y + 0+ ept, (6)

where Ypt 18 the number of policy experiments in prefectural city p in year ¢; I ncentivep is
the estimated promotion incentive index for the political leader of region p in year t; and
X;t is a vector of time-variant regional control variables. Importantly, we control for full
sets of region fixed effects and year fixed effects (6, and 0;, respectively), thus identifying
the political incentive effects from within-prefecture, across-year discontinuous changes
in career incentives, due either to politicians” aging and changes in their opportunities for
promotion or to local leaders’ routine turnover.

As shown in Appendix Table[A.27 Panel A, when the prefectural leaders have stronger
promotion incentives, the corresponding localities engage in significantly more policy
experiments. This result is robust if we adopt an alternative definition of career incen-
tives exploiting the jump of promotion probability at the age cutoff 58. In Appendix
Figure we estimate a standard regression discontinuity model,

Yir = &+ TDjt + B1(Xit — 58) + BoDir(Xir — 58) + &t
where Yj; is the total number of policy experiments that prefecture i carries out in year
t, and Dj; is a dummy variable capturing whether the prefecture leader hits the age limit.
Figure plots the results. Consistent to our findings in Table we find the
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politicians with lower promotion incentives participates in less policy experiments. The
RD point estimate is -0.267** (0.122).

Reassuringly, we do not observe similar effects with the promotion incentives among
the preceding politicians who should not have direct influence on subsequent engage-
ment in policy experiments (see Appendix Table [A.28). Moreover, such effects of pro-
motion incentives are almost entirely driven by policy experiments initiated by M-form
ministries (see in Appendix Table . Since the U-form ministries are directly admin-
istered by the central government, the local politicians would have neither capacity nor
incentives to influence experiments initiated by U-form ministries (as compared to those
initiated by M-form ministries). This is because U-form initiatives are not under the juris-
diction of local governments, and, as a result, local politicians receive less credit for suc-
cessful experimentation. This pattern also suggests that our findings are unlikely driven
by omitted confounding factors: an omitted factor could confound our results only if it
were correlated specifically with policy experiments initiated by M-form ministries.

Political patronage Misaligned incentives could also be present within the central gov-
ernment — between the policy experimentation coordination bodies such as the National
Development and Reform Commission and the specific ministries in charge of the experi-
mentation. Given the potential political rewards associated with successful policy experi-
mentation, political patronage — prevalent in China’s political system (Fisman and Wang
2015} Fisman et al. 2020) — could also shape the selection of experimentation sites, due
to reasons such as favor exchange, higher trust among political patriots, and ministers’
better control over local implementation.

To investigate this hypothesis, we exploit the inter-temporal changes in a region’s con-
nection to each ministry caused by the turnover of ministers at the central government
level. Specifically, we define a province as connected to a ministry if the current minister
used to work full-time in that province before becoming the minister. To the extent that
the local governments cannot influence the appointment of central ministers, the turnover
of ministers can be regarded as exogenous shocks to the province-ministry connections.

We estimate the following econometric model using ministry-province-year level data:

Ympt = & - Connectionypt + Smp + 0t + Empt, (7)

where Yy, is the number of experiments assigned to province p by ministry m in year
t; Connectionmpt is a dummy variable indicating whether the minister of ministry m in
year t used to work full-time in province p; and 6; is year fixed effects. Importantly, we
include 4;,p, province-by-ministry fixed effects, which isolate the changes in a locality’s
connection to a particular ministry driven by minister turnovers.

As shown in Table Panel A, when a region becomes connected to a minister,
the number of experiments assigned to that region increases immediately by 28.8% The
effects are almost entirely driven by cases where the central ministry directly assigns the
experimentation sites, while there is no comparable effect when the experimentation sites

2. In Appendix Figure we plot the event study estimates around ministers’ turnover. The absence
of a pre-trend suggests that being connected to a ministry due to turnover of a central minister is indeed
likely to be orthogonal to the counterfactual trajectories of local governments’ experimentation behaviors.
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are selected via voluntary participation (see Appendix Table|A.23). This suggests that the
political patronage in experimentation site selection works through top-down favoritism.

Accounting for observed positive selection Overall, the factors associated with mis-
alignment across the political hierarchy could account for nearly 50% of the positive se-
lection in experimentation sites that we observe. We provide several quantitative assess-
ments of these factors in contributing to site selection in Appendix
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E Optimal experimental design simulations

In addition to learning about the true underlying treatment effects and persuading other
agents who might hold different priors, the central government as a decision maker may
carry alternative objectives. If this is the case, then the unrepresentative roll-out of ex-
periments may be justified. We conduct a quantitative exercise to examine that if we
incorporate two specific objectives — the central government caring about subjective ex-
pected utility from the policy, or about the welfare of the experimentation sites — how
much of the positive selection that we observe can be justified.

For the following simulations, we use data from three policy experiments with t-
statistics on GDP per capita at the 25th, 50th, and 75th percentiles: (1) "Reform of Com-
prehensive Administrative Law Enforcement System for Business" (t-stat = 0.08), (2) "Na-
tional Care and Service System for Left-behind Migrant Children in Rural Areas" (t-stat =
0.53), (3) "Tax Classification and Coding of Goods and Services" (t-stat = 8.52).

E.1 Simulations with ambiguity aversion following Banerjee et al. 2020

Overview First, we examine the incentives of subjective expected utility, in addition to
learning and persuasion. Following Banerjee et al. 2020, we simulate the optimal exper-
imentation design, parameterizing the model based on the experimentation setup and
estimated heterogeneous treatment effects from Section ??. As predicted by Banerjee et
al. 2020, when the decision maker (central government) places heavier weight on its sub-
jective expected utility, deterministic experimentation becomes more justified than ran-
domization. However, even if we place 100% of the weight on the decision maker’s sub-
jective expected utility, the optimal design of the deterministic experimentation would
only induce positive selection with mean t-stats = (0.006, 0.051, -0.006) for each of the
three experiments, which is substantially lower than the positive selection that actually
occurs. Under reasonable assumptions, motivations to maximize subjective expected util-
ity alone is not able to justify the level of deviation from representativeness in experimen-
tation site selection that we observe.

Banerjee et al. 2020 present a model wherein a decision maker (DM) must balance
maximizing their own subjective expected utility, a function of the DM’s priors, against
maximizing expected utility for others with potentially hostile priors.

Specifically, the DM aims chooses experimental design € and allocation rule « (a map-
ping of experimental data to policy decision) to maximize the decision problem (DP):

MEpg,elu(p, a(e,y))] + (1= A) minEy, e [u(p, ae, y))]

where H is the set of all relevant priors, hy is the DM’s own prior, p is a vector of treatment
effects conditional on covariates, (e, y) is the allocation rule dependent on experimental
assignment ¢ and outcome data y, u(p,«) is the average treatment effect of the policy,
and A € [0,1] a parameter controlling how much the DM values their own utility relative
to satisfying other priors. Thus, pure subjective utility maximization is the case where
A =1
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We simulate the optimal experimental design for each of the three policy experiments
with the following procedure:

1. We first compute the vector of treatment effects p for each county that receives treat-
ment, using a difference-in-difference specification with controls for pre-experiment
GDP and province fixed effects. There are (49, 946, 138) counties that receive treat-
ment during the first waves for the three experiments. Using these treatment effects,
we then impute treatment effects for the non-treated group based on the covari-
ates GDP and province. The total sample consists of 2,010 counties, and the mean
treatment effect is an increase in GDP per capita of (6.00%, 17.75%,4.90%) over the
pre-period quantity (s.d. = (17.00%,28.88%, 25.90%)).

Since the number of covariates influencing the outcome must be larger than the size
of the treated sample (otherwise, the experiment may be sufficient to characterize
the effect of the covariates and perfect information is attained), we split the pre-
experiment GDP into 2,010 bins corresponding to the 2,010 counties.

2. Next, we construct the space of priors H. Each prior h, consists of 10 sub-priors
ps € hp which are equally weighted in likelihood. Each sub-prior consists of 2,010
expected treatment effects (one per county) subpriorp, . € h, € H, following the
data generation process:

subpriorp,c = e+ Vps +1poe ¥ ~ U[=2B,2B],17 ~ U[—Bmax, Bmax]

where p; indexes a particular sub-prior, ¢ indexes a county,  is the true treatment
effect, B the mean treatment effect, and B,y the largest observed treatment effect.
Hence, the sub-prior can be broken into three terms: the true treatment effect S,
an idiosyncratic bias on the effect of the treatment for each prior Yps and random
noise 177,,.. Hence, the expected value of each sub-prior’s treatment effect is the true
treatment effect We construct 1,000 priors to form H and run the simulation with
the DM holding each of these priors as their own (hg) with the other priors treated
as hostile.

3. Then, we construct the space of potential solutions to the DP. A solution to the DP
consists of an experimental design € and an allocation rule a. Each experimental
design randomly draws counties equal to the number of counties treated under the
real experiment for treatment. 1,000 of these experimental assignments are gener-
ated in the simulation. The allocation rules take the form

a(e,y) =17 +6> 7]
where 7!, 7° are the mean outcome for the treated and non-treated groups respec-
tively, and ¢ is a parameter that can be adjusted to characterize different potential
allocation rules. 5 values of § : {—28,—p,0, 8,2} are selected to construct 5 alloca-

tion rules. Thus, there are 1000 designs X 5 allocation rules = 5,000 random potential
solutions to the DP.

3. We formulate priors as being composed of discrete sub-priors rather than a continuous distribution
for computational feasibility.
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4. Once the priors and potential DP solutions have been constructed, we proceed
to maximize the DP by finding the optimal solution for each prior h € H. We
solve eleven versions of the DP for each prior, corresponding to A € {{5|x €
{0,1,...,10}}. For each of these (deterministic experimental design) solutions, we
then compare its expected value to the expected value under the RCT experimental
design (where the set of sampled experimental designs is taken as representative of
the total), and select whichever is higher as the optimal solutionﬁ

5. Once an optimal experimental design has been found for each prior, we compute
t-statistics for group balance under the design and store it.

6. For each set of parameters, we repeat steps 1 - 5 for 1000 times total, given that
the priors (and treatment effects under the general experiment case) are randomly
generated.

The results from these simulations are displayed in Figure Mean t-statistics are
(0.006, 0.051, -0.006) for the Law enforcement for business, Care for left-behind children,
and Tax classification policies respectively.

Differential quality of information: Selection of experimentation sites may be influ-
enced by the fact that counties may be differentially capable of running experimental
policies, resulting in differential quality of the informational signal arising from selected
counties for treatment. Given that richer counties typically have more government capac-
ity and ability to execute on complex policies, we extend the Banerjee model to include
this concern of differential quality by scaling the treatment effect by the county’s GDP
relative to the maximum, so that TEygjystedc = TEC%.

The results from these simulations are displayed in Figure Mean t-statistics are
(-0.001, 0.001, -0.001) for the Law enforcement for business, Care for left-behind children,

and Tax classification policies respectively.

Experimental subject consent: If an experimental policy allows for subjects to opt-in
(or opt-out), this may also induce selection in counties treated. We model this considera-
tion in the simulation by only selecting treatment sites where the true treatment effect is
greater than OH

The results from these simulations are displayed in Figure Mean t-statistics are
(0.162, 0.052, 0.862) for the Law enforcement for business, Care for left-behind children,
and Tax classification policies respectively.

4. In practice, the expected value of the optimal experimental design and RCT may be equal for a given
prior due to the discrete nature of the prior distribution. In these cases, we assign the ‘indicator” variable
for optimal RCT vs. deterministic design a value of 0.5 and take the t-statistic from the deterministic design.

5. This places a strong assumption that counties know the true treatment of a given policy: introducing
noise would weaken selection effects.
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E.2 Simulations with welfare considerations following Narita 2021

Overview Second, we examine how the optimal experimentation design would change
if the decision maker incorporates considerations over the welfare of the experimentation
sites. Narita 2021 demonstrates that deviation from full randomization may be justified
when the sample size is finite, and there exists sufficiently large heterogeneous treatment
effects as well as heterogeneous welfare from receiving the treatment policy (either cap-
tured as experimentation subjects” willingness to pay, or benevolent social planners’ wel-
fare weights across subjects). We again simulate the optimal experimentation design,
parameterizing the model based on the experimentation setup and estimated heteroge-
neous treatment effects from Section ??. We find that the central government would have
to place almost the entirety of its welfare weights on the locations that were selected as the
experimentation sites in the early waves in order to justify the observed degree of positive
selection, suggesting that the observed positive selection of experimentation sites could
be optimal only if extreme ex ante inequality is inherent to central government’s objective
function.

Narita 2021 presents a model that incorporates the welfare of subjects into the exper-
imental design process. Specifically, alongside the DM’s priors on predicted treatment
effects, subjects also have their own willingness to pay for each treatment. This infor-
mation is used to construct the Experiment-as-Market (EXAM) design, which provides a
price-discriminated competitive equilibrium such that:

1. Subjects are given a budget b, so that the price of a treatment 71;, = xe + B; is de-
creasing in predicted treatment effect e for each treatment ¢ (which in our case is
simply a treatment and control). Thus, a solution must have & < 0

2. Subjects maximize utility, satisfying
(Pi)t € arg maxpiepztpitwif st. XipuTtie, < b

where i indexes a subject, w;; is the subject’s willingness to pay for a treatment, and
pir is the probability that the subject i receives treatment ¢.

EXAM holds two nice properties, namely that (1) no other experimental design Pareto
dominates EXAM in expected treatment effect or WTP, and (2) any parameter estimable
without bias under RCT, including the ATE, is also estimable without bias under EXAM.
The general algorithm to find the EXAM equilibrium is laid out in Appendix 3B of Narita
2021.

We follow the same algorithm to find the equilibrium probabilities of treatment, using
treatment effects as described in step 1 of Section [E.T and willingness to pay following:

{0 for t = control
ct —

ﬁc + ;7C 77 ~ u[_ﬁmux, ﬁmax] fOI‘ t = treatment
Furthermore, counties are endowed with a budget b; whose valuation follows the pdf
of the distribution Beta(d,10 — ) where 1 < § < 10. Given that the beta distribution

only has a support on [0, 1], GDP values are scaled according to the formula: GDPs¢yj0q =

G%%i;fg g"p”'zm and the budget allocated to a county i is therefore b; = Beta(d,1 — ) (GDPygreq.i)-
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Higher values of 4 give a greater budget (and place more welfare weight) on counties with
a greater GDP per capita, while a § = 5 valuation has no bias towards wealthier or poorer
counties.

We generate 1,000 sets of WTPs using this data generation process and compute the
set of optimal (p; ;) that clear the market. For each set of optimal prices, we generate 1,000
experimental assignments based on the implied probability of treatment and compute the
mean t-statistic for this set of WTPs. Appendix Figure shows optimal t-statistics for
simulations calibrated using three different policy experiments conducted in China.
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F Accounting for positive selection of experimentation
sites

We argue that those political distortions indeed constitute a substantial part of the devi-
ation from representative experimentation. To quantify the exact magnitude of deviation
caused by those political concerns, we constructed a policy by prefecture dataset pooling
all those features we explored in the previous sections, including political patronage, ca-
reer incentive, and political unrest (from Section . For the baseline, we estimate the
following econometric model using policy-prefecture level data:

Yep = & - Ingdppeep + Distortions/cpﬁ +vp + €cp- 8)

Appendix Table shows the marginal effect of Log GDP per capita on the prob-
ability of being chosen as an experiment site. Positive selection bias is observed across
columns. In columns 2 and 4, when those political distortions are controlled, the regres-
sion coefficients reduces to only half the amount without controls.

To answer this question from another direction, we ask ourselves how much deviation
political distortions actually brings us. We begin with estimating a similar model as Equa-
tion |8, but without the explicit GDP per capita term. We then do a back-of-the-envelope
calculation computing the prior probabilities (the propensity scores) of prefectural units
receiving chances of experimentation given their level of distortion.

Appendix Figure Panel B shows the distribution of ¢ statistics of the representa-
tive test, as described in Section 5.1} when we assert a non-stochastic version of treatment
assignment mechanism. In this setting, those prefectural units with the top k propensity
score get chosen as experimentation spots, where k corresponds to the number of sites
chosen for each policy at status quo. Compared with our baseline specification shown in
Appendix Figure Panel A, we observe positive selection bias of even greater mag-
nitude. This is consistent with the strict nature of the non-stochastic assignment of policy
experimentation.

Moreover, we plot the distribution of ¢ statistics of the representative test, when we
assign experimentation sites in a stochastic fashion, according to their fitted propensity
scores within each policy. For simplicity, we assume the sampling procedure is i.i.d., and
the number of experimentation sites remains the same as that chosen at status quo. We
conduct 1,000 simulations and plotted the pooled results in Appendix Figure Panel
C. This specification is most similar, in general ideas, to the regression presented in Table
confirming the idea that all distortion factors we identified explain almost half of
the selection bias of policy experimentation.
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G Political incentives and differentiation during
experimentation

In addition to the increased domain-specific fiscal expenditure during experimentation
(as presented in Section [f]), we examine whether local politicians with stronger career in-
centives differentiate their implementation activities more during trial policy implemen-
tation. Differentiation can signal effort and potentially earn political credit as a “model
experimentation site.’ﬁ

In order to capture local politicians” differentiation, we measure the extent to which
local politicians issue policy experimentation documents that are distinct from the ones
issued by other politicians participating in the same experiment. Specifically, we con-
struct pairwise text similarity among documents issued by local governments on the cor-
responding policy experiment, calculated using SimilarityNet, Baidu’s state-of-the-art al-
gorithm for short-text similarity scoresﬂ This exercise follows Bertrand et al. (2020) and
Acemoglu, Yang, and Zhou (2021) in spirit.

Short Text Semantic Matching (SimilarityNet, SimNet) is a framework for calculating
the similarity of short texts. With a standard input-representation-matching layer struc-
ture, it can calculate the similarity score based on two texts input by the user. It mainly
includes BOW, CNN, RNN, MMDNN and other forms of core network structure, pro-
viding semantic similarity computation training and prediction framework. It is widely
used in actual scenarios including information retrieval, news recommendation, intelli-
gent customer service, and so on.

To motivate our measure, we take the Carbon Emission Trading (CET) policy (See Sec-
tion for details) as an example. In this example, we start with the Interim Measures
for the Administration of Carbon Emission Trading in Shenzhen (2014), one of the first batch
of regulations issued by the local government after the CET experimentation. This stands
as a good example because it enables us to compare vertically with a later version of the
exact policy issued by the same locality: Measures for the Administration of Carbon Emission
Trading in Shenzhen (2022) (similarity score = 0.91), and horizontally with the (first) CET
regulation documents issued by other localities that participates in the experimentation.
(e.g. Fujian, 2018, similarity score=0.869; Chongqing, 2023, similarity score=0.885). This
echoes with our prior that across-regional variation of policy details is usually larger than
within-region across-time variation, because the latter comes with some bureaucratic per-
sistence.

As a placebo exercise, we also test the pairwise similarity between our baseline policy
document with a set of "irrelevant" policies. Albeit discussing a variety of themes, it could
be the writing of the bureaucrats and secretaries, or the irrelevant higher-level slogans
that drives the similarity pattern. To rule out this possibility, we take a random sample of
100 irrelevant policy documents and plot the distribution of pairwise similarity indices.
Figure|A.35/shows that non of the placebo tests generate a similarity index larger than the

6. When a policy experiment turns into a national policy, the central government typically selects one of
the better-performing experimentation sites as a model site, whose experience in implementing that policy
will be promoted to the rest of the country.

7. Versions: paddlepaddle==2.3.2, simnet_bow==1.2.1
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baseline document pair (indicated by the dashed grey vertical line). It suggests that our
measure does seem to be capturing the most important margin relevant to our research.

After constructing pairwise text similarity across documents issued by the local gov-
ernments for a specific experiment p, we measure each local government i’s similarity
with its peers that have participated in the same experiment in a previous wave, using
the maximum similarity score among these pairs (y;,). We estimate the following econo-
metric model:

Yip = o - Incentivey, + BXj, + Ai +0p + vt +€ip,
where Incentive;, is the politician’s career incentives, as in Section X{p is a set of
controls for the politicians (educational attainment and career experience in the central
government); A; is a full set of locality fixed effects; J, is a full set of policy experiment
fixed effects; and <; is a full set of year fixed effects. Similarly to the exercise in Ap-
pendix we exploit variations in politicians’ career incentives due to the timing of the
experiments and their age relative to retirement.

The results are presented in Appendix Table We observe that, when local politi-
cians have strong career incentives, they tend to differentiate more than their colleagues
in terms of implementation details, reflecting an increase in local politicians” efforts to
achieve good results in the experiment

8. Such differentiation may be sub-optimal — for example, if policy solutions that are proven effective
had already been tried out by their peers in previous waves of experimentation. However, we do not have
evidence to evaluate the optimal level of differentiation during policy experimentation.

A.20



H Accounting for the magnitude of positive selection
selection and strategic efforts’ impact on national
policy roll-out due to naive inference

We have shown that the central government is not fully sophisticated in evaluating pol-
icy experiments: it cannot fully separate the influences of exogenous shocks to the exper-
imentation sites that are unrelated to the policy experiments, such as windfalls of fiscal
revenue and unexpected boosts of local political incentives. In this section, we ask, if the
central government exhibits the same levels of errors with respect to the previously doc-
umented patterns of positive site selection (Section 5) and endogenous effort (Section [p),
to what extent would these patterns affect national policy roll-out decisions?

Assuming that the central government exhibits the same levels of mis-attribution er-
rors for experimentation site selection and endogenous efforts, as they do for exogenous
shocks such as fiscal windfalls and political rotations, and assuming that all the estimated
effects can be extrapolated linearly, we conduct simple back of the envelope calculations
to gauge the magnitude of potential biases in policy learning and policy choices originat-
ing from biased non-representative policy experimentation.

We start by estimating the elasticity of policy roll-out with respect to fiscal expendi-
ture, leveraging our estimates from Table [3| Panel A, Column 3. During our sample pe-
riod, land revenue accounts for 22.7% of total fiscal revenue. Our IV estimate thus informs
us that a 1% increase in land revenue in an experimentation county, which translates into
a 0.227% increase in total fiscal revenue, leads to a 0.009 percentage point increase in roll-
out probability. We thus know that a 1% increase in fiscal revenue in an experimentation
county is correlated with a 0.04 percentage point increase in roll-out probability. We then
multiply this number by the median number of counties participating in a policy exper-
iment (18), thus obtaining an estimated elasticity of policy roll-out with respect to fiscal
revenue increase of 0.72.

Using this elasticity, we calculate the impacts of fiscal revenue increase from two
sources - positive selection that occurs prior to the start of the policy experiment, and
endogenous effort during the experimentation period. In the former scenario, we focus
on the county-level experiments to consistently use the estimated coefficient from the
land revenue exercise. There’s a 20.5% difference between the average fiscal revenue in
the pre-experimentation period between the treated units, versus the control units. Link-
ing this number to the estimated elasticity, the inflation in national roll-out rate related to
the observed level of positive selection, through the channel of fiscal revenues, would be
20.5 x 0.72 = 14.76 percentage points.

For the second channel (endogenous fiscal input), we use the estimates in Appendix
Table to compute the average increase in total fiscal expenditure driven by experi-
mentation participation. We observe a 8.1% increase in total fiscal expenditure for each
additional policy experiment. Linking this number to the estimated elasticity, we calcu-
late that, the total bias related to the observed level of endogenous efforts, through the
channel of fiscal revenues, would be 8.1 x 0.72 = 5.83 percentage points.

Similarly, we also calculate the impacts of political incentives on policy roll-out. Ac-
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cording to the interaction-term coefficient in Table (3| Panel B, Column 3, a 0.01 unit in-
crease in an experimentation site’s local political incentives would increase the overall
roll-out likelihood by 0.0015. Linking this number to the average number of experi-
mentation sites per experiment (21), as well as the baseline average difference in polit-
ical incentives between experimentation and non-experimentation sites (0.006), we calcu-
late that the positive selection in political incentives would inflate policy roll-out rate by
15.1 x 0.006 x 21 = 1.9 percentage points.

A cautionary note is that, in addition to the typical linearity assumptions made in
such back-of-the-envelope calculations, the exercises above also hinge on the assumption
that the central government exhibits the same levels of errors for experimentation site
selection and endogenous efforts as they do for exogenous shocks such as fiscal windfalls
and political rotations.
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I Additional figures and tables
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Figure A.1: This county-level map plots the spatial distribution of policy experiments in China.
We add a count towards a county if either itself or its corresponding prefecture/province serves
as an experimentation site for each policy experiment.
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Figure A.2: This figure plots the share of policy experiments in each year that has a voluntary
sign-up process for experimentation sites. We look for keywords and signs of voluntary sign-up
in the first / main central document of each policy experiment.
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Lo Proportion of successful policies over time
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Figure A.3: This figure plots the share of successful policy experiments in each year. A policy
experiment is defined as a “success" if we see evidence from a central government document that
it eventually rolled out to the entire nation.
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08 Proportion of successful policies over time
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Figure A.4: This figure plots the share of successful policy experiments in each year. A policy is
defined “success” if it is adopted by 2/3 of the provinces during and after the experimentation.
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Figure A.5: These figures plot the count of policy experiments over time, by policy domains.
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Figure A.6: This figure plots the share of policy experiments in each year that has detailed
timelines of roll-out delineated in the first and main experimentation document. We consider
these experiments as relatively more ex ante certain.
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Figure A.7: This figure plots the share of policy experiments in each year that requires
multi-department cooperation. For those policies, more than 1 ministry posted policy documents
to lay out details about the experiments.
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Figure A.8: This figure plots the share of non-representative policy experiments in each year.
Non-representativeness is defined in Section
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Figure A.10: Across panels we present a variety of robustness checks for positive selection
patterns. The first three panels test on domain-specific outcomes on a subset of relevant policies.
Specifically, in panel A we use agricultural outputs as outcome variable and focus on agricultural
policies. In panel B we treat fiscal revenue as outcome variable and focus on tax policies. In panel
C we test on population balance focusing on the subset of population and healthcare policies. In
panel D, we return to the full sample. But instead of using locality-level fiscal revenue we focus
on locality-domain-specific fiscal expenditure, which is more granular and relevant for the
experimentation. In panel E, we distinguish between pro-poor and pro-rich policies and
reproduce the baseline t-test. Pro-poor policies are defined as a subset of policies in which certain
keywords such as "Anti-poverty", "Poor", "Rural areas", "Agriculture" are mentioned. The next
four panels illustrates the robustness of our metric via the distribution of weighted t-stats.
Specifically, in panel F we weight the fiscal revenue by the rural population of each locality and
focus on the subset of agricultural policies. In panel G we weight the fiscal revenue by the
number of firms focusing on the subset of commerce and business policies. In panel H we weight
the fiscal revenue by population focusing on the subset of population and healthcare policies.
And finally, in panel I we weight the full-sample fiscal revenue on inward-migration rate to
account for the possiblity that differential weights are given to localities with more
inward-migration trends. The level of inward migration is computed using 2000 and 2010
census. We only included 15-64 year olds in the sample and excluded students to compute
prefecture-pair level migration flows, and divide them by the levels of population in 2010.
Prefectural codes are mapped to 1991 versions.
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Figure A.11: These figures plot cumulative distribution of p-values from permutation tests. For each
experiment, we randomly permute the treatment vector 500 times and compute the likelihoods of our
observed statistic ©® exceeding its counterparts. In the upper panel, we use difference in means and
difference in medians. In the middle panel, we use t-statistics on GDP per capita and fiscal revenue. In the
last two figures, we choose © to be the regression coefficient 3 from the following specifications,
respectively: Z; = a 4 BX; +¢;, and Pr(Z;) = W For each perturbation of our treatment

assignment mechanism, we can estimate a different f. If pre-experimentation characteristics have enough
predictive power on site selection, 3 estimated by observed treatment vector Z should be greater than
most of the 3 estimated by perturbed treatment vector Z. The corresponding statistic should follow a
uniform distribution across treatment assignment mechanisms, so the p-value equals the percentage of
extreme values throughout permutation that are greater than the original 8. The dotted lines indicate cases
where p-value = 0.05. We can reject at least 60% of all experiments being randomly selected.
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Fiscal allocation and experimentation participation
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Figure A.12: This figure plots the event study estimates on the increase of fiscal expenditure in a
specific domain after the county participated in an experiment in the corresponding domain. The
sample period is 1993-2006. If there are multiple experiments within the same county-domain
block, we only count the first one. The regression controls for a full set of county x domain fixed
effects, calendar year x domain fixed effects, and calendar year x county fixed effects.
Specifically, we estimate the following regression: v = Y., D, - Bm + Ait + O + Oi + €kt
standard errors are clustered at the county level. The sample is balanced around the event time.
We present the TWFE version as baseline, and also adjustments according to Sun and Abraham
(2021) for robustness.
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Figure A.13: This figure plots the point estimates and confidence intervals of ivy, vy, 1, and ivs 4,
in a unified first stage land revenue regression. We control for county and year fixed effects.
Specifically, we estimate a set of f3;s from a regression

Land_revenuey = B1iv;; + B2ivi 11 + B3iviss + X,p + i + vt + €ir. As we can see, iv; is strongly
correlated with land revenue;t, while the lead terms of the IV have no predicting power on land
revenue;t. Standard errors are clustered at the county level.
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Potential shrinkage of experimentation effects, Kernel density of
controlling for selection and incentives (national effect-experiment effect) / experiment effect
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Figure A.14: These plots demonstrate how policy effects shrink between the experimentation and
roll-out stages. In Panel A, we plot policy effect during national roll-out (y-axis) against
experimentation effect of the same policy (x-axis), both residualized by the number of
experiment sites. In Panel B, we compute the the difference between residualized policy effect
during national roll-out and residualized policy effect during experimentation, and then took its
ratio over the residualized policy effect during experimentation, and plot its distribution.
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Experiment effects predicting national outcomes with various weights

1.0 +
P 0.8 -
C
9]
o
& 0.6
@
o
(9]
S
% 0.4 4
wn
o
(o)}
()
@ 0.2

0.0 - a5

0 25 50 75 100

full weights on national average full weights on

experimentation sites outcomes non-experimentation sites

Weights on non-experimentation sites

Figure A.15: On two ends of the spectrum are two extreme configurations: to the left, we place
the entirety of the weight of the policies” national effects on those experimentation sites — thus,
the predicted regression coefficients are 1, by construction. To the right end of the spectrum, we
place the entirety of the weight of the policies” national effects on those non-experimentation
sites. The mid-point of the spectrum represents equal weights across all localities in the country,
and the x-axis represents continuous variations from one end of the spectrum to the other in the
weighted national policy effects
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Figure A.16: This figure plots the correlations between naive ATE estimates and policy rollout
parallel to Figure 4] Instead of computing average treatment effect with GDP per capita, which is
prone to mis-reporting and manual inflation, we use two alternative measures that are harder to
manipulate — fiscal revenue in Panel A, and nightlight luminosity index in Panel B.

The nightlight luminosity index is constructed following Martinez (2022), where we obtained
satellite stable-light images from NOAA websites from 1992 to 2013 in TIFF format. In the raw
images, each pixel corresponds to a 30 arc-second grid, with an approximate pixel size of 0.86
square kilometers at the equator, and it is coded as a discrete luminosity index from 0 to 65. If
there are multiple satellites in the airspace, we take the average across images. We aggregate
those indices to prefecture level in China by taking the average across prefecture shapefile
boundaries. We then treat them as GDP per capita equivalents and follow the exact empirical
specifications as we did in Figure ] Panel A.
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(b) Panel B. Night light luminosity
Figure A.17: These figures plots the policy effect shrinkage between experimentation stage and
roll-out stage using alternative measures: local fiscal revenue in Panel A, and nightlight
luminosity index in Panel B. In Panel A, we plot policy effect during national roll-out (y-axis)
against experimentation effect of the same policy (x-axis). In Panel B, we compute the the
difference between policy effect during national roll-out and policy effect during
experimentation, take its ratio over the experiment effect, and plot its distribution.
The nightlight luminosity index is constructed following Martinez (2022), where we obtained
satellite stable-light images from NOAA websites from 1992 to 2013 in TIFF format. In the raw
images, each pixel corresponds to a 30 arc-second grid, with an approximate pixel size of 0.86
square kilometers at the equator, and it is coded as a discrete luminosity index from 0 to 65. If
there are multiple satellites in the airspace, we take the average across images. We aggregate
those indices to prefecture level in China by taking the average across prefecture shapefile
boundaries.
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Figure A.18: National treatment effect deflation for policies targeting short-run effects. We define
short-run policies by looking for keywords specifying specific date of evaluation or roll-out in all
the experimentation-related documents. And that date has to be less than or equal to 3 years. The
empirical specification follows exactly Figure
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Figure A.19: This figure presents the correlation between the precision of estimation, and the
policy effect deflation. On the x-axis, we compute the gap between synthetic control estimator
and naive estimator of experimentation effect; on the y-axis, we compute the gap between policy
effect during national rollout and that during experiment effect. We retrieve our synthetic control
estimator a la Xu (2017) matching on prefectural-level fiscal income, GDP per capita, and
politician career incentive.
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Representative test stratified by province
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Figure A.20: This plot presents representative test of experimentation sites in the county fiscal
empowerment reform. We conduct stratified Fisher randomization tests with student-t statistics
and provincial strata. Within each province, we view counties that engage in the experimentation
for the first time as units of the treatment group, the rest as control. Provincial level t-statistics are
weighted and standard errors are estimated based on Miratrix, Sekhon, and Yu (2013). The grey
horizontal lines indicate the asymptotic 95% confidence intervals within which representative
assignment of experimentation sites cannot be rejected.
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Event study adjustments
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Panel B: Counties after 2007

Figure A.21: This figure plots the effect of county fiscal empowerment reform on
experimentation sites” local GDP per capita. Specifically, we estimate the following event study
model for county cin year t: y. = ) th - Bk + ¢ 4 0¢ + €+, and report the coefficients for the
subsamples of rich vs. poor counties. The standard errors are clustered at the province level. We
control for a full set of county and calendar year fixed effects. The top panel plots the the effect
among counties participated in the experiment before 2007, and bottom panel plots the effect
among counties participated in the experiment after 2007.
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Figure A.22: This figure plots the effect of county fiscal empowerment reform on
experimentation sites” local GDP per capita, among counties participated in the experiment
before 2007 and whose pre-experimentation GDP per capita was below median. Specifically, we
estimate the following event study model for county c in year t: y.; = Y, DX, - B + 0c + 0; + ect,
and report the coefficients for the subsamples of rich vs. poor counties. The standard errors are
clustered at the province level. We control for a full set of county and calendar year fixed effects.
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Figure A.23: This figure presents the distribution of simulated effect of county fiscal
empowerment reform on local GDP per capita across Chinese counties. We extrapolate the
estimated treatment effect among experimentation sites to all counties nationwide, allowing for
the effect to be heterogeneous with respect to pre-reform local GDP per capita. Specifically, we
first estimate the following model:

vit = P1Reform; + BaReform;; x GDPPC;2001 + 7t + &; + Ot prov + €, and then simulate the
outcome assuming in the world where everyone is treated based on the heterogeneity of
pre-period GDP per capita.
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Figure A.24: In this figure we plot policy rollout against the presence of extremely
bad-preforming localities. For each x on the axis, we regress national rollout on the % of
experiment sites” GDP pc growth falling below x percentile nation-wide, and plot the regression
coefficients together in one plot. As a robustness check, we control the average treatment effects
in the regressions and plot the alternative set of coefficients in grey dashed lines.
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Fiscal allocation and experimentation participation
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Figure A.25: This figure plots the event study estimates on a province’s probability of being
selected as an experimentation site after it becomes connected to a ministry due to political
turnovers at the ministerial level. Specifically, we estimate the following econometric model
using ministry-province-year level data: y,ys = a - Connectionyp; + dmp + 0 + €mpt, where yp; is
the number of experiments assigned to province p by ministry m in year t; Connection;,; is a
dummy variable indicating whether the minister of ministry m in year t used to work full-time in
province p; 6; is year fixed effects; and d,,, stands for province-by-ministry fixed effects. Standard
errors are clustered at the province x ministry level. All periods beyond the shown leads and
lags are accumulated into final points
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Figure A.26: Reproduced from Li, Lu, and Wang . [lustration of county fiscal
empowerment reform. After the reform, the provincial government could directly manage some
of its counties, bypassing the prefectural cities, which grants county governments with more
tiscal autonomy.
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Figure A.27: Reproduced from Qian, Roland, and Xu (2006). Illustration of a shift from M-form
to U-form. The top manager (ministers at central government branches in our case) have more
administrative and personnel authority on its branches.
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M-U reform and experimentation initiation
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Figure A.28: This figure shows the decrease of policy experiments initiated by ministries as they
transition from M-form into U-form. Specifically, we estimate the following event study model:
Ymt = Yk D,’jﬁ - Bx + 0w + 0+ + €mt, where vy, indicates the number of experiments initiated by
ministry m in year t. X-axis indicates the time relative to the transition. The point estimates and
confidence intervals are computed from a standard event study design, as well as adjustments
recommended by Sun and Abraham (2021), controlling for ministry and calendar year fixed
effects. Standard errors are clustered at the ministry level. All periods beyond the shown leads
and lags are accumulated into final points.
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Figure A.29: In this figure, we plot the average number of experimentation participation against
local politician’s running age at prefecture level. Provincial policies are counted towards each of
its prefectures, and county policies are counted once at the prefecture in which it resides. We add
one to a politician’s age if he or she is born on or after July.
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Figure A.30: This plot shows optimal t-statistics (left) and RCT vs. deterministic experimental
policy (right) for simulations calibrated using three different policy experiments conducted in
China following the model in Banerjee et al. 2020, Lambda ranges from 1 (full weight on decision
maker’s utility) to 0 (full weight on most adversarial prior). Mean t-statistics are (0.006, 0.051,
-0.006) for the Law enforcement for business, Care for left-behind children, and Tax classification
policies respectively.
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Figure A.31: This plot shows optimal t-statistics (left) and RCT vs. deterministic experimental
policy (right) for simulations calibrated using three different policy experiments conducted in
China following the model in Banerjee et al. 2020/ with differential quality of information.
Lambda ranges from 1 (full weight on decision maker’s utility) to 0 (full weight on most
adversarial prior). Mean t-statistics are (-0.001, 0.001, -0.001) for the Law enforcement for
business, Care for left-behind children, and Tax classification policies respectively.
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Figure A.32: This plot shows optimal t-statistics (left) and RCT vs. deterministic experimental
policy (right) for simulations calibrated using three different policy experiments conducted in
China following the model in Banerjee et al. 2020/ with subject consent. Lambda ranges from 1
(full weight on decision maker’s utility) to 0 (full weight on most adversarial prior). Mean
t-statistics are (0.162, 0.052, 0.862) for the Law enforcement for business, Care for left-behind
children, and Tax classification policies respectively.
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Figure A.33: This plot shows optimal t-statistics for simulations calibrated using three different
policy experiments conducted in China following the model in Narita 2021, The welfare weight ¢
corresponds to a parameterization of the Beta distribution Beta(d, 10 — ¢) where higher values of
6 place more weight on wealthier counties by GDP per capita.
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Figure A.34: This figure presents additional robustness exercises of the representativeness tests’
t-statistics distribution, using the same test procedures as Figure 3| In Panel A, we only include
policy experiments targeting prefectures and we exclude the 4 provincial-level municipal units
from the sample. Panel B shows the simulated results if experimentation sites are assigned
sequentially to the prefectural units with the largest fitted propensity score; where the propensity
score is estimated as the the probability of each prefecture being assigned to a particular
treatment given a set of observed characteristics (politicians” career incentive, political
hierarchical level, presence of political patronagegpIn Panel C, we simulate the site-selection
process with the fitted propensity score as our weights. We do 500 random draws with
replacement and plotted the distribution of ¢-statistics. The gray vertical line indicates the mean

of t-stats.
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Figure A.35: This figure plots the distribution of pairwise similarity index between a random 100
sample of policy experimentation documents and the Shenzhen 2014 Carbon Emission Tax (CET)
regulations. The grey dashed line presents pairwise similarity index for the comparison between
the 2014 version of CET regulations in Shenzhen, and the 2022 version that builds on their
ancestors, which is a priori the most similar document
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Table A.1: Examples for policy experimentation in China

Category Policy experiment Summary Document
- Promoting and subsidizing
Low carbon-emission . .
. energy-saving and low-carbon means link
transportation system .
of transportation
. Vocational education for bus Sett.mg 1P spec1.ahzed SCh(.)O.IS for 2
Transportation . vocational bus drivers and lifting the link
drivers . .
age limit for those drivers
. . . A comprehensive digitization reform
Integration of big data in . . 2
; on transportation data collection, link
transportation . .
analysis, and regulation
Encouraging different medical
institutions to undertake the
Hierarchical medical system | treatment of different diseases graded | link
according to the priority and
difficulty of treatment
Providing heavily subsidized medical
Population and New rural cooperative insurance for rural residents and link
Health medical system monitoring construction of village
hospitals
o . lining th f
Monitoring and reporting of Stream ining the process o adverse .
. drug reactions monitoring and link
adverse drug reactions .
reporting
Digital cable broadcasting Starting p a1‘d cha}npels of digital TV .
. . and promoting digital TV set-up box link
and television services . .
nationwide
Mandatory disclosure of annual
. Disclosure of annual reports | reports for all printing companies that .
Media e . . A . link
for printing enterprises have received a printing business
license (photocopying excluded)
Online publishing A prototype to conduct internet link
supervision system content supervision and censorship
Elderly-friendly Promotion of senior-friendly facilities, -
7 s . . link
communities and cities designs and public goods
Exploring the mechanism for
Internal Affairs Compre‘hensn{e reform of ql%antlfymg and determining social link
social assistance assistance standards and methods for
identifying social assistance recipients
Poverty alleviation through Promoting and subs1dlz1ng . .
technology-based poverty alleviation link
technology
programs
Setting standards for agricultural
products and their primary
Agricultural standardization | processing products in terms of the link
variety, specifications, quality, grade
and safety, health requirements
In areas with low crop production
efficiency and obvious ecological
Agriculture Crop rotation degradation in autumn and winter, link

promoting crop rotation and crop
exchange, winter tillage, fallow
cultivation and fertilization, etc.



https://pkulaw.com/chl/eca332d3b85c60adbdfb.html
https://pkulaw.com/chl/92ff118f9e220baebdfb.html
https://pkulaw.com/chl/2a63383e4231dc2fbdfb.html
https://www.pkulaw.com/chl/f3b274a43d0fbbb1bdfb.html
https://pkulaw.com/chl/df47b5564feadae9bdfb.html
https://pkulaw.com/chl/fc54757933800e50bdfb.html
https://pkulaw.com/chl/cd86917a7fe44872bdfb.html
https://pkulaw.com/chl/a8cf4d91e8a8a5e1bdfb.html
https://pkulaw.com/chl/73782ad4192297c8bdfb.html
https://www.pkulaw.com/chl/66ad6eed36f5bc20bdfb.html
https://www.pkulaw.com/chl/43cb56191eb922fabdfb.html
https://www.pkulaw.com/chl/206d4106b794aa43bdfb.html
https://www.pkulaw.com/chl/4b012b70e2995f95bdfb.html
https://www.pkulaw.com/chl/1421b96ebfe1ed46bdfb.html

Registration of rural land
contract management rights

Standardizing the registration and
certification of land contracting rights
and land management rights

link

Labor and
Personnel

Reform of salary system in
public hospitals

Reform of personnel system
in public institutions

Work Injury Prevention

Granting hospitals the degree of
freedom to decide the salary of the
doctors, experimenting incentive pay
Allowing dismissals, canceling
administrative hierarchy in public
institutions, promoting flexible pay
system
Improving and creating working
conditions conducive to safety and
health, reducing work-related
accidents and the hidden danger of
occupational diseases

link

link

link

Development
and Reform

Green finance

Key development and
opening up experimental
zone

Carbon emission rights
trading

Supporting economic activities for
environmental improvement, climate
change response and resource
conservation and efficient use
Subsidizing medicare, infrastructure
construction, and poverty alleviation
programs of residents at the border
area
Defining the greenhouse gas cap on
the emissions allowed in a
well-defined sector (coverage) of the
economy, when emission permits or
allowances are issued or sold
(allocated) to entities that are included
in the carbon market

link

link

link

Judicial
Supervision

Community correction

Jury system reform

Attorney mediation

The execution of non-custodial
sentences in which eligible offenders
are placed in the community, where

special state agencies correct their
criminal psychology and behavioral
vices and facilitate their smooth
return to society
Introducing the jury system and open
courtroom reform, promoting
randomized jury invitation
As a new dispute resolution
mechanism, giving full play to the
role of lawyers to establish a lawyer
mediation work model

link

link

link

Commerce and
Trade

Recycling system for
renewable resources

SOE debt reduction and
relief project

Setting up standardized recycling
sites in communities, and entering
designated markets for standardized
trading and centralized processing of
renewable resources
Canceling the debt of State-owned
enterprises due to government plans
to transfer, price changes and other
reasons in the planned economy

link

link


https://pkulaw.com/chl/235b3941055381debdfb.html
https://www.pkulaw.com/chl/932624333214b53ebdfb.html
https://www.pkulaw.com/chl/ef62c41c4cc6fa9bbdfb.html
https://pkulaw.com/chl/ab859359e6e677f7bdfb.html
https://www.pkulaw.com/chl/aeb1b1e5859aa2fabdfb.html
https://www.pkulaw.com/chl/d850a5452610e539bdfb.html
https://www.pkulaw.com/chl/b88ae05966054358bdfb.html
https://www.pkulaw.com/chl/a93b0820dd4dcd31bdfb.html
https://www.pkulaw.com/chl/690313afcbc001d7bdfb.html
https://pkulaw.com/chl/7b55e5abdfc4401cbdfb.html
https://pkulaw.com/chl/56d7bf4d7eea1ef4bdfb.html
https://pkulaw.com/chl/8167eb1484bcde62bdfb.html

Retention of profits in

Changing the original provision of the
full profit retention method to the

state-owned industrial . . link
. base profit retention plus growth
enterprises . .
profit retention method
Online monitoring of Est:.jlbhshmg. energy consumption
. . real-time monitoring system for large .
industrial energy . . link
. coal-burning enterprises in the
consumption oo
monitoring scope
Industry and IT Reglqnal bra.nd building for Subs1d1.zmg anq Curatmg national link
industrial clusters brand in large industrial clusters
Centralize social credit file
Credit system for express management system and experiment link
industry rules of credit rating for service
providers of the express industry
The insurance company
compensating the insured for the
Patent insurance investigation costs and legal fees link
incurred by the insured for patent
defense in accordance with the
contract
The agent engaging in civil legal acts
in the name of the represented party,
Market L. .
. Trademark agency system and the legal consequences arising link
Supervision . . .
therefrom being directly attributed to
the represented party
. Mandatory disclosure of all consumer
Disclosure of consumer ) . . .
. complaints or disputes in a link
complaints .
centralized platform
. Introducing a mandatory sports test
for high school . . .
Sports test for high schoo to the standardized test for high link
entrance exams .
school admission
Education . Standardizing the teaching materials
: ’ Ref f college English . . .
Science, Culture ctoti of cofiege BNgHs and introducing CET-4 as a link
teaching .. .
and Sports prerequisite for college graduation
Primary and secondary Introducing a qualification test for
school teacher qualification | teachers before assuming a job, and link
examination asking for periodic registration
Promoting a fundamental ownership
Shareholding system with | reform, establishing the stock market, .
. : . link
public offering and allowing shares to be traded
among the public
Simplifying the company registration
State Council Separation of 1.1cense and _process via separating thg link
permits applications of permits, which is fast,
and licenses, which is demanding
Rural tax and fee reform Completely abo%;s)?mg agricultural link
Guarantees provided by professional
Government procurement guarantee organizations to the link

credit guarantee

government procurers on behalf of
suppliers



https://www.pkulaw.com/chl/19e1d2824d82ed94bdfb.html
https://www.pkulaw.com/chl/8e8bfad7bcb4015bbdfb.html
https://www.pkulaw.com/chl/a1fc8406c5759726bdfb.html
https://www.pkulaw.com/chl/4aece9d93d8d4b49bdfb.html
https://www.pkulaw.com/chl/39c9a20c05d33f60bdfb.html
https://www.pkulaw.com/chl/20b14dd396fd0794bdfb.html
https://www.pkulaw.com/chl/7c53b27e6c98ba6dbdfb.html
https://www.pkulaw.com/chl/192042bd7e05cf46bdfb.html
https://www.pkulaw.com/chl/5f35ccbc62b0cac8bdfb.html
https://pkulaw.com/chl/db5ca0e80abd2c8ebdfb.html
https://pkulaw.com/chl/97df9810efabc216bdfb.html
https://www.pkulaw.com/chl/6fdafcdb67963a3fbdfb.html
https://www.pkulaw.com/chl/255302439d9bd0d1bdfb.html
https://www.pkulaw.com/chl/2d4c67d4b7cfc105bdfb.html

Finance and

Integration and use of fiscal

For counties in poverty, centralize the

. . allocation of fiscal transfers for link
Taxation agricultural funds .
agricultural purposes
VAT reform Collection of Value-addec.l tax 1n§tead link
of sales tax among all industries
Rehabilitation of Rural Iden.tlflc.atlon and reconstruction of .
Daneerous Houses dilapidated houses, after 2008 link
& Wenchuan Earthquake
Resources, . . Establishing a dedicated team for
Environmental supervision . o . .
Energy, and duri . . environmental monitoring during link
. uring construction period .
Environment construction
Direct trading of electricity between
Electricity trading power plants and companies, without | link
accessing the national grid
Futures exchange Establishing a Centrah'ze market for link
future trading
. Management of banks’ Impose .ma-n-dator}.f minimum rate of .
Finance I . asset-liability ratio in commercial link
asset-liability ratio N
banks and rural credit unions
Loans for rural small Sethg up and subs%dlzm.g loan .
options for small business in rural link

business

area



https://www.pkulaw.com/chl/f958e6f8d8d3412abdfb.html
https://www.pkulaw.com/chl/0e63d64bfda5bfd6bdfb.html
https://www.pkulaw.com/chl/b023f12fec28f5e4bdfb.html
https://www.pkulaw.com/chl/b5bbed080a92df8cbdfb.html
https://www.pkulaw.com/chl/c92e486fe3e5383ebdfb.html
https://www.pkulaw.com/chl/f9bed8dca6a345c8bdfb.html
https://www.pkulaw.com/chl/d003342235ee3fa9bdfb.html
https://www.pkulaw.com/chl/22a837ffeafd5778bdfb.html

Table A.2: Comprehensiveness checks for the PKUlaw dataset

Ministry Official # PKULaw # Coverage
(1) ) 3)
State Council 1066 1082 92.8%
Environment 111 99 91.0%
Fiscal 192 371 88.5%
Natural Resources 181 230 86.7%
Education 854 1053 78.0%

Note: In columns 1 and 2, we respectively report the
number of all central policy documents issued by the
ministry available on the website. Column 3 we report
the ratio of experimentation-related policy documents is-
sued by the central government that is found with its
exact title in the PKULaw database. We then manually
iterate through them. The numbers reported are very
conservative. Fixing encodings of annotations and drop-
ping secondary documents irrelevant to experimentation
will give us a larger ratio, but for consistency we do not
report the calibrated numbers. In most cases, PKULaw
collects even more documents than the official websites.
One complication is that some of the ministries only pub-
licized their policies in very recent years on the website
(e.g., Fiscal and Tax; Natural Resources). We make sure
that the numbers being compared come from the same
time frame.
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Table A.3: Positive selection, ex-ante uncertainty, complexity

Regression coef.  s.e.

Panel A: Ex-ante certainty

Ex-ante rollout schedule -0.215 0.256
Scheduled evaluation date -1.301** 0.517
Academic consensus index -0.880** 0.393
Certainty index -1.550%** 0.683
Panel B: Complexity
Multi-ministry cooperation 0.130 0.230
Word count of first policy document 0.787%** 0.162
Number of relevant policy documents 0.391** 0.182
Word count of all relevant documents 0.432** 0.191
Average word count of policy documents 0.857*** 0.189
Duration of policy experiment 0.322 0.327
Number of local government follow-up policies 0.229 0.223
Complexity index 1.290%** 0.381
Panel C: Administrative level
County or prefecture level 5.449*** 0.351

Notes: In this table we regress the level of positive selection on a spectrum of indices mea-
suring ex-ante policy (un)certainty and complexity. Specifically, we report the estimated
coefficients and robust standard errors from the model y; = BX; + 6, + 0; + €;mt, where y; is
the t-statistics for policy i comparing fiscal income between treatment and control localities.
Ministry fixed effects (6,,,) and year fixed effects (6;) are controlled for across all regressions.
We standardize all independent variables to zero mean and unit variance for interpretation
purposes.

We measure the ex-ante certainty and complexity of policy experiments along various di-
mensions. Reading from the policy documents, we labeled (1) the presence of ex-ante rollout
schedule in the first policy document and (2) the pre-scheduled date of policy evaluation. (3)
For the academic consensus index, we first match policy keywords to all the academic papers
published between 2005 and 2017 by authors acknowledging at least one National Social Sci-
ence Fund (NSSF) from the government. NSSF is known to be the most authoritative funds
in the Chinese academia that is awarded to a large number of scholars. We then compare
corresponding papers in a pair-wise way, calculating TF-IDF (term frequency—inverse docu-
ment frequency) index for each pair, and took the median as final consensual index for the
policy.

In panel B, we measure complexity by (1) an indicator variable of whether more than 1 min-
istry is involved in the experimentation; (2) the length of the document initiating the policy
experiment; (3) the number of all relevant documents; (3) the total length of all relevant doc-
uments; (4) the average length of all relevant documents; (5) the actual duration of the policy
experiment; and (6) the number of documents followed-up by the local government to echo
the spirit or provide implementation details.

In the last row of Panel A (B), we constructed a certainty (complexity) index that is the
arithmetic mean of all the standardized indices above in the same panel.

In Panel C, we provide a separate regression comparing the level of positive selection be-
tween province level experiments vs. county or prefecture level experiments.
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Table A.4: Changes in positive experimentation sites selection over time

Year
coef. s.e. coef/ mean
O )

Panel A: Full sample

OLS -0.067 0.038 -0.013
Ministry FE -0.113  0.062 -0.023
Panel B: By ministry

Transportation -0.294 0.096 -0.093
Agriculture -0.305 0.139 -0.080
Law -0.379 0.216 -0.078
Development and reform -0.259 0.242 -0.069
Commerce -0.174  0.120 -0.028
Education -0.136  0.107 -0.027
Industry and information technology -0.181 0.214 -0.026
Labor -0.071 0.194 -0.015
Tax -0.080 0.113 -0.015
Population and healthcare -0.056 0.124 -0.012
Market supervision 0.027 0.126 0.005
Resource, energy & environment 0.097 0.078 0.026
Finance 0.253 0.305 0.030
Domestic affairs 0.201 0.161 0.052
State ministry 0.540 0.268 0.100
Media 0.280  0.000 0.630

Notes: In this table we regress the level of positive selection on cal-
endar year. Each row is a separate regression. Specifically, we report
the estimated coefficients and robust standard errors from the model
yi = Bti + ém + €;, where y; is the t-statistics comparing fiscal income
between treatment and control localities (mean = 5.01, s.d.=5.22), and
t; is calendar year. We report the coefficients in column 1, robust stan-
dard errors in column 2, and the coefficients relative to within ministry
mean in column 3. Ministries are sorted in ascending order by column
3. In the second row of panel A, we also include a specification where

we control for ministry fixed effects.
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Table A.5: Politician promotion and experimentation participation

Promotion
(1) (2) (3) 4) (5) (6)
Participated in any experiments 0.057 0.017
(0.044) (0.046)
... successful experiments 0.109***  0.094**
(0.037)  (0.042)
... small-scale & successful experiments 0.139** 0.121*
(0.066) (0.066)
# of obs. 1,052 1,052 1,052 1,052 1,052 1,052
# of clusters 316 316 316 316 316 316
Mean of DV 0.423 0423 0423 0.423 0423 0423
Prefecture FE Yes Yes Yes Yes Yes Yes
Tenure FE No Yes No Yes No Yes

Note: Using prefecture-term level data, we estimate the following model for the party secretary
of prefecture p during his term t: Promotionys = « - Exppt + 0p + vt + €. Standard errors clus-
tered at the prefecture level are reported below the estimates. Promotion follows the canonical
definition a la Wang, Zhang, and Zhou (2020). 77.4% of politicians participated in at least one ex-
periment during his or her term. We define successful experiments as those experiments rolled-
out eventually to the entire country. 65.5% of politicians participated in at least one successful
experiment during tenure. We define small-scale experiments as policies that are trialed in less
than 10 localities across all waves. 4.59% of politicians participated in small-scale experiments.
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Table A.6: Local fiscal expenditure during policy experimentation

Share of fiscal expenditure
on experimentation-related domains

(1) (2) (3) (4)

# of experiments 0.003*** 0.002%** 0.002%** 0.003***

(0.001) (0.000) (0.000) (0.001)
# of experiments x1 {over 58} -0.004** -0.002** -0.002* -0.002**

(0.002) (0.001) (0.001) (0.001)
# of obs. 150,977 150,977 150,977 97,700
# of clusters 1,973 1,973 1,973 1,894
Mean of DV 0.173 0.173 0.173 0.174
County by category FE No Yes Yes Yes
Year by county FE Yes No Yes Yes
Category by year FE Yes Yes Yes Yes
Sample Full sample Full sample Full sample Age > 50

Notes: In this table, we explore the heterogeneity of fiscal allocation with respect to
politicians” career incentives. Specifically, we estimate the following model: y;; =
a - Expigs + B - Expix X 1{over58;;} + Aiy + Ot + Oix + €ixs- Standard errors clustered at
the county level are reported in the parentheses. Career incentives are measured by an
indicator variable showing whether the politician’s age goes above 58. The mean of
this indicator variable is 0.106. Constrained with the availability of fiscal expenditure
data, we focus our analysis on policy experiments that happen between 1993 and 2006.
In column 4 we focus on all county-year-domain grids where the responsible politician
is over 50 years old, thereby effectively excluding very-young politicians to focus on
the local effect.
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Table A.7: Local fiscal expenditure during policy experimentation

Share of fiscal expenditure
on experimentation-related domains

(1) (2) 3)

# of small-scale experiments -0.026*** -0.006*** -0.007**

(0.005)  (0.002) (0.003)
# X career incentives 0.054**  0.014*** 0.017%**

(0.010)  (0.005) (0.006)
# of obs. 142,128 142,116 142,116
# of clusters 1973 1973 1973
Mean of DV 0.173 0.173 0.173
County by category FE No Yes Yes
Year by county FE Yes No Yes
Category by year FE Yes Yes Yes

Notes: Standard errors clustered at the county level are reported in
the parentheses. This table follows our main triple difference speci-
fication where we estimate the following model: yj; = a - Expj +
Expix X 1{Incentives;} + Ay + O + i + €ixr. However, Expyy; in this
table only counted smaller-scale experiments (policies with below av-
erage number of sites, mean=0.099, s.d.=0.358). Career incentives are
measured as the ex-ante probability of promotion projected by the
start age of tenure and hierarchical level. (mean=0.481, s.d.=0.075) We
find larger politician efforts on small-scale experiments. Constrained
with the availability of fiscal expenditure data, we focus our analysis
on policy experiments that happen between 1993 and 2006.

A73



Table A.8: Local fiscal expenditure during policy experimentation

Share of fiscal expenditure
on experimentation-related domains

(1) (2) (3)
# of experiments 0.0003  0.001*** 0.002***
(0.001)  (0.0004) (0.001)
# of experiments x 1{only experiment in domain-year} 0.010*** 0.001** 0.001**
(0.001)  (0.001) (0.001)
# of obs. 142,128 142,116 142,116
# of clusters 1,973 1,973 1,973
Mean of DV 0.173 0.173 0.173
County by category FE No Yes Yes
Year by county FE Yes No Yes
Category by year FE Yes Yes Yes

Notes: In this table, we explore the heterogeneity of fiscal allocation with respect to politi-
cal attention. Specifically, we estimate the following model: y;; = «a - Expjx; + B - Expix X
1{only_experiment;kt} + Aiy + Ops + Oi + €. Standard errors clustered at the county level are
reported below the estimates. 1{only_experiment} is an indicator showing whether the experi-
ment is the only policy the local politician is monitoring in the specific year of the specific policy
domain (mean=0.138). Constrained with the availability of fiscal expenditure data, we focus our
analysis on policy experiments that happen between 1993 and 2006.
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Table A.9: Fiscal allocation heterogeneity by localities’
socioeconomic conditions

Share of fiscal expenditure

(1) 2) )
Panel A: Interacting with GDP per capita
# of experiments 0.0018*  0.0015*** 0.0017***

(0.0010)  (0.0005)  (0.0006)
# x GDP per capita ~ -0.00002 0.00003  0.0003
(0.0005)  (0.0002)  (0.0003)

Panel B: Interacting with GDP

# of experiments 0.002**  0.002***  0.002***
(0.0008)  (0.0004)  (0.0005)
# x GDP -0.0003  -0.0001 0.0001
(0.0005)  (0.0002)  (0.0003)
# of obs. 102,197 102,197 102,197
# of clusters 1778 1778 1778
Mean of DV 0.173 0.173 0.173
County x category FE No Yes Yes
Category x year FE Yes Yes Yes
Year x County FE Yes No Yes

Note: In this table, we explore the heterogeneity of fis-
cal allocation with respect to local socio-economic con-
ditions. Specifically, we estimate the following model:
Yike = & Expis + B - Expixs X Wi + Ajp + O + Oix + €
Standard errors clustered at the county level are reported
below the estimates. In this table, we regress total fiscal
expenditure on the number of participated experiments.
In addition, we interact the number of experiments with
pre-experimentation socioeconomic conditions: Panel A
focuses on localities” GDP per capita, and Panel B on to-
tal local GDP. In both panels, we standardize GDP (per
capita) to zero mean and unit variance. Sample: policy
experiments that happen between 1993 and 2006.
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Table A.10: Local fiscal allocation for experiments with explicit central government fiscal support

Share of fiscal expenditure

1) 2 (3) (4) ) (6)
# of experiments 0.01876*** 0.00304*** 0.00390***  -0.00514  -0.00284*  -0.00302
(0.00179)  (0.00061)  (0.00074)  (0.00412)  (0.00164) (0.00199)
# X career incentive 0.05078***  0.01202***  0.01410***
(0.00834)  (0.00335)  (0.00404)
# of obs. 142,116 142,116 142,116 142,116 142,116 142,116
# of clusters 1973 1973 1973 1973 1973 1973
Mean of DV 0.174 0.174 0.174 0.174 0.174 0.174
County x category FE No Yes Yes No Yes Yes
Category x year FE Yes Yes Yes Yes Yes Yes
Year x County FE Yes No Yes Yes No Yes

Notes: In this table, we re-estimate our baseline regression on a subsample of policy experiments

with explicit central government fiscal support (as stated in the first and main central policy doc-
ument, mean=0.096). Specifically, we estimate the following model: y;; = « - Expjx; + Ait + Opt +
Oix + €ixt- Standard errors clustered at the county level are reported below the estimates.
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Table A.11: Endogenous efforts during experimentation: Policy-by-county level regression

Share of fiscal expenditure
on experimentation-related domains

(1) () 3) (4)
Participated in experimentation 0.00370*** 0.00344*** -0.0146*** -0.00244
(0.000808) (0.000693) (0.00405) (0.00337)

Participation X career incentive 0.0394***  0.0125%
(0.00851) (0.00716)
# of obs. 96,221 93,612 92,089 89,547
# of clusters 1885 1885 1880 1880
Mean of DV 0.185 0.185 0.185 0.185
Policy FE Yes Yes Yes Yes
County FE Yes No Yes No
County x domain FE No Yes No Yes

Notes: Standard errors clustered at the county level are reported in the paren-
theses. Here we present a specification where we run the regression at policy-by-
county level. Specifically, we estimate the following model: y; = a - Exp;, + A; +
Op + Oik(p) + €ipk- The dependent variable is the share of experiment-related fiscal
expenditure at the first year of the experiment, and the independent variable is
an indicator of counties” experiment participation status, as well as its interaction
with the career incentive of the prefecture mayor at that year. By doing this we
are able to control for policy experiment fixed effects. Career incentives are mea-
sured as the ex-ante probability of promotion projected by the start age of tenure
and hierarchical level (mean=0.481, s.d.=0.075). In columns 1 and 3 we addition-
ally controlled for county fixed effects, and in columns 2 and 4 we additionally
controlled for county x policy domain fixed effects.
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Table A.12: Local fiscal expenditure during policy experimentation

Share of fiscal expenditure
on experimentation-related domains

(1) (2) (3) (4) ) (6)

# experiments 0.003***  0.002*** 0.002*** -0.011*** -0.002*  -0.003
(0.001)  (0.000) (0.000)  (0.003)  (0.001) (0.002)
# X career incentive 0.029**  0.008** 0.011***
(0.006)  (0.003)  (0.003)
# concluded exp’s -0.0003  0.001 0.001  -0.028**  0.001 0.002
(0.001) (0.001) (0.001)  (0.005)  (0.002)  (0.003)
# concluded X incentive 0.061**  -0.001  -0.003
(0.010)  (0.005)  (0.007)
# of obs. 150,977 150,977 150,977 142,128 142,116 142,116
# of clusters 1973 1973 1973 1973 1973 1973
Mean of DV 0.173 0.173 0.173 0.173 0.173 0.173
County by category FE No Yes Yes No Yes Yes
Year by county FE Yes No Yes Yes No Yes
Category by year FE Yes Yes Yes Yes Yes Yes

Notes: Standard errors clustered at the county level are reported below the estimates.
In this table, we horse-race the number of on-going experiments with the number of
concluded experiments at the same year. Specifically, we estimate the following model:
Yikt = & - Expiy + B - Concluded_expix + Aip + Opt + Oix + €ix- "Concluded exp" counts
the number experiments that had been wrapped up 2 years ago. Career incentives are
measured as the ex-ante probability of promotion projected by the start age of tenure and
hierarchical level (mean=0.481, s.d.=0.075). We focus our analysis on policy experiments
that happen between 1993 and 2006.
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Table A.13: Strategic differentiation in experimentation plans

Similarity index in experimentation plans

(1) (2) (3) (4)

Career incentive  -0.057*** -0.056** -0.057** -0.055**
(0.021) (0.022)  (0.022) (0.022)

# of obs. 3,970 3,970 3,970 3,970
# of clusters 233 233 233 233
Mean of DV 0.923 0.923 0.923 0.923
Policy FE Yes Yes Yes Yes
Year FE No Yes Yes Yes
Round FE No No Yes Yes
Politician control No No No Yes

Note: In this table, we investigate how a politician’s career
incentive affects how his policy experimentation plan differs
from that of his peers. We estimate the following model:
Similarity;, = B - Incentive; + 0p + Qt(p) + Xil' + ;. Career
incentives are measured as the ex-ante probability of promo-
tion projected by the start age of tenure and hierarchical level
(mean=0.481, s.d.=0.075). For the outcome variable (y;,), we
conduct Latent Semantic Analysis, an approach from Natural
Language Processing, to measure the text similarity of govern-
ment documents. The similarity index, taking maximum over
all similarity pairs between a document issued by prefecture i,
and all others issued by its counterpart administrations on the
same policy, aims at measuring how much a local government
politician differentiates from his or her colleagues in the policy
design during experimentation. The mean of the outcome vari-
able is 0.922, with a standard deviation of 0.081. We exclude
all the documents from single-wave experiments and first wave
documents from multi-wave experiments. We also restrict the
sample to the first key document issued by each experimenta-
tion site in each wave, and drop the follow-up documents is-
sued within the same site-wave unit. Politician controls (X;)
include his or her level of education and previous central expe-
rience. Standard errors are clustered at the policy level.
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Table A.14: Land revenue windfall and experimentation
roll-out - first stage

Land revenue

(1) (2) (3)
Suitability x interest rate  3.062*** 3.176** 3.181***
(0.118)  (0.126)  (0.127)

# of obs. 66,128 66,128 66,128
# of clusters 1644 1644 1644
Mean of DV 5.271 5.271 5.271
Ministry FE No No Yes
Year FE Yes Yes Yes
County FE No Yes Yes

Note: This table presents the first stage estimates for
the two-stage-least-square regression in Table |3, Panel
A. Specifically, we estimate the following model using
county-policy-year level data: Land_revenuej,; = w -
Suitability; x Interest; + X}, + 0i + Yt + Op(p) + Eimpt-
The outcome of interest is the average land revenue col-
lected, across the entire experimentation period, in log-
arithm terms. The instrument variable is an interac-
tion between % of suitable land for conversion (angle of
slope 0 — 15°) and national interests rate (mean=0.150,
5.d.=0.325). Following Chen and Kung (2016), we in-
clude politician level controls (age, education, past expe-
rience in the prefectural government, previous positions
as Youth League party leaders, and hometown connec-
tion with the prefectural leaders). Standard errors are
clustered at the county level.
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Table A.15: Naive evaluation of policy experimentation: county-year level
analyses

National roll-out

(1) (2) (3)

Panel A: Land revenue windfall

Land revenue (instrumented) 0.009** 0.021*** 0.011***
(0.003) (0.004) (0.003)
First stage F stats 229.80 207.09  154.15
# of obs. 9,049 9,049 9,049
# of clusters 1514 1470 1470
Mean of DV 0.358 0.358 0.358
Year FE No No Yes
County FE No Yes Yes
Controls Yes Yes Yes

Panel B: Political rotation

Rotation -0.005  -0.007  -0.004
(0.009)  (0.009)  (0.008)
Rotation x change in career incentive 0.309**  0.237*  0.284**
(0.129) (0.127) (0.116)

# of obs. 5806 5802 5802
# of clusters 294 290 290
Mean of DV 0.146 0.146 0.146
Year FE No No Yes
County FE No Yes Yes
Controls Yes Yes Yes

Note: In panel A, we estimate the following 2 stage least square model.

Land_revenue;; = « - Suitability; x Interest; + Xftﬁ 4+ + v+ €t

Yie =W~ Land/_re\venueit + Xftl“ + i+ v+ €4

, where y;; is the percentage of policies being rolled out in county i in year t. We
use the interaction term between area of land unsuitable for agricultural use and
national interest rate to instrument for the land revenue received by the local gov-
ernment (mean=3.96, s.d.=3.60). We include politician-level control variables in-
cluding the mean of his or her age across the period, education, past experience
in the prefectural government, previous positions as Youth League party leaders,
and hometown-connection with the prefectural leaders. The standard errors are
clustered at the county level. Panel B is an analysis focusing on political rotations
that happened after the selection of experimentation sites. At the prefecture-by-year
level, we calculate the difference in career incentives between the leaving prefec-
tural official and his immediate successor. We then estimate the following model:
Yit = P1 - Rotation;; 4+ B - Rotation;; X Aincentivey + 6; + v+ + €j. Rotation is a
dummy variable indicating political turnover during the experimentation, which is
defined to be the period between the start of the first round of experimentation and
two years after the last round. 23.9% of the participating prefectures went through
politician rotation during the experimentation period. Career incentives are mea-
sured as the ex-ante probability of promotion projected by the start age of tenure
and hierarchical level. The standard erggrgqre clustered at the province level.



Table A.16: Naive evaluation of policy experimentation

National roll-out

(1) (2) (3)

Panel A: Baseline

Land revenue (instrumented) 0.008*** 0.006*** (0.009***
(0.002)  (0.001) (0.001)

Panel B: Weighted by experimentation sites

Land revenue (instrumented) 0.012*** (0.020*** 0.018***
(0.004)  (0.005)  (0.005)

Panel C: Small scale experiments

Land revenue (instrumented) 0.015*** (0.008*** (0.009***
(0.002)  (0.002) (0.002)

# of obs. 66,128 66,128 66,128
# of clusters 1,644 1,644 1,644
Experiment Year FE Yes Yes Yes
County FE No Yes Yes
Ministry FE No No Yes

Note: Standard errors clustered at the county level are re-
ported below the parentheses. Panel A reproduces our full-
sample estimates from Table 3, Specifically, we estimate the
following econometric model:

Land_revenue;,; = o - Suitability; x Interest; + Xj,B +8; + vt~ Oyy(p) + €impt

Yp = Lancfre\venue,-pt + XU+ + v + Sm(p) + Eipmt

Panel B runs the same regression, but applied weights using
the inverse of experimentation sites. Smaller experiments get
larger weights. Panel C runs the same regression on smaller-
scale experiments with less-than-average number of partici-
pating localities (N=45,165).
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Table A.17: Land revenue windfall and experimentation’s national roll-out:
placebo exercises

National roll-out

(1) (2) 3)

Land revenue (instrumented by baseline IV)  0.014***

(0.002)
Land revenue (instrumented by placebo IV) 0.281

(0.303)
Land revenue; 5 (instrumented by IV, 5) -0.002
(0.004)

First stage F stat 474.60 112 379.80
# of obs. 16782 7970 12480
# of clusters 1642 1642 1642
Mean of DV 0358  0.358 0.358
County FE Yes Yes Yes
Year FE Yes Yes Yes

Note: This table shows placebo tests for land revenue IVs. We estimate the
following econometric model:

Land_revenue;,; = o - Placebo_IV;; + XLB+ 6+ 7t + (Sm(p) + €ipmt

Yp=H- Land_revenueipt + Xftf + i + Vi + Om + Eipme
Standard errors clustered at the county level are reported below the esti-
mates. In column 1, we report our baseline results in the cross-sectional
regression: instrumenting land revenue with the shift-share IV (% of suit-
able land for conversion (angle of slope 0 — 15°) interacted with national
interests rate, mean=0.150, s.d.=0.325). In column 2, we report the second
stage estimates with a placebo IV where, instead of the % of suitable land
for conversion (angle of slope 0 — 15°), we use the % of steeper agrarian
lands within a county (angle of slope 15 — 30°). In column 3, we report the
second stage estimates with the instrumented 5-years-lagged land revenue.
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Table A.18: Scale of the experiment and rotation effect

Rollout
(1) ()
Rotation 0.086**  0.032**
(0.040)  (0.013)
Positive rotation x A incentive 0.524** 0.004
(0.207)  (0.073)
Positive rotation X A incentive x small-scale exp 0.487***
(0.131)
Negative rotation x A incentive -0.586***  -0.100
(0.201)  (0.099)
Negative rotation x A incentive x small-scale exp -0.339*
(0.190)
Small-scale experiments 0.376***
(0.023)
# of obs. 3,890 3,890
# of clusters 27 27
Mean of DV 0.321 0.321
Weighted Yes No
Year FE Yes Yes
Province FE Yes Yes
Ministry FE Yes Yes

Notes: Standard errors clustered at the province level are reported in the
parentheses. Our empirical setup follows Table 3, Panel B. Specifically,
we estimate the following model: y, = a - Turnover;, + 1 - Turnover;, x
Increaselncentive;, + By - Turnover;, X Decreaselncentive;, + v + 5m(p) +
0 + €ipmnt- In column 1, we weigh the policy x experimental-site-level
regression with the inverse number of experimentation site. In column
2, we include an indicator of less-than-average experimentation sites as
an interaction term. At policy-by-prefecture level, 53.9% of participating
localities went through rotation. An average positive rotation is accompa-
nied with an incentive increase of 0.079 (s.d.=0.076). An average negative
rotation is accompanied with an incentive drop of 0.055 (s.d.=0.061).
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Table A.19: Political rotation and experimentation’s national roll-out

National roll-out

(1) ) 3)
Panel A: Alternative measure of career incentive
Rotation -0.002 0.010 0.016
(0.027) (0.019) (0.018)
Rotation x increase in career incentive 0.146*** 0.106***  0.061*
(0.021) (0.033) (0.033)
Rotation x drop in career incentive -0.115***  -0.082* -0.088*
(0.033) (0.044) (0.049)
Panel B: Low-stake policies
Rotation -0.024 -0.023 -0.002
(0.030) (0.016) (0.018)
Positive rotation x A Incentive 0.641***  0.469***  0.400**
(0.161) (0.122) (0.159)
Negative rotation XA Incentive -0.439***  -0.338***  -0.248*
(0.160) (0.112) (0.135)
Panel C: Last minute rotation
Rotation -0.046*  -0.037**  -0.027*
(0.025) (0.018) (0.016)
Rotation X increase in incentive 0.790***  0.686*** (.588***
(0.204) (0.161) (0.154)
Rotation x decrease in incentive -0.357* -0.334**  -0.282**
(0.187) (0.138) (0.131)
# of obs. 2846 2842 2842
Mean of DV 0.261 0.261 0.261
Province FE No No Yes
Ministry FE No Yes Yes
Year FE Yes Yes Yes
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Table A.19: Political rotation and experimentation’s national roll-out

National roll-out

(1) (2) (3)

Panel D.1: Pre-experiment rotation

Pre-exp rotation -0.009 -0.017 -0.022
(0.023) (0.015) (0.015)
Pre-exp rotation X increase in career incentive 0.376 0.227 0.229
(0.235) (0.183) (0.186)

Pre-exp rotation x drop in career incentive -0.204 -0.127  -0.100
(0.140) (0.096) (0.102)

Panel D.2: Post-experiment rotation beyond 5 years

Rotationat T + 5 0.049* -0.001 0.004
(0.027) (0.014) (0.014)

Rotation at T 4+ 5 X increase in career incentive  0.057  0.211 0.185
(0.173) (0.189) (0.214)

Rotation at T + 5 x decrease in career incentive -0.216 -0.186 -0.123
(0.254) (0.139) (0.160)

# of obs. 4,670 4,659 3,890
# of clusters 27 27 27
Mean of DV 0.261 0.261 0.261
Province FE No No Yes
Ministry FE No Yes Yes
Year FE Yes Yes Yes

Note: Standard errors clustered at the province level are reported below the
estimates. In general, this table follows the baseline specifications in Table
Panel B. Specifically, we estimate the following model: y, = a - Turnover;, +
B1 - Turnover;, X Increaselncentive;, + By - Turnover;, x DecreaselIncentive;, +
Yt + Op(p) + On + Eipmnt- In panel A, we adopt an alternative definition to com-
pute career incentives. We define a rotation with increase in career incentive
to occur when the last politician who is more than 58 years old is replaced
by a young successor starting before 57, and vice versa. Consistent with our
sample definition in Table we exclude politicians younger than age 50
to estimate a ‘local effect’. In panel B, we focus on the subsample of pol-
icy experiments that are relatively low-stake, defined as not appearing in the
Five-Year-Plans prior to the experiments. In panel C, we focus on rotations
that happen in the last year of the experiment. In panel D.1, we instead con-
sider political rotations before experimentation starts, while in panel D.2, we
consider rotations that happen 5 years after the experimentation starts.
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Table A.20: Experimentation effects and national roll-out

National roll-out
(1) (2) (3)
Panel A: Pre vs. post comparison

Experiment effect 0.041** 0.041** 0.070**
(0.019) (0.019) (0.033)

Panel B: Controlling for pre-trend

Experiment effect ~ 0.013  0.002  0.015
(0.026) (0.030) (0.032)

Panel C: Synthetic control

Experiment effect 0.029 0.034 0.012
(0.042) (0.046) (0.086)

# of obs. 355 355 355
# of clusters 4 44 44
Mean of DV 0390  0.390  0.390
Evaluation year FE  Yes Yes Yes
Ministry FE No Yes No
Minister FE No No Yes

Note: This table examines the association be-
tween experimentation effects, estimated in a va-
riety of ways, and whether the corresponding
experiment leads to the policy’s national roll-
out. The analysis is conducted at policy level.
Specifically, we estimate the model Rollout; = f3-

ATEexp; + Ym + 0t + €iyy In order to make magni-
tudes comparable across panels, all independent
variables are standardized to mean zero and unit
variance. In Panel A, we regress policy roll-out
on the simple pre-vs-post estimates based on ex-
perimentation sites” GDP per capita. In panel
B, we in addition controls for experimentation
sites’” county specific pre-trend. In Panel C, we
follow Xu (2017) and conduct a generalized syn-
thetic control analysis to estimate the experimen-
tation effect, matching 3-year trend in local so-
cioeconomic conditions prior to the experimen-
tation. All columns control for year of evalua-
tion fix effects (0;); column 2 in addition control
for ministry fixed effect; and column 3 controls
for minister fixed effects instead. Standard errors
are clustered at the ministry level. Sample: all
economic policy experg%%nts.



Table A.21: Winsorized experiment effect and policy rollout

Rollout

(1) (2) (3)

Average experiment effect 0.0703** 0.0547 0.0709*
(0.0338) (0.0378) (0.0424)

# of obs. 293 293 293
Mean of DV 0.387 0.387 0.387
Minister FE Yes Yes Yes
Evaluation year FE Yes Yes Yes
Winsorize None  bottom 2.5% top 2.5%

Notes: In this table, we follow our main specification to estimate
the model, but with a winsorized sample. Specifically, the em-

—

pirical setup is Rollout; = B - ATEexp; + ym + 0t + €y Robust
standard errors are reported below the estimates. Column 1 fol-
lows the exact same specification as Figure 4, panel A in our pa-
per, whereas in column 2 and 3 we winsorize extreme values on
each end respectively. The independent variables are standard-
ized to mean zero and unit variance. Sample: all economic policy
experiments.
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Table A.22: Similarity with experimentation sites and effects of policy roll-out: robustness checks

GDP per capita growth
(1) (2) (3)

Panel A: GDP per capita

M-distance between local development -0.004*** -0.004** -0.003***
(0.001)  (0.001)  (0.001)

Panel B: GDP per capita + fiscal income + fiscal expenditure

M-distance between local development -0.004*** -0.004*** -0.004***
(0.001)  (0.001)  (0.001)

Panel C: GDP per capita + fiscal income + population

M-distance between local development -0.004*** -0.003*** -0.003***
(0.001)  (0.001)  (0.001)

# of obs. 94,635 94,635 94,635
# of clusters 2064 2064 2064
Mean of DV 0.102 0.102 0.102
Policy FE Yes No Yes
County FE No Yes Yes

Note: This table presents results repeating the specification in Table[d] but

with alternative formulations of the Mahalanobis distance. Specifically, we
estimate the following model: Growthcyr = a - Mcp + yc + 01 + 1p + €cpr.
We compute the M-distance using a variety of measures. Panel A focuses
on similarity in GDP per capita; Panel B focuses on similarity in GDP per
capita, local fiscal income and local fiscal expenditure; and Panel C fo-
cuses on GDP per capita, local fiscal income, and local population size. All
independent variables are standardized to mean zero and unit variance.
Standard errors are clustered at the county level.
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Table A.23: Political patronage and engagement in experimentation

Engaged in experimentation

(1) (2) (3)

Panel A: All experiments

Connected to minister 0.088** 0.062* 0.063*
(0.035) (0.036) (0.037)

Panel B Experiments with top-down assignments

Connected to minister 0.073** 0.056* 0.058*
(0.029) (0.031) (0.031)

Panel C: Experiments with voluntary sign-ups

Connected to minister 0.015 0.006 0.006
(0.018) (0.016) (0.016)
# of obs. 42884 42884 42884
# of clusters 31 31 31
Mean of DV 0.176 0.176 0.176
Controls No No Yes
Year FE No Yes Yes
Ministry by province FE ~ Yes Yes Yes

Note: This table reports the estimates of the following
econometric model using ministry-province-year level data:
Ympt = & - Connectionypt + mp + 0 + €mpt, where Yyt is
the number of experiments assigned to province p by min-
istry m in year t; Connection; is a dummy variable indi-
cating whether the minister of ministry m in year t used to
work full-time in province p; 8; is year fixed effects; and 6,
stands for province-by-ministry fixed effects. "Connected to
minister" is an indicator variable showing whether the cur-
rent minister had worked in the province where the experi-
ment took place (mean=0.019, s.d.=0.136). In column 3, we in
addition control for the provinces” value added of first and
second industry, fiscal expenditure and income of local gov-
ernments. The standard errors are clustered at the province
level.
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Table A.24: Concerns for political stability and selection of experimentation sites

Engaged in experimentation

(1) (2) (3)

# of protests in previous year -0.004*** -0.003*** -0.003***
(0.001)  (0.001)  (0.0002)

# of obs. 1730 1730 940
# of clusters 190 190 190
Mean of DV 1.278 1.278 2.117
Prefecture FE Yes Yes Yes
Year FE No Yes Yes
Pre-period controls No No Yes

Note: This table reports associations between localities” engage-

ment in policy experimentation and occurrence of protests in the
locality during previous year (mean=4.43, s.d.=42.65). Specifi-
cally, we estimate: y,+ = a - protest, 1 1+ 6p + 0 + €pt, where Y
is a dummy variable indicating whether prefecture p engages in
policy experimentation in year ¢ (measured with “event" counts
in the GDELT database (Beraja et al. 2023)); protest,; 1 is the
number of protests occurred in prefecture p in year t —1; J,
is prefecture fixed effects; and 6; is year fixed effects. A full
set of prefecture fixed effects are controlled across all columns;
columns 2 and 3 in addition control for year fixed effects; and
column 3 in addition controls for localities” GDP per capita in
the previous year. The standard errors are clustered at the pre-
fecture level.
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Table A.25: Concerns for political stability and policies” national roll-out

National roll-out

(1) (2) (3)

Panel A: OLS

Protest -0.007¢  -0.007*  -0.007*
(0.004)  (0.004)  (0.004)

Panel B: Instrumented protest

Protest -0.020%**  -0.020***  -0.018***
(0.005)  (0.005)  (0.005)
First stage F stats 63.18 62.87 65.01
# of obs. 1,122 1,122 1,122
# of clusters 214 214 214
Mean of DV 0.747 0.747 0.747
Controlling for ATE Yes Yes Yes
Controlling for economic conditions No No Yes
Prefecture FE Yes Yes Yes
Evaluation year FE Yes Yes Yes
Ministry FE Yes No No
Minister FE No Yes Yes

Note: Standard errors are clustered at the prefecture level. This ta-
ble examines whether occurrence of protests during experimentation
is associated with the experimental policies’ roll-out to the entire na-
tion. The analysis is conducted at policy-prefecture level. “Protest” is
the count of protests occurred during the experimentation period, ag-
gregated via GDELT data from 2014 to 2020 (mean=3.28, s.d.=6.04). We
run a policy-prefecture level regression: y; = BProtestps + 0y + vt + €ips,
where y; is an indicator of whether the policy is rolled out to the entire
nation, Protesty; is the number of protests in prefecture p in its begin-
ning year t. We control for prefecture fixed effects dp, and year fixed
effects 7. Results are winsorized at 95 percentile to get rid of extreme
values, but will be qualitatively robust without winsorization. “ATE” is
the average treatment effect, calculated as the pre-vs-post comparison
in local GDP per capita. In panel A, we presented OLS estimates, and
in panel B, we instrument protest with rain, gust, winds and their inter-
action with protests elsewhere, following the parsimonious IV specifi-
cation of Beraja, Yang, and Yuchtman (2023). In column 1-3 we control
for different sets of fixed effects, and in column 4 we control for local
GDP, local city population and local fiscal revenue.
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Table A.26: Ministries completed vertical management reforms

Ministry Year
China Securities Regulatory Commission 1998
People’s Bank of China 1999
Ministry of State Security 2001
National Medical Products Administration 2001
Ministry of Natural Resources 2004

National Bureau of Statistics (Survey Team) 2004
State Administration for Coal Mine Safety ~ 2005
State Post Bureau 2005
Ministry of Environmental Protection 2016
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Table A.27: Political career incentives and engagement in experimentation

# of experiments engaged

1) ) 3)
Panel A: All experiments
Career incentive 1.397*  1.405* 1.309*

(0.796) (0.824) (0.780)
Panel B.1: Experiments initiated by M-form ministry

Career incentive 1.541** 1.561** 1.467%*
(0.674) (0.696) (0.686)

Panel B.2: Experiments initiated by U-form ministry

Career incentive 0.181 0.186 0.185
(0.139) (0.143) (0.142)
# of obs. 7630 7630 7630
# of clusters 334 334 334
Mean of DV 1.059 1.059 1.059
Prefecture controls No No Yes
Politician controls No Yes Yes
Prefecture FE Yes Yes Yes
Year FE Yes Yes Yes

Note: This table examines the relationship between
politicians career incentives and localities” engagement
in policy experiments. We estimate the following
econometric model: y, = a - Incentivey + X, - p +
Op + 0t + €pt, where yp; is the number of experiments
occurring in prefecture p and year t. Panel A reports
the estimated effect of career incentive intensity on
all types of experimentation. Panel B distinguishes
between experiments issued by a M-form ministry
(where city leaders have direct control on the logis-
tics of the policy) and U-form ministry (where the cen-
tral government takes direct orders on local branches).
Control variables at the politician level include the ed-
ucational level and previous central-government po-
sitions. Control variables at the prefecture level in-
clude GDP per capita, fiscal income, and fiscal expen-
diture, all in logarithms. Control variables at the politi-
cian level include career incentive of the previous city
leader to address the concern where the engagement
is just a continuation of previous progress. The con-
struction of career incentive index is introduced in Ap-
pendix Section Average career incentive is 0.474,
and the standard deviation is 0.082. Standard errors
are clustered at the prefeétﬁ‘é level.



Table A.28: Political career incentives and engagement in experimentation: placebo exercise

Engaged in experimentation

1) 2) 3)
Immediate predecessor’s career incentive -0.697 -0.724 -0.464
(0.507) (0.505) (0.484)
# of obs. 5857 5857 5857
# of clusters 333 333 333
Mean of DV 1.028 1.028 1.028
Prefecture Controls No No Yes
Politician Controls No Yes Yes
Prefecture FE Yes Yes Yes
Year FE Yes Yes Yes

Note: This table presents a placebo test to the last table, exploring the
relationship between the previous politician’s career incentive and local-
ities” engagement in policy experiments. We estimate the model y,; =
a - Placebo_incentivey + X;,t - B+ dp + 0; + €t We construct the same career
incentive indices (mean=0.474, s.d.=0.082.), but we replace in-office prefec-
ture leaders’ career incentives with those of their immediate predecessors.
Control variables at the politician level include the educational level and
previous central-government positions. Control variables at the prefecture
level include GDP per capita, fiscal income, and fiscal expenditure, all in
logarithms. Control variables at the politician level include career incentive
of the previous city leader to address the concern where the engagement is
just a continuation of previous progress. Standard errors are clustered at
the prefecture level.
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Table A.29: Predicting politicians’ career incentives

Promotion

OLS OLS Probit Probit
) ) 3) 4)

Start age -0.019%*  -0.013** -0.051*** -0.037***
(0.003)  (0.003)  (0.007)  (0.007)
hierarchical level 2201%%*  2.148%%* 6417+ -6.355%

(0.346)  (0.345)  (1.168)  (1.178)
Start age xhierarchical level ~ 0.042***  0.040**  0.122**  0.118***
(0.007)  (0.007)  (0.023)  (0.023)

# of obs. 2,337 2,337 2,337 2,337
Mean of DV 0.637 0.637 0.637 0.637
Controls No Yes No Yes

Note: In this table, we show how we constructed our ca-
reer incentive variable following Wang, Zhang, and Zhou
(2020). Specifically, we estimate a probit regression 7, =
O~ {4 - startagep + B - levely + 4 - startagep; x levely ) .. Average
start age of prefecture politicians is 48.85 (s.d.=4.19). Most politicians
are zhengtin level, but 7.6% are higher up in political hierarchy (fubu).
Columns 1 and 2 report OLS estimates, and the next two columns
report estimates from a probit regression. Control variables include the
educational background of the city leader, and previous work experience
in the central government. We do not witness a significant increase
in R squared when adding controls, so we do not choose to include
them in fitting the index. Robust standard errors are reported below the
estimates.
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Table A.30: Political incentives and engagement in experimentation

Engaged in experimentation

(1) ) 3) 4)

GDP per capita 0.022***  0.010*** 0.045*** 0.026***
(0.001)  (0.001) (0.003) (0.002)
# of obs. 68,335 70,237 68,335 70,237
# of clusters 250 250 250 250
Mean of DV 0.023 0.023 0.023 0.023
Controls for political incentives No Yes No Yes
Policy FE No No Yes Yes

Note: This table examines how much of experimentation sites’ pos-
itive selection may be attributed to misaligned political incentives,
where we regress localities” engagement in experimentation on their pre-
experimentation GDP per capita, in logarithm (mean=0.819, s.d.=0.918).
Specifically, we estimate the following econometric model: y;, = B -
GDPi, + vp + (X;pI') + ;. Columns 1 and 3 do not control for local politi-
cal incentives (X;,), and columns 2 and 4 include controls for local political
incentives (career incentives of prefecture party leader, its interaction term
with the hierarchical level of the city leader, and the indicator for whether
a prefecture is enjoying political patronage as described in Section [D.2).
Columns 3 and 4, in addition, control for a full set of policy fixed effects.
This analysis is conducted in a a subsample of experiments targeting pre-
fectural cities only, since political incentives are measured at the prefecture
level. Standard errors are clustered at the policy level.
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Table A.31: Total fiscal expenditure during policy experimentation

Total fiscal expenditure

1) (2) (3)

# of experiments  3,742.465** 3,038.238** 1,215.933***
(188.987) (65.095) (78.897)

# of obs. 25,196 25,196 25,196
# of clusters 1,973 1,973 1,973
Mean of DV 15098 15098 15098
County FE No Yes Yes
Year FE Yes No Yes

Note: This table is a simplified version of our analysis on fis-
cal allocation, where we estimate the following econometric
model: y; = B- Expjs + ;i + 6¢ + €j;. Instead of focusing on
domain-specific fiscal expenditure, we investigate whether
participating in experimentation is associated with localities’
total fiscal expenditure, in 10,000 Yuan (s.d.=13832). On av-
erage, localities participate in 1.26 policy experiments each
year, with a standard deviation of 1.44. Standard errors are
clustered at the county level.
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