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Abstract
This paper evaluates the impact of high-tech clusters on inequality by focusing on a Chi-

nese placed-based industrial policy called “Made in China 2025.” Exploiting the stag-

gered roll-out of the policy across “pilot” cities and the representative online job posting

data, we conduct an event-study analysis to investigate the effects of high-tech clusters

on labor demand, wages, and living costs across occupations and regions. We find that

the pilot cities experience a significant increase in online job vacancies and offered wages

relative to non-pilot cities. At the same time, the wage gap between non-routine and rou-

tine occupations widens. On the contrary, this policy lowers labor demand and wages in

neighboring areas of the pilot cities. Combining the labor market effects with increasing

living costs in the pilot cities, we demonstrate that the welfare of non-routine job workers

and workers in the neighboring areas disproportionately declines with the construction

of high-tech clusters. Our results suggest that policymakers should be cautious about

occupational and regional inequalities when constructing high-tech clusters.
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1 Introduction

Many countries recently have set up high-tech clusters to foster the adoption of modern

technologies.1 These initiatives are supported by the fact that place-based industrial poli-

cies have historically been effective in fostering productivity in the targeted areas and that

investment in advanced technologies is becoming more crucial to raising productivity na-

tionwide. High-tech clusters, however, can potentially widen inequalities across regions

and workers. Regarding spatial inequalities, high-tech clusters could have adverse spillover

effects on nearby areas by draining their resources (Hanson and Rohlin, 2013). At the same

time, high-tech clusters accelerate the adoption of advanced technologies such as robots and

AI, and these technologies could displace routine-job workers by automation while raising

the labor demand for higher-skilled workers (Acemoglu and Autor, 2011).

Understanding the effects of high-tech clusters on inequalities is essential for the govern-

ments of developing countries to boost inclusive economic growth through technology up-

grading. However, there is not enough research on this issue, primarily due to the fol-

lowing challenges: First, the construction of high-tech clusters and technological adoption

usually happen gradually and in a cumulative way, leading to the difficulty of estimating

their causal effects. Second, the locations of high-tech clusters are endogenous in most cases.

High-tech firms intentionally choose locations to maximize their profit, and a high-tech clus-

ter is naturally built as more high-tech firms decide to locate in the same advantageous place.

For instance, high-tech companies and IT professionals choose to locate in San Francisco Bay

Area to take the exclusive advantages of the location. Lastly, the empirical evidence on the

impacts of constructing high-tech clusters usually originates from developed countries due

to data limitations. Unlike in developed countries, it is incredibly challenging to obtain

detailed information across individuals and regions in developing countries.

This paper addresses these challenges by evaluating a modern industrial place-based policy

called “Made in China 2025” (henceforth MIC25). The goal of MIC25 is to make China a

global leader in high-technology manufacturing. From 2016 to 2017, 30 pilot cities at vari-

ous stages of development were selected as the front-runners for this technological advance-

ment. MIC25 targeted ten high-tech fields, including next-generation IT, robots, and electric

1For example, South Africa’s Inter-ministerial Committee on Industry 4.0, The Republic of Korea’s I-Korea
strategy in 2017, Indonesia’s Making Indonesia 4.0, and Uganda’s National 4IR Strategy in 2020.
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vehicles. Through this policy, the government provides financial tools such as tax incentives

and direct subsidies to firms in the target industries in pilot cities. We empirically explore

the policy’s impact on labor demand, wages, and living costs across regions and skill groups

by utilizing representative data on online job postings and housing prices. Combining the

reduced-form estimates and a simplified spatial equilibrium model, we examine the overall

welfare impacts of high-tech clusters across regions and skills.

In our setting, three advantages help unravel the issues mentioned above. First, in MIC25,

the central government makes the decisions to upgrade technology and build high-tech clus-

ters in specific regions, leading to a plausibly exogenous shock to firms and individuals in

the targeted areas. Second, 30 cities at different stages of development were selected as pilot

cities for this policy at different timings by the central government. This selection makes

it possible to identify the causal impact by comparing each pilot city with a non-pilot but

comparable city in the same period. Our identification strategy then exploits this policy’s

regional and time variations to uncover its causal effect on inequalities across regions and

skill groups. Finally, the representative online job posting data provide detailed information

on local labor demand at a high frequency, which is not common in most developing coun-

tries. This data advantage enables us to identify the labor market dynamics across regions

and skill groups over time.

By utilizing the place-based and staggered roll-out of MIC25 from 2016 to 2017, we conduct

an event-study analysis to identify the causal impacts of high-tech clusters on the number

of job openings, offered wages, and housing costs. To deal with the potential selection bias

of the government’s choice of pilot cities, we compare each pilot city to a non-pilot city

similar in observable characteristics before implementing MIC25. We further compare the

neighboring cities of pilot cities to those of control cities to examine the spatial spillover

effects and inequalities. To capture inequality across skill groups, we compare routine and

non-routine occupations following the literature on routine-biased technologies. By doing

so, we can then determine who benefits and loses from creating high-tech clusters. We also

explore the mechanisms of the policy effects by analyzing the location choices of both firms

and workers.

We find that the number of job openings in the pilot cities has significantly increased by

30% compared to those non-pilot cities for three years after the implementation of MIC25.
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During the same period, the policy raised wages in the job postings by 4.1% compared to the

counterparts. These effects are more pronounced for non-routine jobs compared to routine

ones. In the pilot cities, the wages increased by 4.8% for non-routine jobs, while only 2.2%

for routine ones.

On the other hand, in the first year of implementing MIC25, the offered wages declined by

3.8% in the neighboring cities of pilot cities compared to the neighboring cities of control

cities. However, the adverse effects on the neighboring areas faded away during the next

two years. These results reveal that the high-tech clusters absorb resources from the neigh-

boring areas in the short run, but their positive spatial spillover effects offset the absorption

over time.

We also examine the policy’s impact on housing costs, a major component of living costs

in China. The implementation of MIC25 raised housing costs by 10.3% in the pilot cities

three years after the policy, while there was no significant impact on neighboring areas. In

addition, we find evidence that the flow of firms and workers has evolved consistently with

the policy’s implementation. Employment of new firms in pilot cities increases by 27.2%.

The population of pilot cities increases by 1.5%, even though there are strict immigration

restrictions in China. We do not find similar changes in neighboring areas during the same

period.

To quantify the welfare impact of MIC25 across different groups of workers who live around

the pilot cities at the time of policy change, we construct a spatial model inspired by Kline

and Moretti (2014b). Instructed by our simplified model, the welfare impact of high-tech

clusters can be traced to shifts in their housing costs and wages, which vary between regions

and occupations.

There are winners and losers due to MIC25. Welfare for workers in non-routine occupations

in pilot cities improves as wages offset the increase in housing cost. Non-routine workers

in neighboring areas have no change in welfare due to the policy. Routine workers in pilot

and neighboring cities suffer welfare loses due to the policy, but for different reasons. The

increase in wages for routine workers in pilot cities is not enough to offset the increase in

housing costs. Routine workers in neighboring regions do not suffer housing cost increases,

but they do suffer from lower wages. More importantly, heterogeneity in labor demand

and wage responses suggests that welfare losses are worse in the pilot cities for workers in
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routine jobs than for non-routine jobs, pointing to substantial inequality across occupations

and regions.

The back-of-the-envelope calculations suggest that an average worker would lose about $

77 per year or about 1 percent of annual wage income, and the total welfare loss for workers

renting houses would be $ 6.78 billion, or about 0.055 percent of China’s annual GDP in 2017,

per each year of the policy’s implementation. Note that we focus only on all workers paying

rent in the pilot cities or their surrounding areas and limit the time to the first three years

after the policy without considering the impact of the COVID pandemic. The long-term

effects may differ from our estimates.

This paper is related to several strands of the literature. First, our study is related to the

growing literature on the local effects of high-tech facilities. Most of these studies focus

on identifying productivity spillovers on knowledge production or R&D (Bloom, Schanker-

man, and Van Reenen, 2013; Carlino and Kerr, 2015; Moretti, 2021), and some of the studies

present the effects on local economies. For instance, Kantor and Whalley (2014) report the

long-term positive effects of research university activity on their local economies. They find

that the spillover effects grow over time as the composition of local industries adjusts to

the comparative advantage of the location. Qian and Tan (2021) identify the mixed welfare

effects of the entry of high-skilled firms on local residents. Our idea is closely related to this

study, but we focus on regional high-tech clusters rather than a single high-tech firm and

highlight the regional inequalities caused by such high-tech clusters.

This paper is also part of a much larger literature on place-based industrial policies. Busso,

Gregory, and Kline (2013) and Criscuolo et al. (2019) identify strong positive employment

and wage effects due to subsidies in disadvantaged areas in the US and UK, respectively.

Both studies find that there is not much negative spillover effect of the traditional place-

based industrial policies. In China, Alder, Shao, and Zilibotti (2016) find a positive spillover

effect of Special Economic Zones(SEZs) along with a 20% increase in GDP in SEZs. On the

contrary, Kline and Moretti (2014a) focuses on the Tennessee Valley Authority implemented

in the 1930s in the US and finds that the negative effect on nearby areas offsets the positive

effect of subsidies for disadvantaged areas. We contribute to the literature by investigating

a modern version of place-based industrial policies that build high-tech clusters and focus

on adopting and distributing advanced technology as a national strategy rather than devel-
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oping disadvantaged areas.

Lastly, this study follows the ideas in the literature on the impact of adopting technologies

on inequalities. Acemoglu and Autor (2011) provide a theoretical framework where recent

technological progress could have the opposite effects on workers based on replaceability

and complementarity of their tasks. Graetz and Michaels (2018) is the first paper to report

that industrial robots are reducing the labor share of low-skilled workers at the national

level. Acemoglu and Restrepo (2020) also find that robots’ impact is distinct from traditional

capital and technologies, negatively affecting wages and employment in local economies.

Using establishment-level data on online job vacancies in the US, Acemoglu et al. (2020)

reports rapid growth in AI-related job postings from 2010 and finds that AI-exposed estab-

lishments are reducing hiring in non-AI positions while they expand AI-related hiring. Our

study complements this literature by investigating such a composition change in the labor

force induced by national-level high-tech clusters, which facilitate the adoption of advanced

technologies in manufacturing.

The remainder of this paper unfolds as follows. We first review the background of China’s

place-based industrial policy MIC25 in Section 2. In Section 3, we introduce the data used

in our analysis. Section 4 demonstrates our matching and estimation strategies. Section

5 presents the results and analyzes the mechanisms. In Section 6 we build a conceptual

framework and investigate the welfare impact of building a high-tech cluster by combining

the estimates in the previous section. Section 7 concludes.

2 Background

This section describes the policy ”Made in China 2025” and the relevant institutional back-

ground. After four decades of economic growth since the opening and reform in 1978, China

has achieved tremendous quantitative growth in the manufacturing sector. China’s indus-

trial technology, however, is still behind that of developed countries such as the US, Ger-

many, and Japan, utilizing modern information technology and highly automated machines.

China’s manufacturing production is still labor-intensive and in a rudimentary level of au-

tomation compared to advanced countries (Hanson, 2020). The data from the International

Federation of Robotics (IFR) demonstrate that Chinese enterprises utilized just 19 industrial

robots per 10,000 employees on average in 2015, which is much lower than 531 in South
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Figure 1: The Spatial Distribution of Pilot Cities

Notes: The map shows the boundaries of all cities (both province-level and prefecture-
level) in China. The highlighted regions are 30 pilot cities of MIC25.

Korea, 301 in Germany, or 176 in the US.

In May 2015, the Chinese central government issued the national strategic plan “Made in

China 2025” — as part of the Thirteen and Fourteen Five-year Plans — aimed to further de-

velop the manufacturing sector in China and transform China from a labor-intensive work-

shop to a more technology-intensive powerhouse by the first half of the 21st century. This

plan focuses on developing production facilities for high-technology goods and increasing

the share of domestic production of core materials to 40% by 2020 and 70% by 2025. To

fulfill the goal of MIC25 more efficiently, the Chinese central government selected ten key

industries to focus on Information Technology, Robotics, Renewable energy, Electronic ve-

hicles, Aerospace equipment, Ocean engineering and high-tech ships, Railway equipment,

Power equipment, New materials, Medicine and medical devices, and Agriculture machin-

ery. These industries are regarded as crucial technology sectors, leading China to a strong

position in the global economy.

The Chinese central government chose 30 pilot cities to implement MIC25 in a “pilot-and-

expansion” way, which took a step-by-step procedure following the experience of other re-

forms such as the Special Economic Zone (Lu, Wang, and Zhu, 2019). The Ministry of Indus-
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Table 1: The Policy Starting Dates of Pilot Cities in MIC25

Quarter Number of cities City name

2016Q2 1 Ningbo

2017Q1 8 Shenyang, Changchun, Nanjing, Wuxi, Changzhou, Suzhou,
Zhenjiang, Quanzhou

2017Q2 15 Huzhou, Zhengzhou, Luoyang, Xinxiang, Changsha, Zhuzhou,
Xiangtan, Hengyang, Zhuhai, Foshan, Jiangmen, Zhaoqing,
Yangjiang, Zhongshan, Chengdu

2017Q3 3 Hefei, Wuhan, Wuzhong

2017Q4 3 Ganzhou, Qingdao, Guangzhou

Notes: The starting date is the time when the city published its own development plan for MIC25
after being selected as a pilot city. Usually the starting date is a few month after the approved date.
All the date information is collected from government announcements, reports, official newspapers,
and policy documents database.

try and Information Technology (MIIT) vice minister states that these pilot cities were chosen

to prevent the trend of local governments rushing to implement similar policies, causing in-

efficiencies.2 In August 2016, Ningbo, a city in Eastern coast of China, was selected as the

first pilot city of MIC25 and the other 29 cities were selected in the following months until

the end of 2017, which makes a total of 30 pilot cities among 335 cities. In 2018, the pilot

cities were upgraded to National Demonstration Zones (NDZs) and got additional financial

support from the central government. The pilot cities are widely dispersed across regions

in China, as shown in Figure 1. Table 1 shows the quarter when each pilot city published

its blueprint for MIC25. All these pilot cities focus on their advantageous industries rather

than being involved in all targeted industries of MIC25.

Though MIC25 was inspired by other countries’ modern industrial plans, such as “Industry

4.0” of Germany, its scale is incomparable with the other policies in many aspects (Li, 2018;

Malkin, 2018; Zenglein and Holzmann, 2019). First, the Chinese central government em-

phasizes MIC25 as the focal policy during 2015-2020, reflecting its importance to the central

government. Second, central and local governments provide a wide range of wholehearted

administrative support, including protecting intellectual property, allocating more lands,

and simplifying government review and approval procedures. Last and most importantly,

the governments offer gigantic financial support to the firms in the pilot cities. Firms with

MIC25-related projects can get higher subsidies, lower loan interest, and higher tax benefits.

2See https://www.chinadaily.com.cn/business/2016-08/19/content 26536807.htm.
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For example, MIIT and China Development Bank promised $45 billion in direct loans and

bond purchases to support major MIC25 projects. The Special Constructive Fund provided

an estimated $270 billion for numerous MIC25-related projects. Shanxi MIC25 Fund offers

$117 billion of financial support for approximately 100 MIC25-related projects. This huge

scale makes MIC25 the best example of “big push” development strategy in developing

countries and may generate positive spillover effects around the targeted places (Rosenstein-

Rodan, 1943; Murphy, Shleifer, and Vishny, 1989; Kline and Moretti, 2014a).

3 Data

Our empirical analyses combine several rich data sources: (1) online job posting data; (2)

city-level statistical yearbooks; (3) housing rent database; and (4) firm registration database.

This section describes each of these data sources and their advantages.

We begin with the online job posting data from a research company called Business Big Data.

The company collects job postings from six major job hunting platforms in China.3 To avoid

duplicate job postings, the company only keeps the first appearance of a specific job from

a specific company. The data span from 2015 to 2020, covering periods before and after the

adoption of MIC25. The job postings from the six online platforms can cover more than 80%

of all online job postings in China.4 For each job posting, the company scraps detailed in-

formation about the job position, including job title, job description, offered wages, required

education and specific skills, etc. It also collects information about the employer, such as

name, industry, location, size, founding year, etc.

The online job posting data is necessary for our research for two reasons. First, it is a unique

data source for investigating labor demand and wages across detailed occupations and lo-

cations in China. For instance, the China City Statistical Yearbooks only report city-level

wages, and China Census does not report wages across years. Chinese individual-level data

sets also do not include wages and detailed occupations and industries. So, the online job

postings data have been used in literature to infer detailed aspects in the labor market of

China (Kuhn and Shen, 2013; Fang et al., 2020; Helleseter, Kuhn, and Shen, 2020; He, Mau,

351job, zhaopin.com, liepin.com, lagou.com, 58.com, and ganji.com
451job and liepin.com have more than half of the market share in 2019 and 51job, 58.com

and zhaopin.com account for over 80% share of the online-hiring market in 2018. See
http://report.iresearch.cn/report/202004/3572.shtml.
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and Xu, 2021). Second, it also provides high-frequency data on job vacancies. This feature

is necessary for identifying policy effects because we utilize the staggered adoption of the

policy across the pilot cities in different quarters. Considering the short time window of our

research from 2015 to 2019, it is also important to expand the number of periods by using

quarterly data.

The online job posting data is close to the US job posting data set assembled by Lightcast

(formerly Emsi Burning Glass), which has been widely used in literature (Hershbein and

Kahn, 2018; Acemoglu and Restrepo, 2020; Forsythe et al., 2020). The Chinese job posting

data set, however, provides two additional advantages. First, we can distinguish the job

posting and job openings, which refers to how many workers the firm intends to hire in each

job post. The US data does not report how many workers an employer would like to hire

for a job posting. So, we can better capture the changes in labor demand in response to the

policy by using the number of job openings rather than the number of job postings. Second,

roughly 80% of the job postings have salary information in contrast with the US data, where

salary information is usually unavailable. This unique wage information constitutes a major

component in our empirical study on inequality across occupations and regions.

The main concern of using online job vacancy data is that online job ads may be biased to-

wards certain occupations among all job vacancies. Following Hershbein and Kahn (2018),5

we investigate the representativeness of the online job openings by comparing our data with

employment from the City Statistical Yearbooks for 2015-2019. Figure 2a compares the in-

dustry composition of employment from the City Statistical Yearbooks (blue bars) and that

of job ads from the online job posting data (red bars). The online job ads over-represent

several industry groups such as business, retailing, and IT, while under-represent manufac-

turing, construction, and education. These results are not surprising considering that firms

in the business, retailing, and IT sectors are more likely to hire their employees via the in-

ternet than other sectors. The other data sources on online job vacancies share the same

issue.

What matters more for our analysis is whether the representativeness changes over time. If it

5Hershbein and Kahn (2018) compare the online job vacancies in the US with public data sets including
Job Openings and Labor Turnover Survey (JOLTS), Current Population Survey (CPS), and Occupational Em-
ployment Statistics (OES) and find that the changes of the job distributions across time fit well with other
public nationally representative data. However, the online postings overrepresent high-skill occupations and
industries overall.
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Figure 2: Representativeness of Job Postings Data

(a) Industry Composition

(b) Employment-Job Postings Share Deviations

Notes: In Panel (a), industry composition of employment are from the City Statistical
Yearbooks and job postings are from the online job posting data for the periods from
2015 to 2019. In Panel (b), we plot the deviation of the online job posting share from the
employment share in 2015 on x-axis and that in 2019 on y-axis. Each point represents a
city-industry pair, a point on the 45-degree line means that job posting data are consistent
with employment data for that city-industry are in 2015 and 2019. Table A.1 shows the
correlations of deviations over all years.
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is the case, our results could be deteriorated by the composition changes of the collected job

postings across industries or locations. Figure 2b shows each city-industry pair’s deviation

of the online job ads share from the employment share in 2015 (on the x-axis) and that in

2019 (on the y-axis), as well as the 45-degree line. If a point (an industry in a city) is on the

45-degree line, then the representativeness of that city-industry pair does not change in the

job posting data during 2015-2019. The figure indicates that the representativeness of the

online job ads for each city-industry is very stable over the periods of interest as most of the

dots lie around the 45-degree line.6 Thus, we believe that our results are not driven by a

growing importance of certain cities or industries in the job vacancy data.

We also compare the number of job openings and offered wages at the city-year level. Fig-

ure B.1a reports the log of job postings from the online job posting data (on the y-axis) and

that of formal employment from City Statistical Yearbooks (on the x-axis). Most observa-

tions are on the line, indicating that the number of job postings and formal employment are

highly correlated. Figure B.1b presents the correlation between monthly wages at the city-

year level from the two data sources. The monthly wages are not only highly correlated but

also highly comparable, as the slope (0.96) shows. Due to the fluctuation and seasonality

issue, we aggregate the firm-specific data to a city-quarter-industry level, starting from the

first quarter of 2015 and covering all cities (prefectures) in China. Due to data availability, we

use the 2-digit industry code (18 in total). This paper examines two main variables related to

job postings: the number of job openings in each city-quarter-industry cell and the weighted

average wage, where the weight is the number of job openings in each posting.

Second, we assemble publicly-available data including the China City Statistical Yearbooks

(2010-2019) and the China City Development Yearbooks (2010-2019) to construct annual eco-

nomic outcomes at the city level. The integrated data include city-level characteristics such

as GDP, employment, wage, land area, population, government expenditure, and others.

These data provides the measure on the similarity of cities, which serves to construct our

matching sample. We also investigate workers’ sorting across places by using population

from this data. Third, we employ a real-time house price data assembled by Anjuke, an

online real estate company in China, and aggregate the data to the quarterly level for the

analysis of the local housing market. They estimate monthly housing prices for each city by

using all housing transaction records and covers 220 out of 334 cities since 2015, including

6Table A.1 reports the correlation coefficients across different time windows.
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28 pilot cities out of 30.

To investigate firms’ sorting across cities, we also gather the registration information of all

firms from China’s Administrative Registration Database. These data covers all firms in

China starting in 1980 and reports firm name, registration place, operation place, registra-

tion asset, and registered industry (4-digit). Using the data, we can analyze the effect of

building a high-tech cluster on the inflow of new firms and hiring of these new firms, which

could be the primary mechanism behind the changes in labor demand. For the back-of-the-

envelop calculation of welfare effects of MIC25, we also utilize migration records from the

China Migrants Dynamic Survey data, a yearly cross-sectional data covering around 160,000

households in all provinces in China from 2010 to 2019.

4 Empirical Strategy

The main objective of our empirical analysis is to estimate the causal effects of MIC25 on

labor demand, wages, and housing rent in the pilot and neighboring cities of the pilot ones.

As described above, 30 cities were selected as the pilot cities by the Chinese central gov-

ernment. The major obstacle for causal inference is that the pilot cities are not randomly

selected, which results in biases in difference-in-difference estimates. Ideally, we should

choose the cities that were also the candidates for the pilot program of MIC25, but were not

chosen. Unfortunately, such information is not publicly available. Given that we do not have

the details on how pilot cities are selected, we rely on observed city characteristics to create

a comparable sample of control cities. To be specific, we estimate propensity scores of be-

ing chosen as a pilot city using a logistic regression model with a set of pre-policy city-level

characteristics.

The propensity score matching (PSM) is found to be effective to deal with an endogenous

location selection of government policies (Todd, 2007). In our context, the propensity score,

P(D = 1|X), gives the predicted probability of being selected as a pilot city (D = 1) under

the assumption of the government’s selection on observable city characteristics ((Y0, Y1) ⊥

D|X). The characteristics include population, employment, GDP per capita, land area, num-

ber of industrial firms, government tax income, and employment shares of main industries

and their growth rates in the base year 2015 from the Chinese City Statistical Yearbook. We

also exclude the neighboring cities of the pilot cities from the matching pool because the
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Figure 3: Distribution of Propensity Scores

Notes: The red solid line indicates the distribution of the estimated propensity scores for
the pilot cities and the blue dashed line indicates that for the matched control cities. 17
unique non-pilot cities are matched to the 30 pilot cities with possible multiple matches
for a control city.

neighboring cities could be affected by the spillover effects of the high-tech clusters. If the

clusters have positive or negative spillover effects to the nearby regions, then we would be

under- or over-estimating the impact of MIC25.

After getting the predicted propensity scores from the logistic model, we perform matching

in a way that each pilot city is matched with a non-pilot city that has the closest propensity

score. To avoid a potential effect of the choice order, we use a matched non-pilot city again

for the matching of the other pilot cities. Thus, a non-pilot city could be matched more than

once, guaranteeing the best matches. This way effectively captures the control cities for the

other major policy of the Chinese central government, the hukou reform (Wang, Milner, and

Scheffel, 2021). Figure 3 indicates that the distribution of the estimated propensity scores for

the pilot cities is similar to that for the matched control cities. It is important to note that our

results do not just depend on our choice of control cities, and we also report the results with

all non-pilot cities as a control group as a robustness check.

To analyze the spatial spillover effects of the high-tech clusters, we define neighboring cities

as the closest five cities in terms of distance between the city centers. These neighboring
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Figure 4: The Maps of the Cities of Interest

(a) Pilot and Neighboring Cities (b) Control and Neighboring Cities

Notes: The control cities in Panel (b) are chosen by the matching algorithm based on the
city-level characteristics in the base year 2015. The neighbor cities are the closest 5 cities
for each pilot and control cities except for the pilot and control cities.

cities of the pilot cities cover most of the cities sharing the boundary with the pilot cities.

Since there are some clusters of pilot cities, there are less than 150 neighboring cities. Figure

4 depicts the four groups of cities. The left panel shows the pilot cities in red and the neigh-

boring cities of pilot cities in blue. On the right panel, we can see the control cities in red

and the neighboring cities of the control cities in blue. These maps imply that the pilot and

control cities are not concentrated in specific regions of China.

Table 2 shows the summary statistics of the treated and control cities in 2015. Panel A

presents the average values of city-level characteristics, and panel B reports the growth of

those variables during 2010-2015. We use these variables to estimate the propensity score

of the treatment. The table reports average values for the pilot, matched control, and all

non-pilot cities in columns (1), (2), and (4), separately. All non-pilot cities exclude the neigh-

boring cities of the pilot cities. Columns (3) and (5) present the differences between pilot and

matched control or pilot and all non-pilot cities. Column (5) indicates that the pilot cities are

larger and more prosperous than the other cities on average. GDP per capita and total em-

ployment of the pilot cities are about twice larger than those of the non-pilot cities, and the

gaps are statistically significant. Column (3) reports that the gaps are much more narrowed

between the pilot and matched control cities though there are still substantial differences

for a few variables. However, we could not find any statistically significant differences in

the growth variables. It means that our estimation results, which capture the growth of the
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Table 2: Summary Statistics

(1) (2) (3) (4) (5)
Pilot (30) Matched cities (30) All nonpilot cities (175)

Value Diff Value Diff
Panel A: Level in 2015
Population (10000) 571.4760 660.6907 89.2147 439.5540 -148.1630**
GDP per capita (yuan) 82223 68906 -13317 45138 -37259***
GDP share (second) 49.1450 39.8657 -9.2793*** 45.2974 -3.9967***
GDP share (third) 44.8363 51.6097 6.7733* 40.9010 -3.9137**
Local government expenditure (10000 yuan)

Total 7112232 13902690 6790458* 3671060 -3463556***
R&D 246504 557247 310743 60280 -186709***

Self-employment 1423135 1854317 431181 498152 -927533***
Unemployment 53162 52127 -1035 24535 -28813***
Employment (10000)

Formal 129.6712 176.6093 46.9381 51.6787 -78.0396***
Second sector 69.7052 54.5142 -15.1910 22.1280 -47.6161***
Third sector 59.6832 120.5000 60.8168 28.4075 -31.4065**
Manufacturing 48.7786 33.8377 -14.9409 11.2042 -37.5815***
IT 2.6839 10.2698 7.5859* 1.0727 -1.7409**
Science 3.1469 10.1827 7.0358* 1.2672 -2.0131**

Avg annual wage (yuan) 61437 65349 3913 52770 -8635***
Area (squared km) 10319 14385 4066 20272 10548***
Number of colleges 22.9 24.5 1.6 7.4 -15.5***
Panel B: Annual growth rate (2010-2015)
Population 0.0073 0.0082 0.0009 0.0020 -0.0052*
GDP per capita 0.0956 0.1026 0.007 0.1024 0.0086
GDP share (second) -0.0122 -0.0174 -0.0052 -0.0191 -0.0052
GDP share (third) 0.0215 0.0232 0.0017 0.0325 0.0093**
Local government expenditure

Total 0.1633 0.1668 0.0035 0.1530 -0.0101
R&D 0.2078 0.21 0.0022 0.1683 -0.0391*

Self-employment 0.087 0.0635 -0.0236 0.0843 -0.0005
Unemployment 0.022 0.0255 0.0035 0.0152 -0.0103
Employment

Formal 0.0868 0.0835 -0.0033 0.0553 -0.0305**
Second sector 0.0999 0.0945 -0.0054 0.0780 -0.0195
Third sector 0.0737 0.0625 -0.0112 0.0481 -0.0257**
Manufacturing 0.0864 0.077 -0.0094 0.0685 -0.0160
IT 0.1555 0.1632 0.0076 0.0719 -0.0842***
Science 0.0903 0.1399 0.0495 0.0673 -0.0230

Avg annual wage 0.1126 0.1156 0.003 0.1156 0.0037

Notes: This table presents the averages across the pilot group (30 cities), the control group (30 matched cities
selected by Logit on all the growth rates listed in Panel B, there could be duplicated cities due to matching
with replacement, we also show the similar summary statistics for only 17 cities in the control group), and all
non-pilot cities (175 cities for which we have complete data). Difference columns show whether the differences
between that group and the pilot group are significant. Stars ***, **, * show significance at the 1%, 5%, and 10%
level, respectively. All industries are classified into three broad sectors (primary, secondary, and third). Each
broad sector includes some granular sectors. More details can be found here.
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outcome variables from the time of policy change, are not likely driven by the other changes

in the observable characteristics.

To estimate the causal effects of MIC25, we conduct an event study analysis with the pilot

and matched control cities. We exploit the variation in the timing of policy implementation

across the pilot cities. Our main specification is given by:

Yict = α +
12

∑
k 6=−5;k≥−5

βk · 1{t = t∗c + k, Dc = 1}+ γic + δt + εict. (1)

where Yict is the outcome (log of job openings, offered wage, house price, etc.) at city c

and quarter t and industry i. Dc is the indicator of being chosen as a pilot city, so 1{t =

t∗c + k, Dc = 1} = 1 if city c is a pilot city and quarter t is k quarters after the start date

(t∗c ) and 0 otherwise. We control for industry-by-city (γic), and time (δt) fixed effects. γic is

included to control for any time-invariant unobservable heterogeneity of city-specific indus-

try, and δt additionally takes away the time trends. We also try to control industry-specific

time trends as a robustness check. We weigh observations by the number of job postings

in 2015, the year before the policy implementation, to reflect the difference in city size. As

has been recognized by Goodman-Bacon (2021), the two-way fixed effects model could lead

to biased estimates if the policy has heterogeneous impacts across cities (treatment hetero-

geneity) and the treatment effects evolve over time (dynamic treatment effects). To correct

this bias, we use the modified approach with staggered adoption following Callaway and

Sant’Anna (2020).7

If our assumption of selection on observables is satisfied or the fixed effects well control

for the possible unobservable heterogeneity (1{t = t∗c + k, Dc = 1} ⊥ εict|γic, δt), then our

coefficients of interest

βk = E[Yc,k −Yc,−5|Dc = 1]− E[Yc,k −Yc,−5|Dc = 0] (2)

should capture the causal effects of MIC25 on the outcome variables at k quarters after

the policy change. Our primary outcome variables are logs of online job openings, offered

wages attached to job openings, housing prices, firm entry, and population. The results of

online job openings capture the change in labor demand in response to the announcement
7The estimation results following Borusyak and Jaravel (2017) and Sun and Abraham (2020) are similar.
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of building high-tech clusters. The wage and housing price results reflect the welfare effects

of the policy. The effects on firm entry and population would show the location choices

of labor demanders and suppliers in response to the policy change, which we present as

mechanisms of wage and housing price changes.

5 Empirical Results

Our empirical results unfold in four parts. First, we use online job posting data to explore

the effect of MIC25 on labor demand and wages and the heterogeneity across industries

and occupations. Specifically, we show the direct impact by comparing pilot cities to those

matched non-pilot cities, the spillover effect on neighboring cities, and the composite im-

pact, including both direct and spillover impacts. Second, we estimate the effect of MIC25

on housing prices to investigate how the cost of living changes in the pilot and neighboring

cities. Third, we investigate the mechanisms that lead to the changes in wages and housing

prices by exploring firm entry and population migration. These variables reflect the loca-

tion choices of firms and workers in response to the policy. Lastly, we implement a series of

robustness checks to consolidate the validity of our findings.

5.1 Labor Demand and Wages

This part describes the direct and spillover effects of the policy on labor demand and wages

and how such effects vary across locations, industries, and occupations.

5.1.1 Pilot Cities

We start with the policy’s direct impact on labor demand and wages in pilot cities by com-

paring pilot cities and matched non-pilot cities from 2016 to 2019. Figure 5 plots the coeffi-

cients of interest from Equation (1) and the corresponding 95% confidence intervals. Panels

(a) and (b) present the estimates for the log number of job openings and log monthly wages,

respectively.

Compared to non-pilot cities selected by our matching procedure, the number of job open-

ings in pilot cities increased significantly one year after the policy. The increase is substantial

and reached about 50% after two years since the implementation of the MIC25. The figure
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also indicates that the increase is driven by the policy since there was no pronounced differ-

ence in the number of job openings between pilot and control cities prior to the policy.

Offered monthly wages in job postings show an increasing trend similar to the number of

job openings. While point estimates become positive after a year from the policy, they are

precise and significant only toward the end of the sample period (i.e., two years after the

policy). This pattern is partly consistent with the lagged response in the number of job

openings.

The relatively muted effects of MIC25 on wages attached to the online job postings could

indicate two different patterns in the labor market of pilot cities. First, firms may not need

to increase the offered wages if there are enough inflows of job seekers from the other cities

even though they would like to hire more workers after the policy. Second, there could be

composition changes in online job postings. The increase in job postings in the early periods

may be accounted for by the increasing labor demand for low-skilled workers, resulting in

static wages. Then, the increase in labor demand concentrates more on high-skilled workers,

generating the growing wage effects in the later periods. These findings are consistent with

the increasing trend and significant wage increase in the later periods.

To quantify the policy’s overall impact, we also utilize a difference-in-differences specifica-

tion that compares the average of post periods to the average of periods before the policy.

Panel A of Table 3 presents these results for pilot cities. Columns (1) and (3) show the results

of all 12 quarters after the policy and before the COVID pandemic. Columns (2) and (4)

illustrate the policy’s short-term effect using only the four quarters after the policy.

On average, we find an increase of about 30% in job openings in pilot cities. This result is

comparable to the estimates in the literature for the impact of place-based policies on em-

ployment, for example, 35% increase in employment in China (Lu, Wang, and Zhu, 2019),

about 10-15% in the US and UK (Kline and Moretti (2014a); Criscuolo et al. (2019)). The

event study shows that it takes about a year for the positive effect to arise. It then increases

substantially to 25% a year after the policy and 50% after two years. Consistent with the

event study, Column (2) demonstrates little effect in the first year after the policy. For of-

fered monthly wages, Column (3) displays a 4% increase three years after the policy. The

effect is almost zero in the first year after the policy. Given that it takes time for firms to

apply for and receive funding and built production facilities, we believe these patterns are
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reasonable.

These results imply that MIC25 generates regional inequality between pilot and control cities

by providing more job opportunities and better wages after creating these high-tech clusters

in the pilot cities. Our matching method has ensured that matched non-pilot cities are com-

parable to pilot cities regarding economic development, consistent with the evidence that

all the pre-periods are not dramatically from zero. Unlike the place-based industrial policies

in developed countries where the government selects disadvantaged areas to reduce spatial

inequalities, the MIC25 picks cities with good industrial foundations so that the inequality

could be even more prominent compared to less developed cities. In addition, the house-

hold registration (hukou) system restricts Chinese workers’ migration, resulting in higher

costs for Chinese workers to move out of their hometowns to obtain better job opportuni-

ties. As a result, MIC25 also produces inequality between residents of the pilot cities and

residents of other cities.

5.1.2 Spillover Effects

The main concern of place-based policies is that they might simply relocate resources away

from neighboring places and ultimately have no overall effect. In this part, we investigate

this spillover effect by comparing job openings and wages between the neighboring cities of

pilot cities and the neighboring cities of matched non-pilot cities. Visually, we are comparing

the blue cities in Panel (a) of Figure 4 with the blue cities in Panel (b). To avoid double

counting, we exclude from the sample all cities adjacent to the pilot cities and the matched

non-pilot cities.

The regression specification remains the same, and Figure 6 displays those estimates for

the number of job openings and monthly wages. These figures exhibit that those cities sur-

rounding the pilot cities experienced a reduction in job openings and offered wages around

one quarter before the policy’s implementation. This result does not mean that we fail to

capture the causal impact of the policy and the reasons are the followings. In our specifica-

tion, we define period zero as when the policy was implemented. However, the policy is,

on average, announced about one quarter before its implementation.8 Therefore, the event

studies infer that both labor demand and wages decreased in the neighboring cities of pilot

8This is not in our main specification since we could not retrieve policy announcement dates for all pilot
cities, but policy starting dates (i.e., start to implement) are available for all of them.
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Table 3: Estimation Results of Labor Demands and Wages

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

Log(Number of Job Openings) Log(Monthly Wages)

Panel A: Pilot Cities

ATT 0.298*** 0.042 0.041*** 0.003

(0.104) (0.070) (0.023) (0.014)

Observations 20,133 12,229 19,872 12,098

Outcome Mean 22,113 22,113 $ 845.43 $ 845.43

Panel B: Neighboring Cities

ATT 0.074 -0.163 -0.020 -0.038**

(0.123) (0.099) (0.025) (0.016)

Observations 70,988 43,035 69,615 42,298

Outcome Mean 11,904 11,904 $ 787.29 $ 787.29

Panel C: Composite Cities

ATT 0.128 -0.114 -0.005 -0.028**

(0.099) (0.078) (0.019) (0.013)

Observations 91,121 55,264 89,487 54,396

Outcome Mean 14,094 14,094 $ 799.87 $ 799.87

Post Quarters 12 4 12 4

Time FE Yes Yes Yes Yes

Industry-City FE Yes Yes Yes Yes

Notes:ATT (average treatment effect on the treated) is the aggregated treatment effects of event studies, cal-
culated following Callaway and Sant’Anna (2020), where control cities are selected based on the propensity
score matching method. Each city-by-industry observation is weighted by the total number of job postings in
2015. Columns (1) and (3) show the estimates with 12 post quarters, while Columns (2) and (4) reports the
estimates with four quarters after the policy. We include at most 5 quarters prior to the policy. Outcome means
are calculated based on all quarters, wages are transformed from yuan into dollar using 7 as the exchange rate.
Standard errors in parentheses are clustered at the city level, ***, **, and * represent the significance level at 1%,
5%, and 10% level, respectively.
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Figure 5: The Impacts on Job Postings in the Pilot Cities

(a) Log Number of Job Openings

(b) Log Monthly Wages

Notes: Figures present coefficients and 95% confidence intervals on the interaction be-
tween the indicator of relative quarterly periods from the policy start date and the indi-
cator of the pilot cities. Industry-by-city and industry-by-calendar quarter fixed effects
are controlled and each city-by-industry observation is weighted by the total number of
postings in 2015.
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cities as soon as the announcement occurred, before the implementation. This result differs

from lagged increasing demand in pilot cities, where the impact appeared in around one

year due to the fund application process and facility construction.

Panel (a) demonstrates that the decrease in job openings was large and pronounced in the

neighboring cities of pilot cities, reaching about 20% after the policy’s inception. In about six

quarters after the implementation, the negative impact faded away, indicating an adverse

spillover effect of the policy. Notably, there is an increasing trend, which shows a clear

positive impact on neighboring regions in the later period, probably due to the positive

spillover of skills from the pilot cities to the surrounding regions.

The impact on monthly wages in the neighboring cities displays similar patterns, as illus-

trated by Panel (b) of Figure 6. The surrounding areas of pilot cities suffered a 5% decrease

in wages about half a year from the policy’s implementation. The wage decline persisted

for three quarters, but the negative impacts narrowed by the end of the sample period when

the effect was close to zero.

Similar to the results for pilot cities, we incorporate a difference-in-differences specification

to get a summary measure of the impact of MIC25 on neighboring cities. The results are pre-

sented in Panel B of Table 3. Column (1) presents that the overall impact on job openings is

positive but insignificant at around 7%, meaning that the increase in the later periods shown

in the event studies is slightly larger than the decrease in the short period right after the pol-

icy. Column (3) shows that the overall effect on wages is negative at 2% but insignificant.

Columns (2) and (4) explore the effect on only 4 quarters after the policy. The estimates indi-

cate that in the first year after the policy, job openings declined by about 16% and monthly

wages fell significantly by about 4%.

Our results suggest that MIC25 negatively affects the labor demand in the surrounding areas

of pilot cities in the short term. This spillover effect became positive and significant two and

a half years after the policy’s start. Furthermore, we observe similar patterns for monthly

wages. The negative effect on wages slowly faded away and was slightly positive towards

the end. Overall, the results support that the high-tech clusters created by MIC25 are de-

pleting the resources of the surrounding areas, at least in the short term. These neighboring

regions seem to recuperate labor demand after 1-2 years and even show positive spillover

effects in the third year. The recovery in wages shows a pattern that lags behind job open-
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Figure 6: The Impacts on Job Postings in the Neighboring Cities

(a) Log Number of Job Openings

(b) Log Monthly Wages

Notes: Figures present coefficients and 95% confidence intervals on the interaction be-
tween the indicator of relative quarterly periods from the policy announcement date
and the indicator of the neighborhood cities around the pilot cities. Industry-by-city
and industry-by-calendar quarter fixed effects are controlled and each city-by-industry
observation is weighted by the total number of postings in 2015.
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ings, possibly due to China’s household registration system, which places barriers on the

movement of people, but no restrictions on the reallocation of firms.

The previous results show that while pilot cities experienced large growth in job openings

and wages their neighboring cities suffered in the short run from decreased job openings and

wages. We then explored the dominance of these impacts and the policy’s overall impact on

the pilot and neighboring cities. Specifically, we compare the sample of pilot cities plus their

neighbors to the sample of control cities plus their neighbors. Visually, we are comparing

the red plus blue cities in Panel (a) versus the red plus blue cities in Panel (b) of Figure 4. We

call these two samples composite cities.

This exercise aims to determine if the positive effect on pilot cities outweighs the negative

effect on neighboring cities or vice versa. The results are shown in Figure 7. We find that

the negative effects on neighboring cities outweigh the positive effects on the pilot cities,

which is not surprising since each pilot city has multiple neighboring cities that experienced

adverse effects, while each pilot city experienced a positive effect. The negative effects on

jobs and wages lasted only one year after the policy was implemented, after which they

became zero and positive for the rest of the time.

We also implement a difference-in-differences style comparison for these composite cities to

infer the overall impact of the policy. The results are shown in Panel C of Table 3. Columns

(1) and (3) compare composite pilot cities (including pilot cities and their neighbors) versus

composite matched cities (including matched non-pilot cities and their neighbors) one year

before and three years after the MIC25. Columns (2) and (4) make the same comparison

restricting the sample period to one year after the policy. The first two columns report the

estimated impact on job openings and the last two are for monthly wages. Similar to the re-

sults of neighbor cities, the overall effect is positive but insignificant in the long run for both

job openings and monthly wages. In the short term, job openings decreased by 10% though

the estimates are not precise. However, in the first year of the policy’s implementation, there

was a negative and significant impact on wages of about 3%, mainly due to the considerable

negative impacts on neighboring cities and negligible impacts on the pilot cities.

We conclude that MIC25 had a positive impact on labor demand and wages in the pilot

cities. In the first year after the policy was implemented, the surrounding areas suffered a

reduction in labor demand. In the short term, this reduction outweighed the positive impact
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Figure 7: The Impacts on Job Postings in the Composite Cities

(a) Log Number of Job Openings

(b) Log Monthly Wages

Notes: Figures present coefficients and 95% confidence intervals on the interaction be-
tween the indicator of relative quarterly periods from the policy announcement date and
the indicator of the composite cities around the pilot cities. The composite cities of the
pilot cities include both pilot cities and their neighboring cities and the composite cities
of control cities include both control cities and their neighboring cities. Industry-by-city
and industry-by-calendar quarter fixed effects are controlled and each city-by-industry
observation is weighted by the total number of postings in 2015.
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on the pilot cities. After one year, the negative impact faded away, and at the end of the

sample period, the impact turned positive in the pilot and surrounding areas. Furthermore,

wage increases in the pilot cities came at the cost of wage declines in their neighboring cities.

On average, the negative in neighboring areas dominated in the short term, as the first-year

impact on wages in the composite cities is negative. The overall impact is close to zero,

suggesting a positive impact in the later years. It is difficult to predict the long-term impact

of the MIC25 because our sample ended in 2019, and the subsequent outbreak of COVID

dramatically changed all aspects of society.

5.1.3 Heterogeneity Analysis

The previous parts have shown the dynamic impacts on job openings and monthly wages

in pilot and neighboring cities. We see that the policy led to dramatic inequalities across

locations. For example, places near pilot cities experienced large drops in labor demand

and wages following the policy. In this part, we further explore inequalities within the pilot

cities. Given that MIC25 is creating high-tech clusters, the gains in the targeted industries

and related occupations are likely to be higher, but if there are spillovers across industries,

the large scale of the policy could significantly impact all industries or occupations.

First, we explore the impact of MIC25 on different industries. Since only 2-digit level indus-

try codes are available in the job posting data, we cannot identify the exact industries that

MIC25 targets at a granular level. Using the 2-digit level industries available, we find that

the results are quite consistent across different industries. The large increase in job openings

is evident for both targeted and non-targeted industries. The results on wages do not show

significant differences. We plot the event study coefficients on job openings and wages for

manufacturing, IT, science, and business industries in Figure B.2 of the Appendix.

The MIC25 enlarged job opportunities and wages similarly across industries. One reason

could be that the other non-targeted industries are complementary to the targeted industries.

The other reason is that the targeted industries are more capital-intensive than other non-

targeted industries. Though the government’s investment subsidies would concentrate on

the targeted industries, the effective labor demand increased in those industries could be

smaller than that in the non-targeted industries. Therefore, the direct effects in the targeted

industries could be similar to the spillover effects in the non-targeted industries.
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Any industry consists of multiple occupations, which could be high-skilled or low-skilled.

Even though we see a large increase in labor demand and monthly wages in all industries,

the impact might vary dramatically across occupations since the creation of high-tech clus-

ters might favor more high-skilled occupations. We then spend the rest of the sub-section

on heterogeneity across occupations. If high-tech clusters induce routine-biased technolog-

ical change as reported in the developed countries, we would observe the disproportionate

impacts of MIC25 on demand for non-routine positions. Specifically, there should be a more

significant increase for non-routine occupations that would be complementary to the tech-

nological change. This complementarity should also result in higher wage increases for

non-routine occupations.

We classify the occupations based on the tasks they perform following Acemoglu and Au-

tor (2011): routine versus non-routine. The specification remains the same as shown in

equation (1). Panel (a) of Figure 8 reveals that job openings for non-routine occupations

appeared to be 10-15% higher than routine occupations about six quarters after the policy,

which is consistent with the hypothesis that MIC25 results in routine-biased technological

change and upskilling as the policy targets technological upgrading of high-tech industries.

The co-movement across occupations before the policy consolidates that MIC25 is behind

the divergence. Similar to all previous results, the divergence arose one year after the pol-

icy.

In Panel (b) of Figure 8, wages for routine and non-routine jobs evolved similarly for one

year after the policy. After one year, we notice a diverging pattern for wages between routine

and non-routine occupations. Wages for non-routine occupations increased by 3% more

compared to routine occupations two years after the policy. Three years after the policy, the

difference is even larger at around 6-7%. These differences are statistically significant, and

the divergence increased over time after the policy. Unfortunately, we cannot investigate the

long-run differences due to the sample period. Nonetheless, these results suggest that the

policy led to inequality across occupations within the high-tech clusters.

To summarize the different effects of MIC25 across occupation we conduct a difference-in-

differences comparison within each occupation group. The results are shown in Table 4.

Columns (1) and (3) presents the results for non-routine and routine occupation over the

whole period. Columns (2) and (4) show the results restricting the sample period to one
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Figure 8: The Impacts on Job Postings in the Pilot Cities by Occupation

(a) Log Number of Job Openings

(b) Log Monthly Wages

Notes: Figures present coefficients and 95% confidence intervals on the interaction be-
tween the indicator of relative quarterly periods from the policy start date and the in-
dicator of the pilot cities. The classification of occupations into non-routine and routine
jobs follows Acemoglu and Autor (2011). Industry-by-city and industry-by-calendar
quarter fixed effects are controlled and each city-by-industry observation is weighted by
the total number of postings in 2015. Each line is estimated by a separate regression for
each occupational group.
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year after the policy. Panel A shows that job openings in non-routine occupations increased

by about 32% compared to 23% of that in routine occupations. These patterns are consistent

with our hypothesis that non-routine jobs are complementary to technological advancement.

Panel B of Table 4 demonstrates the same analysis for monthly wages. Columns (1) and

(3) show that the increase in wages is larger for non-routine occupations in pilot cities 9.

Wages increase about 4.2% for non-routine occupations versus a 1.8% increase in routine

occupations.

Given the large investments in high-tech clusters, job openings and wage growth across oc-

cupations are straightforward. However, labor demand and wage growth in non-routine

occupations are significantly greater than in routine occupations in pilot cities. More im-

portantly, the divergence in the impacts on wages across occupations increased over time.

While we investigate short-term effects, inequality will likely be higher in the long run fol-

lowing the increasing trends. We conclude that, in addition to regional inequality, MIC25

also leads to inequality across occupations.

5.2 Housing Market

The previous parts present the policy’s impact on wage and income, and we then dig into

the impact on people’s cost of living, another primary component of people’s welfare. The

importance of studying the housing market is twofold. First, rent and housing are the main

components of living costs in China. Second, increased housing and rent prices might indi-

cate higher demand for housing, migration, and fill of job postings. Given that we cannot

observe intercity or seasonal migration, the housing market could serve as a proxy for it.

Ideally, we could implement the same specification to infer the direct impact — comparing

pilot cities to matched non-pilot cities — and the spillover effect. However, because we do

not have housing price or rent data for all cities, we decided to compare the pilot cities with

all other cities for which we have data, except for neighboring cities.

We conduct a similar difference-in-differences specification for housing prices, and the re-

sults are in Table 5. On average, the policy led to a 6% increase in housing prices one year

after the policy, and the number becomes 10.3% three years after the policy. If we assume

9We run the same analysis on neighboring areas and composite cities as before. The results are shown
in Tables A.5 and A.6 of the Appendix. We do not find large differences in the effects across occupations in
neighboring areas.
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Table 4: The Impact on Job Openings by Occupation

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

Panel A: Log Number of Job Openings

ATT 0.319*** 0.035 0.226*** 0.025

(0.034) (0.022) (0.046) (0.033)

Observations 141,313 84,897 96,029 57,691

Outcome Mean 1,794.81 1,794.81 2,038.89 2,038.89

Panel B: Log Monthly Wages ($)

ATT 0.042*** 0.004 0.018*** 0.004

(0.007) (0.004) (0.006) (0.005)

Observations 136,179 82,766 92,072 56,176

Outcome Mean ($) 982.43 982.43 879.15 879.15

Post Quarters 12 4 12 4

Occupation Non-routine Non-routine Routine Routine

Occupation-Time FE Yes Yes Yes Yes

Occupation-City FE Yes Yes Yes Yes

Notes:ATT (average treatment effect on the treated) is the aggregated treatment effects of event studies, cal-
culated following Callaway and Sant’Anna (2020), where control cities are selected based on the propensity
matching method. Each city-by-industry observation is weighted by the total number of postings in 2015.
Columns (1) and (3) show the estimates with 12 post quarters, while Columns (2) and (4) reports the estimates
with four quarters after the start of the policy. We include at most 5 pre quarters for all pilot cities. Outcome
means are calculated based on all quarters, wages are transformed from yuan into dollar using 7 as the ex-
change rate. Standard errors in parentheses are clustered at city level, ***, **, and * represent the significance
level at 1%, 5%, and 10% level, respectively.
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housing rent and housing price co-move, the policy results in a $ 28 increase in monthly rent

($336 per year).10 The MIC25 caused residents in pilot cities to pay higher rent and hous-

ing prices. In contrast, the neighboring cities do not experience any increase or decrease in

housing prices, as shown in the last two columns of Table 5.

Figure B.3 depicts the dynamic effects on housing prices. Pilot cities experienced significant

increases on housing prices relative to other cities. The effects rose quickly to around 5%

immediately after the policy. After one year the effects persisted at 10% until the end of the

sample period. The lack of pre-trends indicates that the housing market is responding to the

announcement of pilot cities.

Table 5: Estimation Results of House Price

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

Log(House Price)

ATT 0.103*** 0.064** -0.050 -0.028

(0.037) (0.029) (0.029) (0.023)

Unit Pilot Cities Pilot Cities Neighbor Cities Neighbor Cities

Observations 1,065 586 4,390 2,353

Outcome Mean 13,243 13,243 9,014 9,014

Post Quarters 12 4 12 4

City FE Yes Yes Yes Yes

Time FE Yes Yes Yes Yes

Notes: ATT (average treatment effect on the treated) is the aggregated treatment effects from event studies.

Given that wages in pilot cities did not increase in the first two years after the policy, peo-

ple in pilot cities were worse off due to the increase in housing prices. In Figure 8 we see

that wages increase after 2 years. Compared to routine occupations, the wage increase for

non-routine occupations is steeper and statistically significant. Since the rent and houses

are now more expensive, workers in routine occupations are worse off than non-routine oc-

cupations. Both occupation groups were worse off in the first two years since the housing

market reacted as soon as the policy started. Wages are slower to react, and they pick up

around two years after the policy, corresponding to pilot cities becoming National Demon-

stration Zones and gaining even more support from the government. Since the policy is still

10The average monthly rent is around $ 275 in 2016. We use 1 USD = 7 CNY as the approximate exchange
rate. The rent data from Wind including 100 cities indicate that the average monthly rent is around 1920 CNY
for a house with 60 m2 area in 2016.
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ongoing, the increasing wage trend would have to persist in order to overcome the increase

in living expenses.

In addition to living expenses, the housing market speaks to migration patterns. We know

from economic models of place-based policies that if workers are mobile and housing supply

is inelastic, workers will move, then rent and housing prices will increase (Kline and Moretti,

2014b). The event studies in Figure B.3 show that the housing market responds even earlier

than the labor demand. We interpret this as evidence that workers reacted quickly to the

policy change and moved to the pilot cities after the policy’s inception. Similarly, Alder,

Shao, and Zilibotti (2016) find that Special Economic Zones in China attract large popula-

tions. Hence, the limited housing supply and increased demand can explain the increase in

the price of the housing market. This scenario would make landowners in the area better off

(Kline and Moretti, 2014b) while hurting the average worker since their rent or house price

would increase.

In summary, we observe increasing rent prices and flat wages in the short term with an in-

creasing trend towards the end of the sample period. We conclude that the average worker

is worse off in the short run due to the increased cost of living without an increase in wages.

We conclude that the average worker is worse off in the short term as the living expenses in-

crease and the wage does not. This situation is worse for workers in non-targeted industries

and routine occupations. The enlarged wage gap across occupations may worsen inequality

in the long run.

5.3 Mechanisms

So far, we have shown that the high-tech clusters formed by the MIC25 caused regional

and skill inequality in terms of wages and housing costs. This section aims to understand

the mechanisms behind these results. Specifically, we focus on firms and workers’ location

choices because high-tech clusters could attract firms and workers outside the pilot cities,

directly affecting the outcomes. If the inflow of firms outweighs that of workers, it could

result in wage raises in the pilot cities. On the other hand, the inflow of workers could raise

housing rents in the pilot cities if the housing supply does not meet the housing demand.

To investigate these mechanisms, we estimate the effects of MIC25 on employment in new

firms and populations.
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Table 6: Estimation Results of Firm and Worker Sorting

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

Log(Employment of New Firms) Log(Population)

ATT 0.272*** 0.018 0.015** -0.004

(0.085) (0.034) (0.006) (0.006)

Unit Pilot Cities Neighbor Cities Pilot Cities Neighbor Cities

Observations 20,647 88,695 600 1,180

Outcome Mean 197,235 57,952 612.606 457.738

City FE Yes Yes Yes Yes

Time FE Yes Yes Yes Yes

Notes: ATT (average treatment effect on the treated) is calculated based on the aggregated treatment effects in
event studies. Observations in columns (1) and (2) are at city-industry-quarter and each city-industry observa-
tion is weighted by the number of registered firms in 2015. The outcome means are the average employees of
new firms at city-year before the policy change. Observations in columns (3) through (4) are at city-year and
each city is weighted by population in 2015. The outcome means are the population in 10 thousand at city-year
before the policy change.

Similar to previous sections, we utilize a difference-in-differences specification and event

study to show the impacts on the employment of new firms and population flow. Table 6

and Figure B.4 present these results. Column (1) of Table 6 shows that MIC25 raises the

employment of new firms by about 27% in the pilot cities three years after the policy. On

average, new firms employ 197,235 employees in the year of moving into a pilot city. Then

a 27% increase means more than 4.5 million employees (0.27× 197, 235× 30× 3) in all pilot

cities during the three years after the policy implementation. Note that this number only

covers the employment in the year new firms came in and that we cannot count how many

these firms hired in the following years. On the contrary, we cannot find any statistically

significant effects on employment in the firms newly entering the neighboring cities of pilot

cities, as shown in Column (2).

Panel (a) of Figure B.4 compares the number of employees in the firms newly entering the

pilot or matched non-pilot cities.11 The increase in employment in the new firms is signifi-

cant after about one year from the policy implementation. This response coincides with the

timing of the increase in the number of job postings in pilot cities. Similarly, Panel (b) of

Figure B.4 shows the response in employment similar to job openings in the neighboring

cities. Thus, we think that firm entry in response to the implementation of MIC25 is one of

11In results shown in A.7, we find a positive but insignificant increase in the number of new firms in pilot
cities. This result may conceal the scale difference of new firms, so we focus on the number of employees of
those new firms.
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the primary mechanisms behind labor demand changes.

Columns (3) and (4) of Table 6 present how the population responds to the policy, which

reflects workers’ location choice. The population measure from City Statistical Yearbooks

corresponds to the population with household registration (hukou) in that city. As a result,

this measure potentially excludes migrant workers who work in the city but do not have

their hukou registered in the same city. Columns (3) and (4) of Table 6 show that the imple-

mentation of MIC25 raises the registered population by 1.5% in the pilot cities, while there

is no statistically significant response in the neighboring cities. Given that China has strict

migration friction and the population measure does not cover unregistered workers, we

believe the actual migration response would be more significant than our estimates.

The inflow of workers to the pilot cities should be a significant channel behind the increase in

housing prices, and we could not find any corresponding housing supply policy to meet the

increase in housing demand by the MIC25. At the same time, the inflow of workers means

the increase in labor supply, but the increase in labor demand should outweigh that, raising

offered wages in the pilot cities. The muted effects of MIC25 in the neighboring cities are

also consistent with our main findings in those places. Though our measures are not perfect,

the results of firm entry and population imply that the flow of firms and workers in response

to the policy plays a significant role in the changes in wages and housing prices.

5.4 Robustness of Results

After presenting results and looking into potential mechanisms, we now turn to robustness

checks. The first threat is that those non-pilot cities selected by our matching method may

not be comparable to those pilot cities regarding some unobservable characteristics. Ideally,

we could include only cities that applied to enroll in the policy and use those that failed as

the comparison group, but unfortunately, we were only able to obtain a list of pilot cities.

To ensure the matching method in which we select the control group does not impact the

results, we try several methods of selecting the cities as the comparison group.

We begin by simply comparing pilot cities to all non-pilot cities. The strength of this ap-

proach is that we do not make any assumptions about which cities should be compared to

pilot cities. We run the same event study specification, and the results are shown in Figure

B.6 in the appendix. Panel (a) shows that the results for job openings are similar to the main
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results. Note that the total impact is slightly lower than the main results due to the adverse

spillover effects. Panel (b) shows that the effect on wages is also similar to the main results.

This robustness check provides strong evidence that our main results are not an artifact of

the method in which the comparison group is created.

Another concern is that not enough cities may be included in the comparison group, re-

sulting in them not being comparable to the pilot cities. One potential solution is to create

a synthetic control group to establish comparability with the pilot cities by combining all

other cities. While this is a powerful approach, it is not the preferred specification for our

primary results because we want to find spillover effects on neighboring regions. However,

it is difficult to define the neighboring cities of the synthetic control cities and to interpret

the results in any meaningful way. In the Appendix, we show the synthetic control results

for the pilot cities in Figure B.7. The same patterns are observed as in our main results.

Therefore, the results are not driven by how to create the comparison group.

Lastly, to ensure our econometric method for staggered adoption is not impacting the re-

sults, we try the same specification using (Sun and Abraham, 2020) as an alternative to

(Callaway and Sant’Anna, 2020). The results are close to the main results, as shown in Fig-

ure B.8 in the appendix. In summary, we have shown in this section that our main results

are not an artifact of creating the control group or the econometric methods used to estimate

the effect.

6 Welfare Analysis

The empirical results indicate a variety of impacts of MIC25 on different economic variables

within and around the pilot cities where the high-tech clusters were built: (1) Labor de-

mand and offered wages increase in the pilot cities especially for non-routine jobs; (2) Labor

demand and offered wages decrease in the neighboring cities of the pilot cities; (3) Hous-

ing cost rises in the pilot cities; (4) Firms and workers are more likely to move to the pilot

cities.
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6.1 Conceptual Framework

To combine all those estimates in Section 5 and learn the welfare implication of all those ef-

fects, we present a conceptual framework consistent with our reduced-form estimates.

Following the literature, we rely on three main channels driven by workers’ and firms’ be-

haviors. First, since the policy provides extra investment incentives to firms in pilot cities,

firms’ hiring decision (extensive margin) changes in a heterogeneous way among the pilot

and neighboring cities. Second, firms could change their labor demand across occupations

(i.e., intensive margin) within the pilot cities because the adoption of technologies induced

by high-tech investment has heterogeneous effects on the productivity of different occupa-

tions. Third, workers’ migration and sorting for jobs to pilot cities raise demand in the local

housing market, increasing the rent therein.

Following Kline and Moretti (2014b), we construct a parsimonious spatial equilibrium model

to highlight all the aforementioned channels by extending conventional spatial equilibrium

models of Rosen (1979) and Roback (1982). In the model, we allow for two types of la-

bor inputs and heterogeneity in capital-labor complementarity. We assume a continuum of

workers of measure one and each of them resides and works in a city j ∈ J = {1, 2, · · · , J},

which is either a pilot city (a) or a neighboring city (b). A typical worker demands a unit of

housing which is rent at local market rates. Each worker elastically supplies a unit of labor

of one type, routine (R) or non-routine (NR).12 To account for the migration constraint in

China (i.e., hukou or household registration system), we assume a moving cost if the worker

moves out of her hukou city. The indirect utility of worker i, from city j0 ∈ J (hukou city),

choosing to live in city j ∈ J and work in occupation s ∈ {R, NR}13 is:

Vs
i,j = ws

j − rj − bs1(j0 6= j)− As
j + σsεi,j ≡ vs,j0

i,j + σsεi,j, (3)

where ws
j is the nominal wage in city j and occupation s, rj is the rent of housing, As

j is a

measure of local amenities. bs is the moving cost, which depends on workers’ skills. The

heterogeneity in individual preference for a city and an occupation is important to generate

heterogeneous welfare effects of the policy change, as some workers are infra-marginal and

12Note that here we assume workers are of two types: high skilled and low skilled. High-skilled workers
choose to work in non-routine occupations while low-skilled workers work in routine occupations.

13To characterize the welfare impact of MIC25, we assume that workers cannot switch their occupation
across cities. This assumption is consistent with our focus on short-term effects.
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can take economic rents of policy changes. We assume that σsεi,j is independently and iden-

tically distributed across individuals and follows a type-I extreme value (T1EV) distribution

with mean zero and scale parameter σs (occupation specific). The scale parameter governs

the strength of idiosyncratic preferences for cities and occupations and in turn affects the

sorting of workers. The larger σs is, the larger shocks to wages and rents are required to

induce workers to switch.

Firms in each city j produce a single good Y using capital (K), routine labor (LR), and non-

routine labor (LNR) following a constant return to scale production technology that incorpo-

rates capital-skill complementarity

Yj = L1−β
NR,j

(
αRLµ

R,j + αkKµ
j

) β
µ . (4)

In this production function, capital is a complement to non-routine labor and a substitute

for routine labor.14 This form has been widely used in the literature to investigate the ef-

fect of the decrease in capital cost on the composition of labor force (Autor and Dorn, 2013;

Karabarbounis and Neiman, 2014). In our setting, the implementation of MIC25 dispropor-

tionately lowers capital cost for the pilot cities. The labor market is perfectly competitive

and firms set wages equal to the marginal product of labor. A friction-less capital market

supplies capital perfectly elastically at local-level price ρj.15

14The elasticity of substitution between capital or routine labor and non-routine labor is β
1−β and that be-

tween capital and routine labor is 1
1−µ with β < 1 and µ < 1.

15Firms’ inverse demands for capital and labor at city j are given by:

ρj = βL1−β
NR,jQ

β
µ−1
j

(
αkKµ−1

j

)
,

wNR
j = (1− β)L−β

NR,jQ
β
µ

j ,

wR
j = βL1−β

NR,jQ
β
µ−1
j

(
αRLµ−1

R,j

)
,

(5)

where Qj = αRLµ
R,j + αkKµ

j . Note that the capital cost is set at city level to account for the fact that the tax
benefits and subsidies of MIC25 lowers the capital cost for the firms in the pilot cities.
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We can derive routine-non-routine wage gap in city j:

log

(
wNR

j

wR
j

)
= log

(
1− β

β

)
+ log

(
LR,j

LNR,j

)
− log

(
1−

αkKµ
j

αRLµ
R,j + αkKµ

j

)

' log
(

1− β

β

)
+ log

(
LR,j

LNR,j

)
+

αkKµ
j

αRLµ
R,j + αkKµ

j
.

(6)

The second row of Equation (6) gives a linear decomposition of the sources of location-

specific policy changes in wage inequality incorporating two particular channels. First, in-

equality can increase as a result of an increase in the proportion of routine labor compared

to non-routine labor (i.e., LR,j/LNR,j). Second, the share of capital in the factor of produc-

tion that combines capital and routine labor raises the wage gap as shown in the third term,

which reflects routine-biased technological change induced by high-tech clusters. So, the ef-

fect of MIC25, a decline of capital cost in pilot cities, on the wage gap in pilot cities depends

on the composition change of inputs and worker’s distribution over the preference for a city

and an occupation.

For simplicity, we assume housing supply is upward sloping in each city to capture the land

supply restrictions in China. The inverse supply function is given by equating local rents

as in Busso, Gregory, and Kline (2013), Kline and Moretti (2014b), and Liang, Song, and

Timmins (2020):

ln(rj) = αj + κj ln(Nj), (7)

where the aggregate housing demand is determined by the number of workers in the city

regardless of their occupation. We assume that the elasticity of housing supply (κj) is exoge-

nously determined by geography and local land use regulations.

We can write the expected utility of workers from city j0 and working in occupation s

as:

Vs,j0 = Eε

[
max

j
{vs,j0

i,j + σsεi,j}
]
= σsNs,j0 ln

(
1 + ∑

j∈J
exp

(
vs,j0

i,j /σs
))

, (8)

where Ns,j0 is the population of workers working in occupation s and with hukou city j0.

From the T1EV assumption on the idiosyncratic term σsεi,j, we can derive the number of
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workers of types (s, j0) who choose to work and live in city j as

Ns,j0
j = Pr

(
Vs,j0

i,j = max
j′∈J

Vs,j0
i,j′

)
=

exp(vs,j0
i,j /σs)

1 + ∑j′∈J exp(vs,j0
i,j′ /σs)

, (9)

where the first equality is from our assumption on a continuum of workers.

Note that MIC25 lowers the capital cost in pilot cities (ρa) by granting subsidies and tax

deductions to the firms in the city.16 So, we model the implementation of MIC25 as a de-

cline in ρa and the welfare incidence of MIC25 on the workers from city j0 and working in

occupation s can be represented by:

dVs,j0

dX
=

dVs,j0

dvs,j0
i,j

dvs,j0
i,j

dX
= Ns,j0

[
∑
j∈J

Ns,j0
j

(
dws

j

dX
−

drj

dX
− dbs1(j0 6= j)

dX
−

dAs
j

dX

)]

' Ns,j0

[
∑
j∈J

Ns,j0
j

(
dws

j

dX
−

drj

dX

)]
,

(10)

where Ns,j0
j represents the population of workers of type (s, j0) who work in city j prior

to the implementation of the policy. The second row of Equation (10) holds because we

focus on short-run effect of the policy and migration cost and local amenities are not likely

to change dramatically in the short run. Thus, the welfare incidence of MIC25 on workers

in each occupation group boils down to the change in wages and rents weighted by their

population shares across hometown j0 and their choice probabilities across the cities before

the policy shock.17

As shown in Equation (6), the wage gap between routine and non-routine jobs is widened

as a result of decreasing capital cost in the pilot cities: d(wNR
a /wR

a )
dX = d(wNR

a /wR
a )

dKa
dKa
dρa

dρa
dX > 0.

Because of in-migration of workers from other cities, the rents in the pilot cities increases:
dra
dX > 0. These model-based predictions are well aligned with our estimation results in

Section 5.

Consequently, the welfare gap between routine and non-routine in the pilot cities is also

16In estimation, we cannot directly observe the change in capital cost. So, the policy shock (dX) can be
viewed as the one reducing the capital cost in the pilot cities (dρa/dX < 0)).

17Of course, after the shock, some workers who were initially “marginal” workers will re-optimize and
move. However, the Envelope Theorem suggests agents will only have small gains in utility by switching
their choices in response to marginal changes in prices. Hence, these behavioral effects due to price changes
could only have secondary effects on worker welfare (Qian and Tan, 2021).

40



widened because the incidence of MIC25 on the rents is equally shared by both types of

workers in the pilot cities. However, the welfare of routine-job workers in the pilot cities

gets worse if the in-migration of workers from the neighbor cities is large enough to offset

the wage increase for them: d(wNR
a −ra)
dX > 0 > d(wR

a −ra)
dX . It depends on how many workers are

induced to move to the pilot cities after MIC25, which depends on worker’s distribution of

preference across cities and the moving cost induced by hukou constraint.

We do not explicitly model firm’s resource allocation across cities, but we can investigate

the impact of MIC25 on the neighboring cities by assuming the substitutability between

the production facilities in the two places. This assumption is not implausible because the

benefits of MIC25 are conditional on investment in the pilot cities and are not shared within

the firms’ internal networks across regions. So, investment subsidies in the pilot cities reduce

investment in the neighboring cities: dKb
dX < 1. From Equation (5), we can observe that

wages for both occupational groups can be lowered if the decline of labor force does not

fully absorb the capital decrease: dws
b

dX < 0 ∀s.

However, housing cost in the neighboring cities can be reduced in response to building

high-tech clusters in the pilot cities if the outflow of workers from the neighboring cities to

the pilot cities is large enough. Our empirical results confirm that the decreases in capital

(Figure B.4) is large enough to lower wages in the neighboring cities. On the contrary, the

net outflow of workers cannot be observed in Figure B.5 and housing cost also does not

respond to MIC25 much as shown in Figure B.3.

6.2 Welfare Calculation

In this subsection, we provide a back-of-the-envelope welfare calculation using results from

section 5. From the model, we can predict the effects of MIC25 on wages and rents change

for those four subgroups (s, j0) of population: {(NR, a), (R, a), (NR, b), (R, b)}.18 As has

been argued in the previous subsection, the change in utilities of people switching their

location choices has only secondary effects on worker welfare, so we don’t need to specify

people’s locations after the policy. Then we can calculate the welfare incidence on those four

subgroups of population by combining the shares of migrants and natives across the pilot

and neighboring cities. We utilize the 2017 wave of China’s migrants dynamic survey to

18Note that a represents pilot cities and b refers to neighboring cities.

41



Table 7: Welfare Back-of-the-Envelope Calculation

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Occ. s j0 j Ns,j0

(%)
Ns,j0

j
(%)

w̄s
j ($)

dws
j

dX
(%)

r̄j ($)
drj
dX
(%)

dv
s,j0
i,j

dX
($)

dVs,j0
dX
($)

1 NR a a 6.53 40.12 853.47 4.8 226.00 10.3 17.69 0.46

NR a b 59.88 777.11 0 200.34 0 0 0

2 R a a 17.99 61.53 755.79 2.2 226.00 10.3 -6.65 -0.74

R a b 38.47 687.23 -1.8 200.34 0 -12.37 -0.86

3 NR b a 13.75 33.38 853.47 4.8 226.00 10.3 17.69 0.81

NR b b 66.62 777.11 0 200.34 0 0 0

4 R b a 61.72 42.98 755.79 2.2 226.00 10.3 -6.65 -1.76

R b b 57.02 687.23 -1.8 200.34 0 -12.37 -4.35

Monthly gain/loss for an average worker -6.43

Annual gain/loss for an average worker -77.21

Notes: The annual total welfare change in the table is calculated for one representative worker. All the shares of workers are calculated
from the 2017 wave of China’s migrants dynamic survey. People with college degree or above are assumed to work in NR occupations.
Only people in working age (16-65) and with hukou city in either a pilot city (a) or a neighboring city (b) are included. The total number
of migrants is 36,482, which accounts for 36% people in the survey (167,254 working-age people are surveyed in the 2017 wave). The
monthly wages w̄s

j are calculated from the job posting data in 2016, the housing rents r̄j are calculated from averaged monthly rents for a

60 m2 house in 2016. Note that we only have a few cities with available data in 2016, so we implement an extrapolation on the logarithmic
value of monthly rent based all the available data between 2018 and 2021, separately for pilot cities and neighboring cities. We use 7 as
the exchange rate between USD and RMB.

calculate the share of migrants in each city, then we aggregate them to the four subgroups

and calculate the welfare change by combining Equation (10) and estimates from Section 5.

Note that this simplistic calculation only takes into account welfare changes coming from

wage and rent changes. While reality is more complex and more variable go into welfare,

wage and rent are two of the biggest factors.

Table 7 shows the welfare change for workers in each subgroup and aggregated welfare

change. Columns (1) to (3) show the occupation s of the agent, the city of origin j0 and the

current city j. j0 and j take value a if the city is a pilot city and b if it is a neighbor city. There

are 8 different rows encompassing all possible combinations of occupation, origin city and

current city of an agent. Column (4) shows the share of of workers who work in occupation

s and have city of origin j0. I.e. 14.98% of workers have a pilot city for their city of origin and

work in non-routine occupations. Column (5) is saying that, out of those workers 73.90% of

them remained in pilot cities while 26.10% of them moved to a neighboring city. Columns

(6) and (8) show monthly average wages and monthly average rents in US dollars, while

columns (7) and (9) show changes due to MIC25 for wages and rents. Column (10) calculates
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the monthly welfare change due to MIC25 for an agent working in occupation s, origin city

j0, current city j, using columns (6) to (9). Equation 11 demonstrates the calculation for the

first row of the table. The result means that an agent working in a non-routine occupation,

from a pilot city, living in a pilot city, is close to 18$ a month better off due to MIC25. That is

due to rent increasing more than the wage. Column (11) calculates the contribution of each

row to the whole welfare by multiplying column (10) to columns (4) and (5) 19.

17.69$︸ ︷︷ ︸
Monthly change in welfare

for agent st. s=NR in j=a

= 853.47 ∗ 4.8%︸ ︷︷ ︸
Monthly change in welfare

due to wage change

− 226 ∗ 10.3%︸ ︷︷ ︸
Monthly change in welfare

due to rent change

(11)

Only high skilled workers (i.e., working in NR occupations) who choose to work in pilot

cities gained from the policy. For them, the increase in wage by 4.8% overtakes the increase

in rent by 10.3%. Therefore, they are better of due to MIC25. Especially in the later peri-

ods where the increase in wages in largest. High skilled workers who choose working in

neighboring cities are not affected by wage or rent changes.20 Low skilled workers (i.e.,

working in R occupations) are worse off in both pilot and neighboring areas. Low skilled

workers choosing to live in pilot cities are worse off since their small wage increase is less

than the large increase in housing cost. Low skilled workers in neighboring areas do not

suffer housing cost increase es but are worse off due to the decrease in wages.

The back-of-the-envelope calculation in Table 7 suggests that on average a worker that pays

rent, from either a pilot city or a neighboring city, would lose around $ 77 a year due to the

policy. The overall effect is negative due to the larger share of low skilled workers. Two pat-

terns are important to notice in Table 7. High-tech clusters cause increase in wage, as well as

increases in housing prices. This leads to low-skilled workers bearing the costs of the policy

in both pilot and neighbor cities. Either the wages does not increase sufficiently to overcome

housing costs, or the wages decrease in neighboring areas due to negative spillovers. We

conclude that the implementation of MIC25 causes wage inequality between occupations

and different regions, leading to decreased welfare. And the welfare loss is more significant

for workers in routine occupations. Note that our welfare calculation focuses on the group

of workers that pay rent for their housing needs. To get a lower bound estimate of the total

19I.e. 1.96 = (14.98%) ∗ (73.90%) ∗ (17.68)
20Both effects are close to zero and not statistically significant.
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effect, we calculate total welfare loss only for migrants, who almost surely will need to pay

rent in the new city they have migrated to. In 2017, there are 244 million migrants in China,

36% of working-age migrants are in pilot cities or neighboring cities, so the welfare loss for

all migrants is around $ 6.78 billion per year of the policy, which accounts for around 0.055%

of the annual GDP ($12.31 trillion).

7 Conclusion

We evaluate the causal impact of high-tech clusters on labor demand and inequality across

regions and occupations by utilizing the place-based feature and staggered implementation

of the policy “Made in China 2025.” We see a significant increase in labor demand in the pilot

cities. Offered wages are increasing for non-routine occupations, while there is no significant

change in wages for routine occupations. These results suggest that high-tech clusters are

causing inequality across different occupations. On the other hand, labor demand and wage

decrease for neighboring areas in the short term, leading to inequality across regions.

Living costs increased sharply in pilot cities right after the implementation of MIC25, indi-

cating that the policy resulted in the inflow of workers. This can also be observed in the

increasing population of pilot cities after MIC25. In the neighboring cities, we could not

observe any significant changes in rent or population. Thus, building a high-tech cluster has

disproportionate effects on the housing markets across regions. We show that rent increases

by around 10% in pilot cities.

To calculate the overall welfare effects of MIC25 across subgroups of the population, we con-

struct a simple conceptual framework. The overall welfare effects depend on the population

distribution across the pilot and neighboring cities and the share of non-routine and routine

occupations. The back-of-the-envelope calculation instructed by our conceptual framework

suggests that on average, a migrant worker from either a pilot city or a neighboring city

would lose around $ 77 per year due to the policy, which accounts for around 1% loss in

annual wages, and the total welfare loss for migrants is $ 6.78 billion, which accounts for

around 0.055% of China’s annual GDP in 2017. More importantly, the welfare loss concen-

trates on routine jobs.

To our best knowledge, this study is the first to evaluate the inequalities consequences of
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building national-level high-tech clusters in developing countries. Given that several devel-

oped and developing countries are implementing similar policies, we believe our findings

would provide helpful policy insight. Our work serves as an essential first step in under-

standing this new wave of industrial policies. Given that China has restrictions on migra-

tion due to the household registration system, the potential impact of labor reallocation and

wage inequality might be even more pronounced in other countries. Since the policy is still

ongoing, we focus more on the short-term effects in this paper. Although it might be hard to

evaluate long-run effects due to the disruption caused by the COVID pandemic right after

our sample period, it could be a sensible and constructive step for assessing the long-term

impact in the future.

Building national-level high-tech clusters provide an exceptional tool for policymakers to

adopt modern technology and upgrade a nation’s production capability. Our findings, how-

ever, imply that policymakers may need to be cautious in at least two dimensions. First,

creating high-tech clusters appears to have adverse short-term effects in neighboring areas,

leading to undesired regional inequalities. Second, high-tech clusters create wage inequality

between occupations while increasing living costs, resulting in winners and looser from the

policy based on the occupation. We believe further research is required to see whether the

long-term productivity effects of the high-tech clusters might outweigh the negative effects

on inequalities.
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Appendix A Appendix Tables

Table A.1: Correlations of Employment-Job Postings Share Deviation Over time

Deviations 2015 2016 2017 2018 2019

Panel A: No weights

2015 1.000

2016 0.975*** 1.000

2017 0.891*** 0.880*** 1.000

2018 0.883*** 0.904*** 0.957*** 1.000

2019 0.865*** 0.873*** 0.914*** 0.924*** 1.000

Panel B: Weighted by number of job postings in 2015

2015 1.000

2016 0.992*** 1.000

2017 0.934*** 0.907*** 1.000

2018 0.946*** 0.929*** 0.985*** 1.000

2019 0.893*** 0.898*** 0.886*** 0.910*** 1.000

Panel C: Weighted by employment in 2015

2015 1.000

2016 0.973*** 1.000

2017 0.875*** 0.859*** 1.000

2018 0.879*** 0.875*** 0.988*** 1.000

2019 0.842*** 0.849*** 0.939*** 0.953*** 1.000

Observations 4,336

Notes: Deviations means the difference between employment share and job posting share in each city-industry
pair in each year. Panel A calculates the correlations without any weights, Panel B uses the number of job
postings in 2015 as the weights, and Panel C uses employment in 2015. Stars *** show significance at the 1%
level.
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Table A.2: Summary Statisitics (No duplicated cities in the control group)

Pilot (30) Matched cities (17)
Value Diff

Panel A: Level in 2015
Population (10000) 571.476 623.9735 52.4975
GDP per capita (yuan) 82223 67183.0588 -15039.608
GDP share (second) 49.145 43.94 -5.2050*
GDP share (third) 44.8363 46.0365 1.2001
Local government expenditure (10000 yuan)

Total 7112232 9087410.71 1975178.64
R&D 246504 306013.353 59509.4529

Self-employment 1423135 1150993.94 -272141.28
Unemployment 53162 39481.6471 -13680.203
Employment (10000)

Formal 129.6712 115.3518 -14.3194
Second sector 69.7052 41.352 -28.3532*
Third sector 59.6832 73.0145 13.3314
Manufacturing 48.7786 24.5542 -24.2244**
IT 2.6839 5.1922 2.5083
Science 3.1469 5.647 2.5001

Avg annual wage (yuan) 61437 59808.7647 -1627.7353
Area (squared km) 10319 17426.8235 7107.7235
Number of colleges 22.9 17.1176 -5.8157
Panel B: Annual growth rate (2010-2015)
Population 0.0073 0.0068 -0.0005
GDP per capita 0.0956 0.1027 0.0071
GDP share (second) -0.0122 -0.0139 -0.0081
GDP share (third) 0.0215 0.0268 0.0052
Local government expenditure

Total 0.1633 0.1528 -0.0106
R&D 0.2078 0.2257 0.0179

Self-employment 0.087 0.0695 -0.0176
Unemployment 0.022 -0.0031 -0.0251
Employment (10000)

Formal 0.0868 0.077 -0.0098
Second sector 0.0999 0.0964 -0.0036
Third sector 0.0737 0.0583 -0.0154
Manufacturing 0.0864 0.0752 -0.0112
IT 0.1555 0.1671 0.0115
Science 0.0903 0.1758 0.0855

Avg annual wage (yuan) 0.1126 0.115 0.0025

Notes: This table compares the pilot group (30 cities) to the matched control group (17 cities without dupli-
cates), the results are similar to Table 2.
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Table A.4: Estimation Results of Labor Demands

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

Log(Number of Job Openings) Log(Monthly Wages)

Panel A: Pilot Cities

ATT 0.284*** 0.054 0.030 -0.002

(0.077) (0.053) (0.019) (0.011)

Observations 20,132 12,228 19,872 12,098

Outcome Mean 22,113 22,113 $ 845.43 $ 845.43

Panel B: Neighboring Cities

ATT 0.078 -0.150* -0.024 -0.038***

(0.094) (0.078) (0.017) (0.010)

Observations 70,988 43,035 69,615 42,298

Outcome Mean 11,904 11,904 $ 787.29 $ 787.29

Panel C: Composite Cities

ATT 0.128* -0.102 -0.011 -0.031***

(0.077) (0.063) (0.014) (0.008)

Observations 91,121 55,264 89,487 54,396

Outcome Mean 14,094 14,094 $ 799.87 $ 799.87

Post Quarters 12 4 12 4

Industry-Time FE Yes Yes Yes Yes

Industry-City FE Yes Yes Yes Yes

Notes:ATT (average treatment effect on the treated) is the aggregated treatment effects of event studies, calcu-
lated following Callaway and Sant’Anna (2020), where control cities are selected based on the propensity score
matching method. Each city-by-industry observation is weighted by the total number of job postings in 2015.
The syntax in the Stata package csdid does not allow for both Industry-Time and Industry-City fixed effects,
so we first run a regression of outcomes on a group of Industry-Time fixed effects, then take the residuals as the
outcomes in csdid. We recognize the potential bias of this approach as indicated by the Frisch–Waugh–Lovell
theorem, so we use the approach following Sun and Abraham (2020) as an robustness check which allows for
both Industry-Time and Industry-City fixed effects. Columns (1) and (3) show the estimates with 12 post quar-
ters, while Columns (2) and (4) reports the estimates with four quarters after the policy. We include at most 5
quarters prior to the policy. Outcome means are calculated based on all quarters, wages are transformed from
yuan into dollar using 7 as the exchange rate. Standard errors in parentheses are clustered at the city level, ***,
**, and * represent the significance level at 1%, 5%, and 10% level, respectively.

53



Table A.5: The Impact on Job Openings by Occupation

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

Log(Number of Job Openings)

Panel A: Pilot Cities

ATT 0.338*** 0.040 0.252*** 0.027

(0.048) (0.031) (0.075) (0.045)

Observations 141,316 84,900 96,035 57,696

Outcome Mean 1,794.81 1,794.81 2,038.89 2,038.89

Panel B: Neighboring Cities

ATT 0.064 -0.206*** 0.045 -0.166**

(0.061) (0.048) (0.094) (0.069)

Observations 422,625 254,536 279,902 168,415

Outcome Mean 1,173.15 1,173.15 1,383.45 1,383.45

Panel C: Composite Cities

ATT 0.130*** -0.149*** 0.099 -0.116**

(0.048) (0.037) (0.073) (0.053)

Observations 563,941 339,436 375,937 226,111

Outcome Mean 1,328.79 1,328.79 1,550.98 1,550.98

Post Quarters 12 4 12 4

Occupation Non-routine Non-routine Routine Routine

Time FE Yes Yes Yes Yes

Occupation-City FE Yes Yes Yes Yes

Notes: ATT (average treatment effect on the treated) is the aggregated treatment effects in event studies, cal-
culated following Callaway and Sant’Anna (2020), where control cities are selected based on the propensity
matching method. Each city-by-industry observation is weighted by the total number of postings in 2015.
Columns (1) and (3) show the estimates with 12 post quarters, while Columns (2) and (4) reports the estimates
with four quarters after the start of the policy. We include at most 5 pre quarters for all pilot cities. Outcome
means are calculated based on all quarters, wages are transformed from yuan into dollar using 7 as the ex-
change rate. Standard errors in parentheses are clustered at city level, ***, **, and * represent the significance
level at 1%, 5%, and 10% level, respectively.
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Table A.6: The Impact on Monthly Wages by Occupation

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

Log(Monthly Wages)

Panel A: Pilot Cities

ATT 0.048*** 0.007 0.022*** 0.006

(0.010) (0.006) (0.005) (0.005)

Observations 136,195 82,768 92,081 56,179

Outcome Mean ($) 982.43 982.43 879.15 879.15

Panel B: Neighboring Cities

ATT -0.012 -0.030*** -0.018*** -0.024***

(0.010) (0.005) (0.005) (0.004)

Observations 398,975 244,623 263,932 162,232

Outcome Mean ($) 931.69 931.69 834.12 834.12

Panel C: Composite Cities

ATT 0.002 -0.022*** -0.007** -0.017***

(0.008) (0.004) (0.004) (0.003)

Observations 535,170 327,391 356,013 218,411

Outcome Mean ($) 944.58 944.58 845.77 845.77

Post Quarters 12 4 12 4

Occupation Non-routine Non-routine Routine Routine

Time FE Yes Yes Yes Yes

Occupation-City FE Yes Yes Yes Yes

Notes: ATT (average treatment effect on the treated) is the aggregated treatment effects version of Figures 6,
calculated following Callaway and Sant’Anna (2020), where control cities are selected based on the propen-
sity matching method. Each city-by-industry observation is weighted by the total number of postings in 2015.
Columns (1) and (3) show the estimates with 12 post quarters, while Columns (2) and (4) reports the estimates
with four quarters after the start of the policy. We include at most 5 pre quarters for all pilot cities. Outcome
means are calculated based on all quarters, wages are transformed from yuan into dollar using 7 as the ex-
change rate. Standard errors in parentheses are clustered at city level, ***, **, and * represent the significance
level at 1%, 5%, and 10% level, respectively.

55



Table A.7: Estimation Results of Firm Entry

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

Log(Number of New Firms) Log(Employment of New Firms)

Panel A: Pilot Cities

ATT 0.119 0.103 0.272*** 0.033

(0.081) (0.068) (0.085) (0.055)

Observations 18969 10547 17268 9606

Outcome Mean 88,034 88,034 451,072 451,072

Panel B: Neighbor Cities

ATT 0.018 0.075*** 0.083 -0.162**

(0.034) (0.021) (0.095) (0.082)

Observations 72880 40491 61666 34254

Outcome Mean 63,235 63,235 235,621 235,621

Post Quarters 12 4 12 4

Time FE Yes Yes Yes Yes

Industry-City FE Yes Yes Yes Yes

Notes: ATT (average treatment effect on the treated) is the aggregated treatment effects in event studies, cal-
culated following Callaway and Sant’Anna (2020), where control cities are selected based on the propen-
sity matching method. Each city-by-industry observation is weighted by the total number of firms in 2015.
Columns (1) and (3) show the estimates with 12 post quarters, while Columns (2) and (4) reports the estimates
with four quarters after the start of the policy. We include at most 5 pre quarters for all pilot cities. Standard
errors in parentheses are clustered at city level, ***, **, and * represent the significance level at 1%, 5%, and 10%
level, respectively.
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Figure B.1: Representativeness of Job Postings Data

(a) Correlation Between Formal Employment and Job Postings

(b) Correlation of Wages

Notes: Panel (a) shows the correlation between formal employment from City Statistical
Yearbooks and the number of job openings across years between 2015 and 2019. We
collapse formal employment into 100 bins for all city-year pairs, each point in the figure
shows the averages of both formal employment and number of job openings within
each bin. Panel (b) depicts the correlation between average wages from City Statistical
Yearbooks and that from job postings. The points are defined similarly as Panel (a).
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Figure B.2: The Impacts on Job Postings in the Pilot Cities by Targeted
Industry

(a) Job Openings in IT (b) Monthly Wages in IT

(c) Job Openings in Science (d) Monthly Wages in Science

(e) Job Openings in Manufacturing (f) Monthly Wages in Manufacturing

(g) Job Openings in Business (h) Monthly Wages in Business

Notes: Figures present coefficients and 95% confidence intervals on the interaction be-
tween the indicator of relative quarterly periods from the policy start date and the indi-
cator of the pilot cities. City and calendar quarter fixed effects are controlled and each
observation is weighted by the total number of postings in 2015.
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Figure B.3: The Impacts on House Price

(a) Pilot Cities

(b) Neighboring Cities

Notes: Figures present coefficients and 95% confidence intervals on the interaction be-
tween the indicator of relative quarterly periods from the policy start date and the indi-
cator of the pilot cities (or the indicator of the neighborhood cities in Figure (b)). City
and calendar quarter fixed effects are controlled and each city is weighted by population
in 2015.
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Figure B.4: The Impacts on Firm Registration Employee Number

(a) Pilot Cities

(b) Neighboring Cities

Notes: The outcome of interest is the number of employees a firm declares at the moment
it is created. Figures present coefficients and 95% confidence intervals on the interaction
between the indicator of relative quarterly periods from the policy start date and the
indicator of the pilot cities (or the indicator of the neighborhood cities in Figure (b)).
Industry-by-city and industry-by-calendar quarter fixed effects are controlled and each
city-by-industry observation is weighted by the number of registered firms in 2015.
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Figure B.5: The Impacts on Population

(a) Pilot Cities

(b) Neighboring Cities

Notes: Figures present coefficients and 95% confidence intervals on the interaction be-
tween the years and the indicator of the pilot cities (or the indicator of the neighborhood
cities in Figure (b)). The policy is implemented in 2016 at all the pilot cities. City and
year fixed effects are controlled and each city is weighted by population in 2015.
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Figure B.6: The Impacts on Job Postings in the Pilot Cities Compared to
All Non-Pilot Cities

(a) Job Openings

(b) Monthly Wages

Notes: Figures present coefficients and 95% confidence intervals on the interaction be-
tween the indicator of relative quarterly periods from the policy start date and the in-
dicator of the pilot cities. All non-pilot cities are included as comparison group. City
and calendar quarter fixed effects are controlled and each observation is weighted by
the total number of postings in 2015.
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Figure B.7: The Impacts on Job Postings in the Pilot Cities (Synthetic Con-
trol)

(a) Job Openings

(b) Monthly Wages

Notes: Figures present the trend for pilot cities and the synthetic control cities using the
synthetic control methods following Abadie, Diamond, and Hainmueller (2010).
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Figure B.8: The Impacts on Job Postings in the Pilot Cities (Using Sun and
Abraham (2020))

(a) Job Openings

(b) Monthly Wages

Notes: Figures present coefficients and 95% confidence intervals on the interaction be-
tween the indicator of relative quarterly periods from the policy start date and the in-
dicator of the pilot cities. The estimation is following Sun and Abraham (2020). City
and calendar quarter fixed effects are controlled and each observation is weighted by
the total number of postings in 2015.

65


	Introduction
	Background
	Data
	Empirical Strategy
	Empirical Results
	Labor Demand and Wages
	Pilot Cities
	Spillover Effects
	Heterogeneity Analysis

	Housing Market
	Mechanisms
	Robustness of Results

	Welfare Analysis
	Conceptual Framework
	Welfare Calculation

	Conclusion
	Appendix Appendix Tables
	Appendix Appendix Figures

