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The Ecological Co-benefits of Population Urbanization: Causal

Evidence from China’s New-type Urbanization Policy

Abstract: While existing research generally views urbanization as a threat to
biodiversity, this study presents contrary findings based on China’s quasi-natural
experiment in new-type urbanization. Utilizing county-level panel data and bird
observation records from China between 2012 and 2022, we employ a staggered
difference-in-differences approach for causal identification. The results indicate that
the new-type urbanization policy has increased the average number of bird species in
pilot areas by 4.691. This effect is attributed to overall improvements in habitat
quality, specifically through enhanced regional ecological environmental conditions,
expanded green infrastructure, and optimized industrial spatial layouts. The impact of
the policy is most significant in regions with lower baseline biodiversity, in the
northwestern segment of the Hu Huanyong Line with smaller population density, and
in municipal districts. Further analysis reveals that while bird diversity exhibits spatial
dependence across counties, the effects of the policy are largely confined to the pilot
areas, without significant spatial spillover. This study substantiates the ecological
benefits of people-centered urbanization and provides empirical evidence and policy
insights from China for biodiversity conservation in the context of global

urbanization.

Keywords: New-type Urbanization; Biodiversity; Bird Species Richness; Ecological

Conservation; Staggered Difference-in-Differences (Staggered DID)
1. Introduction

Urbanization represents one of the most significant social transformations of the
21st century, fundamentally altering landscape patterns and ecosystem structures
worldwide. Projections from the United Nations Department of Economic and Social
Affairs (2019) suggest that by 2050, approximately 68% of the global population will
inhabit urban areas, signifying a historic shift in human settlement patterns from rural
to urban dominance. However, this rapid urbanization coincides with a global
biodiversity crisis, eliciting widespread concern (Simkin et al., 2022). The World
Wide Fund for Nature (WWF, 2024) reports in its 2024 Living Planet Report that

monitored wildlife populations have diminished by an average of 73% since 1970.
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The pressures of land development, driven by population growth (Marques et al.,
2019), along with habitat fragmentation due to urban sprawl (Dri et al., 2021; Ren et
al., 2023), environmental pollution from industrial activities, and the escalation of
invasive species (Gutleben et al., 2025; Gallardo et al., 2024) collectively underscore
urbanization as a primary catalyst for biodiversity loss. The continuous decline in
biodiversity not only threatens ecosystem stability and resilience but also risks
precipitating a systemic degradation of ecosystem services, thereby posing serious
challenges to the foundations of sustainable human development (WWF, 2024).

As one of the world’s most rapidly urbanizing countries, China has experienced
significant spatial restructuring of its population since its reform and opening-up
policies were implemented. The proportion of its permanent urban residents has
increased dramatically from 17.92% in 1978 to 67.00% in 2024!. While this
transformation has supported rapid economic growth, it has also placed considerable
pressure on regional biodiversity, stemming from a longstanding reliance on
traditional urbanization models focused on land expansion (Li et al., 2022). In
response to these challenges, the Chinese government has actively pursued a strategic
transformation by exploring sustainable urbanization pathways. In March 2014, the
government introduced the National New-Type Urbanization Plan (2014-2020),
which advocates for an urbanization model centered on human needs. This plan
represents a departure from the prior extensive urbanization model dominated by land
expansion, incorporating ecological civilization construction throughout the urban
development process. It emphasizes the promotion of green and low-carbon
production and lifestyles, as well as sustainable urban construction and operational
models, with the goal of establishing a modern urban pattern where humans and
nature can coexist harmoniously. This policy shift raises a critical scientific question
that merits investigation: Are China’s current new-type urbanization policies
effectively promoting positive changes in biodiversity?

The existing body of research has extensively and continually discussed the
ecological impacts of urbanization policies (Dri et al., 2021; Gallardo et al., 2024;
Wang et al., 2025; Chen et al., 2025). Among these studies, birds are frequently
regarded as significant indicator taxa for assessing biodiversity and ecosystem health
due to their high sensitivity to changes in ecosystems (Schaub et al., 2025; Cazalis et
al., 2020; Lu et al., 2020). With respect to the direction of impacts, the consensus

among studies is that urbanization processes, which primarily involve land expansion,

Details can be found at National Bureau of Statistics of China, available at: https://www.stats.gov.cn/.
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generally have adverse effects on biodiversity (Wang et al., 2025; Dri et al., 2021;
Ren et al., 2023). Concerning the mechanisms, habitat loss, various forms of
environmental pollution, including light, noise, and air pollution, and reduced
availability of food resources are the primary pathways through which urbanization
impacts avian diversity (Dri et al., 2021). At the level of moderating factors, local
landscape patterns play a pivotal role: structural elements such as the connectivity of
green spaces and the distribution of water bodies can effectively mitigate the negative
effects of urbanization. Additionally, urban-rural transition zones and diversified
agricultural landscapes have been shown to support higher avian diversity (Chen et al.,
2025). However, existing research primarily focuses on the impacts of traditional
urbanization on biodiversity. There is an urgent need for in-depth exploration and
empirical evidence regarding how new-type urbanization policies impact biodiversity
and the mechanisms underlying these effects.

Based on this, this study employs the pilot program for a new-type urbanization
policy as a quasi-natural experiment. By integrating data from the China
Birdwatching Record Center platform, we construct county-level bird diversity
indicators and utilize the difference-in-differences (DID) model to assess the impact
of county-level new-type urbanization construction on biodiversity from 2012 to 2022.
We selected county-level bird diversity as a proxy for biodiversity for three primary
reasons. First, counties act as the fundamental spatial units for policy implementation,
possessing distinct boundaries and comprehensive functionalities, which facilitate the
precise identification of the net effects of policy interventions. Moreover, counties
include a complete land-use gradient, from urban built-up areas and urban-rural
transition zones to natural habitats, enabling a comprehensive evaluation of
urbanization’s differentiated impacts on biodiversity. Second, birds occupy the
upper-middle trophic levels of ecosystems and are sensitive to urbanization-related
factors such as habitat structure, landscape connectivity, and human disturbance. Their
community composition and dynamics can effectively indicate changes in ecosystem
structure and function. Furthermore, bird species exhibit widespread distribution,
mature monitoring methodologies, and data with high availability and reliability
(Fraixedas et al., 2020). Third, bird diversity not only underpins critical ecosystem
services, such as pollination and pest control, but also enhances residents’ natural
experiences and mental well-being. Ecocultural activities, such as birdwatching, can
further elevate public awareness of ecological protection and encourage societal

participation in biodiversity governance. This aligns well with the ethos of
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harmonious coexistence between humans and nature promoted by the new-type
urbanization policy (Chen et al., 2025).

We find that the implementation of the new-type urbanization policy has
significantly enhanced bird diversity in pilot counties. During the sample period, the
average number of bird species in the pilot areas increased by 4.691. Mechanism
analysis further reveals that the primary contributor to this enhancement in bird
diversity is the overall improvement in habitat quality, rather than alterations in food
structure. Specifically, the policy exerts its influence through three pathways: firstly,
it enhances the overall environmental quality of the region, with the county
environmental quality index increasing by an average of 0.409 units during the
sample period. Secondly, it augments the supply of green infrastructure, with the
number of parks rising by an average of 0.600. Thirdly, it promotes the optimization
of industrial spatial layout. The policy has led to a significant reduction in the density
of industrial enterprises in municipal districts by 0.023 units, accompanied by an
increase of 2.988 units in labor intensity. However, no statistically significant effect
on industrial density was observed in county-level cities and other county-level
administrative units. This suggests that the new-type urbanization policy has
effectively alleviated environmental pollution pressures in the core built-up areas by
facilitating the relocation or market exit of industrial enterprises from municipal
districts to peripheral areas, thus improving the overall environmental quality of the
habitats for birds.

The study further reveals the heterogeneous characteristics of the policy effects
of the new-type urbanization policy across three dimensions. First, the quantile
regression results indicate that the policy has the most significant improvement effect
on areas with lower bird diversity (5.140), while the promotion effect is relatively
weaker in regions of high diversity (3.877). Second, the policy effect is more
pronounced in the region northwest of the Hu Huanyong Line, with a regression
coefficient of 9.305, significantly higher than that in the southeast region. Finally, the
policy effect is most prominent in municipal districts (10.507), whereas the impact on
county-level cities and other county-level administrative units does not pass the
statistical significance test. Overall, these findings indicate that the positive effects of
the new-type urbanization policy on bird diversity are particularly evident in
ecologically vulnerable areas, regions northwest of the Hu Huanyong Line with lower
population density, and municipal districts.

We also find that the positive impact of the policy is concentrated within the
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pilot counties, showing no significant spatial spillover effect. The estimation results,
based on the spatial Durbin model (SDM), indicate that under the three settings of the
adjacency matrix, inverse distance matrix, and economic distance matrix, the
regression coefficients of the policy are 3.870, 3.237, and 4.583, respectively. The rho
values of the spatial lag terms are 0.376, 2.983, and 0.156, respectively, suggesting
that there is significant spatial autocorrelation in bird diversity across counties.
Further spatial effect decomposition shows that the indirect effects under all matrix
settings fail to pass the significance test, suggesting that the policy primarily promotes
bird diversity by improving the ecological environment within the pilot counties
themselves, while the mechanisms for cross-regional ecological synergy have not yet
been established.

Our contribution to the literature is as follows. Firstly, this study expands the
research perspective on the impact of urbanization on bird diversity. Existing research
has focused on traditional patterns of urbanization, which focus on land expansion
(Simkin et al., 2022; Dri et al., 2021; Sun et al., 2022; Gallardo et al., 2024). Our
research introduces an analysis of a people-centered new-type urbanization policy,
empirically examining its effects on bird diversity. This approach not only augments
the existing literature on the ecological effects of new-type urbanization but also
offers a novel analytical framework for understanding the biodiversity changes driven
by policy interventions.

Secondly, the present study addresses the limitations in data integration observed
in existing research. Although some scholars have attempted to integrate ecological,
remote sensing, and socioeconomic data, existing studies have generally been
confined to specific provinces or a limited number of cities (Gao et al., 2023; Zhai et
al., 2024), and systematic analyses at the national county level remain scarce. This
study utilizes the China Birdwatching Data Platform to construct bird diversity
indicators at the national county level. By integrating remote sensing data and
socioeconomic statistics at this scale, it accomplishes an interdisciplinary data
integration, thereby providing a robust data foundation for assessing the ecological
impacts of the new-type urbanization policy.

Thirdly, this study elucidates the mechanisms and spatial characteristics of the
impacts of the new-type urbanization policy on biodiversity. By exploring three
dimensions, improvement of ecological environment quality, construction of green
infrastructure, and adjustment of industrial spatial structure, it identifies the pathways

through which the policy influences bird diversity. Utilizing SDMs, it further
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evaluates the spatial spillover characteristics of the policy effects.. These findings
offer scientific support for the development of targeted policies that align regional

development with ecological conservation.

2. Background

2.1 County-level New-type Urbanization Implemented by the Chinese Government

Advancing people-oriented new-type urbanization represents a significant
strategic initiative for China, aimed at coordinating urban-rural development and
promoting the harmonious advancement of ecological conservation alongside
economic growth. The National New-type Urbanization Plan (2014-2020), which was
released in March 2014, signifies a fundamental transformation in China’s
urbanization model from extensive expansion to high-quality and sustainable
development (Chen et al., 2019). This plan integrates deeply the development concept
centered on people with the principle of ecological priority, placing ecological and
environmental protection at the core of urbanization efforts (Gu et al., 2025). Specific
approaches include building ecological corridor networks based on natural features
such as mountains, waters, forests, farmlands, lakes, and grasslands; strengthening
ecological restoration of key habitats like rivers, lakes, and wetlands; and
implementing ecological transformation projects for county-level infrastructure, while
simultaneously promoting the low-carbon transformation of production and lifestyles
to reduce the disturbance and pressure of urbanization on regional ecosystems.

To promote the implementation of this strategy, the National Development and
Reform Commission and ten other ministries jointly issued the “National New-Type
Urbanization Comprehensive Pilot Program” in December 2014, initiating phased and
multi-level pilot initiatives. As shown in Figure 1, the first batch of pilot areas
included two provinces (Jiangsu and Anhui) and 62 cities/towns, such as Ningbo. The
initiative was subsequently expanded to include the second and third batches of pilots
in November 2015 and November 2016, respectively. The selection of pilot areas
balanced regional coverage with developmental diversity, resulting in a list that spans
geographical and economic dimensions. Notably, counties and towns together
accounted for 66.9% of the total, underscoring the central role of county-level units in

the new-type urbanization practice.
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229 Figure 1 Provincial Coverage of County-level New-type Urbanization Pilot Program
230 Note: Panel (a) shows the coverage rate of the new-type urbanization pilot program at the county level across

231 provinces from 2015 to 2017. Panel (b) presents the ranking of provincial coverage rates of the new-type

232 urbanization pilot program at the county level after the implementation of three rounds of pilot policies.
233 2.2 Bird Diversity Distribution in China

234 China’s extensive territory and significant climatic gradients support more than
235 1,500 bird species, which constitute approximately 13% of the global avian
236  population. This positions China as a crucial area for the conservation of bird
237  diversity (Zheng, 2023). An analysis of data from the China Birdwatching Records
238  Center platform indicates a consistent upward trend in national bird diversity from
239 2012 to 2022. Specifically, the average national bird species richness increased from
240  8.87 in 2012 to 20.32 in 2015. Following minor fluctuations between 2015 and 2017,
241  the growth accelerated, reaching 59.23 by 2022. From the perspective of
242  spatiotemporal patterns at the county level (Figure 2), there is a general trend of
243 improvement in national bird diversity, although significant regional disparities
244  remain. These disparities reflect the spatial heterogeneity in the recovery pathways of
245  bird diversity. In this context, determining the primary pathways that contribute to the
246  enhancement of bird diversity and understanding their relationships with recent

247  urbanization policies are critical scientific inquiries that require detailed investigation.



248 Figure 2 Spatial and Temporal Evolution of Bird Diversity in Chinese Counties from 2012 to
249 2022
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3. Data Sources and Model Construction

3.1 Data Sources

3.1.1 New-type Urbanization Pilots

The data on new-type urbanization policy pilots used in this study were obtained
from the official list released by the National Development and Reform Commission.
As the three phases of pilot policies were initiated at the end of 2014, 2015, and 2016
respectively, we adopted the methodology of Zhou et al. (2024) and designated the
commencement years of these policies as 2015, 2016, and 2017. In the counties
included in the pilot list, the policy variable in the DID model is set to 1 for the start

year of the policy and all following years; for other counties, it is set to 0.

3.1.2 Bird Diversity

Bird diversity data is sourced from the China Birdwatching Records Center
platform, which aggregates observation records contributed by bird enthusiasts,
volunteers, and non-professional researchers from across the nation. As of the end of
2022, the platform had amassed approximately 4 million observation records,
establishing a vital resource for extensive bird diversity research. In consideration of
the initiation of the new-type urbanization policy and the quantity of valid observation
records annually, this study designates the analysis period from 2012 to 2022.

To ensure the quality and statistical consistency of the data, this study undertakes
a cleaning process of the acquired birdwatching records. Initially, duplicate entries of
the same bird species recorded by the same user under identical spatiotemporal
conditions are identified and removed. Secondly, for records missing county-level
administrative codes, the Baidu Maps API is employed to conduct reverse geocoding
using latitude and longitude coordinates, thus completing the county affiliation
information. Furthermore, Python 3.11 is utilized to extract the year from the
observation time field, creating a standardized time index. Deduplication is conducted
based on three pivotal fields: “year-county code-bird species Latin name,” ensuring
the retention of only one valid record per bird species within the same county and
year to eliminate statistical biases arising from duplicate observations. Following this
procedure, an original unbalanced panel dataset of bird diversity (BD Raw) is
compiled.

To address the absence of observations in certain counties during specific years,

10



282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298

299

300
301
302
303
304
305
306
307
308
309
310
311

312

313
314

while constructing a comprehensive panel dataset and maximizing the retention of
sample information, this study employs a random forest algorithm for imputation.
This method has been shown to possess robust predictive accuracy and generalization
capabilities in ecological data reconstruction (Gendre et al., 2024). The specific
workflow is outlined as follows: Initially, all counties with observational records
between 2012 and 2022 are identified, and a complete 11-year time series for each
county is constructed.Subsequently, a multidimensional feature vector that includes
temporal trends, geographic coordinates, levels of regional economic development,
and historical birdwatching records is developed. The existing observational data acts
as the training set, while data from missing years are regarded as prediction targets.
During the modeling phase, a fixed random seed is established to ensure the stability
of the results. A grid search and 5-fold cross-validation are performed to fine-tune the
model parameters, with the parameter combination achieving the highest R? score
being selected for final predictions. Additionally, biological rationality constraints are
applied to guarantee that interpolation results are consistent with natural patterns of
avian distribution, ultimately yielding a complete county-level bird diversity panel
dataset (BD_Panel).

3.1.3 Control Variables

To mitigate the impact of potential confounding factors on the estimation results,
this study incorporates a series of county-level control variables, as identified by
existing research in the field of bird diversity (Meng et al., 2025; Liang et al., 2020).
Data on regional gross domestic product (GDP), the area of facility agriculture, and
total grain production are obtained from the China County Statistical Yearbook. The
mean luminance of nighttime light data is derived from the corrected DMSP-OLS
China nighttime light dataset, as constructed by Wu et al. (2021). Furthermore, PM2.5
concentration and temperature data are secured from the National Tibetan Plateau
Data Center, while average wind speed data is sourced from the National Oceanic and
Atmospheric Administration (NOAA) in the United States. Additionally, the average
precipitation data is procured based on the ERAS5-Land dataset, released by the

European Union and the European Centre for Medium-Range Weather Forecasts.

3.1.4 Mechanism variables

The mediating variables selected for this study span three dimensions: ecological

environment quality, green infrastructure, and industrial spatial adjustment. The
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ecological environment quality index is calculated using the China High-Resolution
Ecological Environment Quality Dataset (CHEQ) published by Xu et al. (2021). This
dataset employs an enhanced Remote Sensing Ecological Index (RSEI-2) model,
which integrates five key indicators: greenness (NDVI), aridity (NDBSI), heat (LST),
humidity (WET), and land cover type abundance (LCTAI). A comprehensive index of
ecological environment quality is then constructed through principal component
analysis. The dataset, released in GeoTIFF raster format with a resolution of 500m %
500m, is processed using GIS spatial analysis techniques to align with county
administrative boundaries. The maximum value of ecological environment quality
within each county is extracted as its ecological environment quality index, signifying
its optimal ecological condition. For the dimension of green infrastructure, the
number of parks is used as the quantitative measure, with data sourced from the China
County Construction Statistical Yearbook.

The degree of industrial spatial adjustment is measured across two dimensions:
industrial enterprise density and labor force density. Industrial enterprise density is
represented by the ratio of newly registered industrial enterprises in a county to the
size of the administrative area’s land, reflecting changes in the spatial distribution of
industrial activities. Labor force density is determined by the ratio of year-end
employees in the secondary industry to the land size of the administrative area,
characterizing the spatial agglomeration features of the employment structure.

Data concerning newly registered industrial enterprises at the county level are
sourced from the China Industrial and Commercial Enterprise Registration Database
by screening and aggregating the numbers of newly registered enterprises in mining,
manufacturing, and the production and supply of electricity, heat, gas, and water.
Information regarding the land area of county-level administrative regions and the
number of employees in the secondary industry is obtained from the China County

Statistical Yearbook. Descriptive statistics for each variable are displayed in Table 1.

12
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Tablel

Descriptive statistical analysis

. . Treatment Control Mean
Variables N Mean Std Dev Min Max .
mean mean Difference

Bird Diversity 20218 23.514 34.872 3.000 163.000 33.965 21.140 12.826%**

Ln(Regional
20218 14.090 1.181 9.593 18.345 14.850 13.917 0.933***
GDP)
Ln(Facility
. 20218  5.669 2.006 0.000 12.095 6.603  5.457 1.146%**
Agriculture Area)
Ln(Grain
] 20218 11.729 1.594 0.000 15.108 12.248 11.611 0.637***
Production)

Ln(Night Light) 20218 1.471 1.079 0.000 4.159 2.050 1.340 0.710***
Ln(PM2.5) 20218 3.644 0.408 2306 4.992 3.595  3.656 -0.060%**
Ln(Wind Speed) 20218 1.106 0.168 0.551 2.162  1.145  1.097 0.048***

Ln(Precipitation) 20218 3.113 1.616 0.038 15.531 3.242  3.084 0.158***

Average
20218 13.167 6.254 -7.172 25.594 15.054 12.739 2.315%**
Temperature
Environmental
, 20218 77.276 16.909 28.130 100.000 75.413 77.699 -2.287***
Quality Index
Park Number 8856  6.129 5.083 1.000 23.000 7.991  5.655 2.335%**
Industrial
Enterprise 19760 0.172 0307 0.001 1.626  0.290  0.145 0.145%**
Density

Labor Intensity 19760 57.060 89.556 0.043 463.112 93.434 48.767 44.667***

Note: This table presents the descriptive statistics of the principal variables for the period 2012-2022. The
research sample includes 20,218 county-year observations. Due to constraints in data availability, the number of
parks, factory density, and labor density have 8,856, 19,760, and 19,760 valid observations, respectively, while all
other variables are completely observed. To reduce the impact of extreme values, bird diversity, number of parks,
factory density, and labor density are winsorized at the 2nd percentile. Moreover, to address heteroscedasticity
and facilitate coefficient interpretation, all continuous control variables, except for average temperature, are
log-transformed. Following the National New-type Urbanization Comprehensive Pilot Program, counties in the
pilot are designated as the treatment group and those not in the pilot as the control group. Differences in group
means are assessed using two-sample t-tests. Significance levels are indicated as follows: *p < 0.1, **p < 0.05,

w8 < 0,01,
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3.2Model Construction

The DID model has been extensively utilized to ascertain the causal effects of
policy interventions (Callaway and Sant’Anna, 2021). The phased implementation of
the new-type urbanization policy across various counties offers favorable
quasi-experimental conditions for establishing a staggered DID model. Consequently,
this study formulates the following benchmark regression model to assess the impact

of the policy on bird diversity:
Bird Diversity,=a+fTreat Dummy,;+yX,tu+2te; (1)

In this model, i represents the region, and t denotes the year. The dependent
variable, Bird Diversity;;, indicates the level of bird diversity in county i during year t.
The core explanatory variable, Treat Dummyjy,, is a policy dummy variable assigned a
value of 1 if county i is part of the new-type urbanization pilot program in year t, and
0 otherwise. Xj; represents a set of control variables at the county level. ; signifies
the county fixed effect, and A, the year fixed effect, which respectively control for
the influence of unchanging county characteristics and time-varying factors on bird
diversity. ¢; is the random disturbance term. The focus of this study is on the
coefficient B, which indicates the average difference in bird diversity between the
treatment and control groups post-policy implementation, namely, the average

treatment effect (ATT) of the new-type urbanization policy.

4. Empirical results

4.1 Baseline Regression Analysis

Table 2 presents the benchmark regression results of the impact of new-type
urbanization policy on bird diversity. This study employs both Ordinary Least Squares
(OLS) and High-Dimensional Fixed Effects (HDFE) models for estimation. Columns
(1) and (2) detail the benchmark regression results, which include only the policy
dummy variable, with policy coefficients of 12.826, significant at the 1% level. These
findings preliminarily suggest that the new-type urbanization policy positively
influences bird diversity.

Columns (3) to (5) progressively incorporate various combinations of fixed
effects. Column (3), which includes county-level fixed effects, reveals that the policy
coefficient increases to 22.156. This suggests that controlling for county-level

characteristics that remain constant over time further accentuates the effect of the
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policy. Columns (4) and (5) additionally introduce year fixed effects. Although the
policy coefficient diminishes relative to Column (3), it remains statistically significant
at the 1% level in both instances. This demonstrates that the beneficial impact of the
policy persists even after accounting for macro-level temporal trends. Column (6)
presents the comprehensive model that integrates both county and year fixed effects
along with all control variables. The estimated policy coefficient is 4.691, which
continues to be statistically significant at the 1% level, thereby further confirming the
robustness of the policy effect. The estimated results for the control variables are
consistent with theoretical expectations and corroborate existing research, supporting
the rationality of the model configuration. Collectively, these results indicate that the
new-type urbanization policy significantly and positively influences bird diversity at

the county level with both statistical and economic significance.
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Table2
Baseline Regression Results
. &) 2 3) “4) (5) (6)
Variables
OLS HDFE HDFE HDFE HDFE HDFE
Urbanization 12.826%** 12.826%** 22.156%** 5.922%** 4.600%** 4.691%**
Policy (0.751) (0.751) (0.734) (0.756) (0.763) (0.756)
Ln(Regional 7.534%%*
GDP) (0.952)
Ln(Facility -0.374*
Agriculture
(0.202)
Area)
Ln(Grain -8.05 1 #**
Production) (1.029)
Ln(Night Light -3.990%**
n(Night Light
(1.062)
-2.363
Ln(PM2.5)
(2.281)
-14.943%**
Ln(Wind Speed)
(3.115)
-1.094 %%
Ln(Precipitation)
(0.397)
Average -1.048
Temperature (0.713)
21.140%** 21.140%** 19.412%** 22.418%** 22.662%** 61.254%**
cons
(0.251) (0.251) (0.219) (0.254) (0.220) (23.440)
County fixed
NO NO YES NO YES YES
effects
Year fixed
NO NO NO YES YES YES
effects
N 20218 20218 20218 20218 20218 20218
2 0.020 0.020 0.451 0.159 0.583 0.588

Notes: Robust standard errors are reported in parentheses, with significance levels denoted as follows: *p < 0.1,

4 < 0,05, ***%p < 0.01.
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4.2 Robustness Tests

4.2.1 Parallel Trends Test

The validity of the DID approach hinges on the parallel trends assumption,
which postulates that the treatment and control groups would follow similar trends in
the absence of the policy intervention. To evaluate this assumption, the present study
adopts an event study methodology to examine the dynamic effects both before and
after the policy’s implementation. Figure 3 demonstrates that the estimated
coefficients hover near zero across all pre-intervention periods, with their confidence
intervals including zero. This pattern suggests no significant pre-existing differences
in trends of bird diversity changes between the treatment and control groups, thereby
supporting the parallel trends assumption.

Subsequent to the implementation of the policy, the treatment effect shows a
notable positive shift. The coefficients for the implementation period and the
subsequent two periods are 3.30, 3.18, and 3.46 respectively, all significantly positive,
which indicates that the policy yielded beneficial effects initially. Although the
coefficients for the third and fourth periods remain positive, they do not reach
statistical significance, suggesting a diminution of the policy effect during these
periods. The coefficients for the fifth to seventh periods are 4.58, 9.96, and 11.01,
respectively, each significant at the 1% level and demonstrating a continued
strengthening trend, indicative of an intensification of the policy effects over the
medium to long term.

This pattern of dynamic effects can be interpreted through the lens of policy
implementation processes and ecosystem response mechanisms. The pronounced
effect in the early stages of the policy could be attributed to the initial surge in
ecological preservation awareness and the rapid progression of environmental
governance measures, which directly enhanced bird habitats. The observed temporary
reduction in mid-term effects might be linked to the phase of intensive policy
implementation. The commencement of extensive ecological construction projects
likely caused short-term disruptions to bird habitats during infrastructure development
and renovation, partially negating the policy’s ecological benefits. The marked
enhancement of effects in later periods suggests that as the green infrastructure
network progressively improves and the benefits of ecological restoration accumulate,
the long-term ecological advantages of the new-type urbanization policy become fully

apparent.

17



436

437
438
439
440
441
442

443
444
445
446
447
448
449
450
451
452
453
454
455
456

———— 95% confidence interval

15

10

5

Policy Treatment Effect
0

-5

&
& T P T P T T S
Period relative to the event

Figure 3 Parallel Trends Test Results

Note: This figure presents the dynamic effects of the new-type urbanization pilot policy on bird diversity. The
figure utilizes an event study approach, with one period prior to policy implementation (Pre-1) as the reference
period. The horizontal axis denotes the time periods relative to the policy implementation, and the vertical axis
illustrates the policy treatment effect. Green points indicate the point estimates of coefficients for each period, and
the vertical line segments depict the corresponding 95% confidence intervals. The red vertical dashed line marks

the reference period, and the horizontal dashed line signifies the zero-effect baseline.

To further validate the robustness of the parallel trends assumption, this study
utilizes a joint significance test for supplementary analysis. Unlike the single
coefficient test, the joint test more effectively addresses statistical inference
challenges that arise due to selection bias in the base period (Roth, 2022). The
outcomes of the test reveal that the pooled test p-value prior to the implementation of
the policy stands at 0.409, indicating an absence of systematic differences in bird
diversity trends between the treatment and control groups under hypothetical
scenarios, thus fulfilling the ex-ante parallel trends assumption. The pooled test
p-value for coefficients across all periods following policy implementation registers at
0.000, which is significant at the 1% level, thereby corroborating the statistically
significant impact of the new-type urbanization policy on bird diversity.

Although conventional pre-trend tests are widely applied, their testing power has
certain limitations. On the one hand, insufficient statistical power may result in the

failure to effectively detect trend differences even when they exist (Roth et al., 2023);
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on the other hand, using pre-trend tests as the basis for model selection may lead to
conditional inference bias. Consequently, this study also employs the relative
magnitude bounds method (RMBounds) proposed by Rambachan and Roth (2023) to
perform a sensitivity analysis on the parallel trend assumption. Figures 4(a) and 4(b)
display the sensitivity analysis results for the sixth and seventh periods following
policy implementation, respectively, periods during which the treatment effects
notably intensify. The analysis indicates that even when allowing for potential
deviations in underlying trends, the positive impact of the new-type urbanization

policy on bird diversity remains robust.
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Figure 4 Parallel Trends Sensitivity Test

4.2.2 Excluding Anticipation Effects

The effective application of the DID method presupposes the absence of
anticipatory effects, implying that individuals in the treatment group do not modify
their behavior or status in anticipation of the policy prior to its official implementation.
To ascertain whether this condition is met, this study implements the method
developed by Sun and Abraham (2021), which involves the construction of dummy
variables (BD_beforel and BD before2) representing policy shocks occurring one
and two years prior, respectively. These variables are integrated into the benchmark
regression model for analysis. The results presented in Appendix Table 2 show that,
after adjusting for the anticipation effect variable, the coefficient of the core
explanatory variable (BD) remains significantly positive. Conversely, the estimated
coefficients for both BD beforel and BD_ before2 fail to pass the significance test.
This suggests that no anticipation effect exists in the study sample. Specifically, no
systematic changes in bird diversity are detected in the treatment counties prior to the
formal implementation of the new-type urbanization pilot policy, thus satisfying the

identification assumption of the DID method.
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4.2.3 Heterogeneous Treatment Effect Analysis

Multi-period DID models can yield biased estimates with traditional two-way
fixed effects (TWFE) estimators due to variability in treatment effects across groups
and over time (de Chaisemartin and D’Haultfoeuille, 2020). Specifically, when
treatment timing differs across units, groups treated earlier may serve as control
groups for groups not yet treated in subsequent periods. This can violate the parallel
trends assumption, leading to biased estimates (Goodman-Bacon, 2021).

To assess the presence of such bias, this study utilizes the Bacon decomposition
method to structurally decompose the TWFE estimator in the baseline model. Panel A
and Panel B of Table 3 report the Bacon decomposition weights without and with
control variables, respectively. Panel A reveals that the weight of comparisons
between later-treated groups and earlier-treated control groups is 3.8% (Later T vs.
Earlier C). Panel B indicates that after the inclusion of control variables, the weight of
comparisons using never-treated groups as controls is 93.2% (Never vs. Timing), the
weight of comparisons between different timing groups is 5.8% (Timing groups), and
the weight of within-group comparisons is 1.0% (Within). These findings suggest that
potentially biased cross-group comparisons constitute a relatively minor proportion of
the total weight, indicating that the TWFE estimator in this study is not substantially

affected by heterogeneous treatment effects, and the baseline results are robust.

Table 3
Bacon Decomposition Results

Panel A:Without Controls

2 X 2-DID Estimate Weight Avg DD EST
Earlier T vs. Later C 0.019 5.258
Later T vs. Earlier C 0.038 0.877
T vs. Never treated 0.943 4.736

Panel B:With Controls

2X2-DID Estimate Total Weight Beta
Timing groups 0.058 2.412
Never vs Timing 0.932 4.810
Within 0.010 7.002

Notes: Panel A, based on the ddtiming command, displays the weight distribution and ATTs of different timing
group comparisons in staggered DID, using a baseline model without control variables. T represents the treatment
group, C represents the comparison group, Avg DD EST represents the average DID estimate for each type of
timing group comparison, and Weight represents the weight proportion of each type of timing group comparison.
Panel B, based on the bacondecomp command, presents the Bacon decomposition after the inclusion of control
variables. Beta represents the estimated coefficient for each type of comparison, and Total Weight represents the

corresponding weight proportion.
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The Bacon decomposition results indicate that the baseline estimates are subject
to limited heterogeneity bias. To comprehensively address potential interference from
treatment effect heterogeneity in multi-period DID, this study employs two types of
heterogeneity-robust estimation methods to test the baseline results. The first method
is the cohort-time ATT estimator proposed by Sun and Abraham (2021), which avoids
the estimation bias of mistakenly using already-treated groups as control groups in
traditional TWFE. This is achieved by restricting the control group to always consist
of not-yet-treated units. The second method is the imputation estimator developed by
Borusyak et al. (2024), which relies solely on information from untreated samples
when constructing counterfactuals. Thus, the interference of inappropriate control
groups on the estimation results is systematically excluded.

Figure 5 displays the dynamic treatment effects obtained from these two robust
estimation methods. The results show that the coefficients in all pre-treatment periods
are not significant, and the evolution path of post-treatment effects largely aligns with
the parallel trends test results shown in Figure 3. These results reveal that after
accounting for treatment effect heterogeneity, the baseline regression results of this
study remain robust. Specifically, the results confirm that the new-type urbanization

policy can effectively enhance bird biodiversity.
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Figure 5 Heterogeneity-robust DID Dynamic Effects

Notes: Panel (a) shows the estimation results using the CATT method (Sun and Abraham, 2021), and Panel (b)
presents the imputation estimator results (Borusyak et al, 2024). Panel (a) uses one period before policy
implementation (Pre-1) as the reference period, with the red vertical dashed line indicating the reference period
position. The red vertical dashed line in Panel (b) indicates the policy implementation period. Both methods
control for county fixed effects, year fixed effects, and relevant control variables. The horizontal axis represents
the time periods relative to the policy implementation point, the vertical axis represents the policy treatment effects,

and the vertical line segments indicate the corresponding 95% confidence intervals.
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4.2.4 Placebo Test

To eliminate potential interference from random factors in the benchmark
regression results, this study employs a placebo test to re-examine the authenticity of
policy effects. Specifically, 512 counties are randomly selected to form the false
treatment group, with the timing of policy implementation assigned randomly.
Subsequently, 1000 repeated samplings are conducted for simulation estimation.
Figure Al presents the distribution of estimated coefficients from the placebo test.
The coefficients for the false policy follow a zero-centered normal distribution, with
the vast majority of randomly estimated coefficients falling below the true policy
effect estimate of 4.691. This result indicates that no significant effect emerged under
the randomly assigned policy scenarios. This finding further confirms that the positive
effect of the new-type urbanization pilot policy on bird diversity is not attributed to

random factors.
4.2.5 Alternative Dependent Variable Specifications

This study further re-measures county-level bird diversity indicators through
different data processing methods. Figure A2(a) displays, from top to bottom, the
regression results using original panel data values (BD_Panel), winsorized non-panel
data values (BD Raw W), and original non-panel data values (BD Raw) as the
dependent variables. Under these three different measurement methods, the estimated
coefficients of the new-type urbanization policy are 5.506, 8.557, and 8.634,
respectively, all of which are significantly positive at the 1% or 5% level. The
direction of the policy effect is consistent with the baseline model. As indicated by the
above results, in the context of different data construction methods, the positive effect
exerted by the new-type urbanization policy on bird diversity in the baseline

regression remains robust.
4.2.6 Excluding COVID-19 Period

Considering the stagnation of economic and social activity, along with
restrictions on population mobility during the COVID-19 pandemic, which may have
caused short-term abnormal fluctuations in the ecological environment, this study
re-estimates the model by excluding data from 2020 to eliminate potential
interference in policy evaluation. Figure A2 (b) displays, from top to bottom, the

regression results under four settings: panel data and non-panel data, both with
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winsorized and original values.

The results indicate that after excluding the data from 2020, the estimated
coefficients of the new-type urbanization policy in the panel data are 4.813
(winsorized) and 5.697 (unwinsorized), both significant at the 1% level. In the
non-panel data, the policy effect coefficients are 8.776 (winsorized) and 8.842
(unwinsorized), also significantly positive at the 5% level. The policy effects in all
settings are consistent with the benchmark regression, indicating that the positive
impact of the new-type urbanization policy on bird diversity is robust and unaffected

by the exceptional conditions of the pandemic year.

4.2.7 Excluding the Influence of Concurrent Interfering Policies

To control for potential interference from other significant ecological policies
during the same period, this study focuses on identifying and controlling two
ecological policies with nationwide impact. The first is the National Key Ecological
Function Zone Policy. To alleviate the persistent pressure on ecosystem functions
from human activities and industrial pollution, China established two batches of
National Key Ecological Function Zones in December 2010 and September 2016. The
first batch encompassed 436 county-level administrative regions, and the subsequent
batch added 240 county-level administrative regions and 87 key state-owned forest
area forestry bureaus. This policy delineates ecological priority protection areas
through spatial control measures to enhance the national ecological security pattern
and regional green development capacity.

The second policy is the National Ecological Civilization Demonstration Zone
Policy. Since 2017, the Ministry of Ecology and Environment has organized the
selection of national ecological civilization demonstration counties and cities. The
first batch announced 46 demonstration units, and by July 2025, a total of seven
batches of pilot projects had been implemented. This policy aims to promote local
governments to fully integrate the concept of ecological civilization into the economic
and social development process through demonstration and leadership, thereby
achieving coordinated advancement of high-quality development and ecological
protection.

Figure A2 (c) presents the estimation results after controlling for the National
Key Ecological Function Zone Policy. In the panel data, the coefficients for the
new-type urbanization policy are 4.537 (winsorized) and 5.268 (raw), both significant

at the 1% level; in the non-panel data, the corresponding coefficients are 7.779 and
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7.643, significant at the 5% and 10% levels, respectively. Figure A2 (d) displays the
regression results after accounting for the Ecological Civilization Demonstration Zone
Policy. In the panel data, the policy coefficients are 4.329 (winsorized) and 4.964
(raw), both significant at the 1% level; in the non-panel data, the coefficients are
8.455 and 8.393, both remaining significant at the 5% level. These findings suggest
that, after excluding the competing effects of two concurrent ecological policies, the
positive impact of new-type urbanization on bird diversity remains robust, further

substantiating the independence of the policy effect.

5. Bird Biodiversity: Mechanisms and Heterogeneity

5.1 Mechanism Analysis

5.1.1 Ecological Environment Quality

Environmental pollution constitutes a significant driver of biodiversity loss
during traditional urbanization processes. Air pollutants and water contamination
directly impair bird physiology and diminish breeding success rates, while also
exerting cumulative effects through the food chain that influence long-term
population dynamics (Liang et al., 2020). Concurrently, the increasing frequency of
extreme weather events poses additional threats to bird survival (Kotz et al., 2025).
The new-type urbanization policy incorporates the concept of ecological civilization
into the urban development framework, aiming to mitigate these environmental
pressures at their source. Specifically, regarding ecological restoration, the policy
advocates for afforestation and wetland restoration initiatives that increase vegetation
coverage and ameliorate surface thermal conditions (Xu et al., 2021). Furthermore,
the enhanced transpiration from vegetation contributes to regional air humidity
increments and mitigates trends towards surface desiccation. In terms of optimizing
land use structure, policy-directed measures such as converting farmland back to
forest refine land cover composition, enhance habitat heterogeneity, and improve
overall ecosystem quality. These comprehensive enhancements are anticipated to
foster more favorable habitat conditions for birds.

To substantiate this mechanistic pathway, the present study employs regression
analysis with the county-level ecological environment quality index serving as the
mechanism variable. The findings presented in column (1) of Table 8A indicate that
the estimated coefficient for the influence of the new-type urbanization policy on the

ecological environment quality index is 0.409, significant at the 1% level. This result
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suggests that the policy effectively enhances regional ecological environment quality,

thereby providing a crucial foundation for the enhancement of bird diversity.
5.1.2 Green Infrastructure Construction

Urban parks, as key components of urban ecosystems, provide vital habitats for
birds to roost, forage, and breed. Existing research suggests that the quantity and
quality of urban parks are determinants of both the structure of bird communities and
their species richness (Wang et al., 2025). The presence of trees, shrubs, and
grasslands within parks fosters diverse habitats for birds from various ecological
niches, while bodies of water serve as critical resources for foraging and resting for
waterbirds (Apfelbeck et al., 2020). Furthermore, as ecological islands within urban
settings, parks act as stopover points for migratory birds, thereby enhancing the
stability and diversity of urban bird populations (Vasquez and Wood, 2022).
Motivated by the people-oriented approach of new-type urbanization, local
governments are increasingly focusing on meeting residents’ demands for
high-quality ecological environments, making the construction of parks as a pivotal
strategy to boost urban livability and attractiveness. Consequently, this study
hypothesizes that the new-type urbanization policy may foster bird diversity by
increasing the number of parks.

To test this proposed mechanism, the study employs regression analysis with the
county-level ecological environment quality index as the mechanism variable The
findings, presented in Column (1) of Panel A in Table 4, reveal that the estimated
coefficient for the impact of the new-type urbanization policy on the ecological
environment quality index is 0.409, statistically significant at the 1% level. This result
indicates that the policy substantially improves the quality of the regional ecological
environment, thereby providing a vital foundation for the enhancement of bird

diversity.
5.1.3 Industrial Spatial Adjustment

Industrial enterprises, particularly those in highly polluting sectors, play a
significant role in affecting urban ecological environments and the quality of bird
habitats. Studies have shown that industrial pollution impairs habitat functionality and
poses direct threats to bird survival through bioaccumulation in food chains (Meng et
al., 2025). Under traditional models of urbanization, industrial enterprises have
typically been concentrated in the urban core areas (Li and Zhao, 2023). By contrast,

contemporary urbanization policies emphasize the optimization of industrial
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structures and rational spatial distribution, thereby providing institutional safeguards
that mitigate industrial pollution at its source and promote the restoration of bird
habitats.

As these policies progress, local governments encounter increasing constraints
and pressures during the phases of industrial transformation and spatial restructuring,
with significant variations observed across different administrative units. Municipal
districts, which are areas with high concentrations of industrial clusters and
socioeconomic activities, face greater pressure to adjust their industrial spatial layouts
and reduce pollution. Conversely, counties, which pursue multiple objectives in the
new-type urbanization process, such as developing local economies and facilitating
labor transfers, exhibit a relatively slower pace of industrial restructuring.
Consequently, this study predicts that the effects of optimizing industrial spatial
layouts under new-type urbanization policies will be more pronounced at the urban
district level, while remaining relatively limited within counties.

To substantiate these findings, this study employs separate regression analyses,
utilizing industrial enterprise density and labor intensity as mechanism variable. The
samples are stratified by municipal districts, county-level cities, and other
county-level units. The results presented in Panel B of Table 4 indicate that in the
municipal district sample, the coefficient representing the impact of the new-type
urbanization policy on industrial enterprise density is -0.023 (Column 1), significant
at the 5% level. This suggests that the policy has effectively facilitated the relocation
of industrial enterprises within this area. However, in county-level cities (Column 3)
and other county-level units (Column 5), the impact of the policy is not statistically
significant, indicating that the industrial layout in these areas has not undergone
significant change, aligning with initial expectations.

Further analysis shows that the coefficient for the policy effect on labor density
in the municipal district sample is 2.988 (Column 2), significantly positive at the 10%
level. This finding suggests that despite the decrease in industrial enterprises, labor
resources have not been lost but have instead shown a tendency to further concentrate.
This phenomenon may be attributed to the orderly exit of high-polluting enterprises
and the continuous absorption of labor by environmentally friendly and
technology-intensive industries. Regarding bird diversity, the reduction in the density
of industrial enterprises in municipal districts helps reduce pollution emissions from
the source and minimize disturbances to habitats, thereby creating favorable

conditions for the recovery of bird communities.
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Table4

707  Mediation effect test
Panel A. Ecological Environment Quality and Green Infrastructure Construction
(1) (2)
Variables
Environmental Quality Index Park Numbers
Urbanization 0.409%%** 0.600***
Policy (0.084) (0.214)
88.957*** -9.485%**
Constant
(2.735) (3.476)
Controls YES YES
County fixed
YES YES
effects
Year  fixed
YES YES
effects
Observations 20218 8856
R-squared 0.981 0.847
Panel B. Industrial Spatial Adjustment
(1) (2) (3) ) (5) (6)
Variables Municipal Districts County-level Cities Other Counties
Ind Density Lab Density  Ind Density = Lab Density  Ind Density = Lab_Density
Urbanization -0.023* 2.988" -0.002 3.293" -0.008 -0.997
Policy (0.010) (1.662) (0.010) (1.633) (0.005) (0.677)
-0.449 69.853 -0.096 44.870 -0.472™" 6.129
Constant
(0.354) (55.039) (0.354) (76.429) (0.100) (17.482)
Controls YES YES YES YES YES YES
County fixed
YES YES YES YES YES YES
effects
Year fixed
YES YES YES YES YES YES
effects
Observations 3,484 3,484 3,299 3,299 12,977 12,977
Adjusted
0.891 0.980 0.908 0.964 0.821 0.931
R-squared
708 Notes: Robust standard errors are reported in parentheses, with significance levels marked as follows: *p < 0.1,
709 **p < 0.05, **¥p < 0.01.
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5.2 Heterogeneity Analysis
5.2.1 Quantile Regression

Building upon the preceding analysis of the ATTs of the new-type urbanization
policy on bird diversity, this study further examines the heterogeneity of these effects
across different baseline biodiversity conditions. Considering the challenges
associated with directly addressing fixed effects in panel data using standard quantile
regression methods (Koenker, 2004), this study adopts the approach proposed by
Canay (2011). We perform the de-centering treatment of county fixed effects and year
fixed effects for all variables, respectively, and then conduct quantile regression on
the treated variables.

The results presented in Table 5 indicate that the positive effect of the new-type
urbanization policy on bird diversity exhibits a diminishing gradient as biodiversity
levels increase. At the lower biodiversity quantile (Q25), the policy effect coefficient
is 5.140; it decreases to 4.109 at the median quantile (Q50), and further diminishes to
3.877 at the upper quartile (Q75), each significant at the 1% level. These findings
suggest that the policy has a more pronounced improvement effect in regions with
weaker baseline biodiversity. A potential explanation for this distribution pattern is as
follows: In regions with poor baseline biodiversity, ecosystems show deeper
degradation, and interventions such as habitat restoration and pollution control can
rapidly release ecological recovery potential, yielding significant policy effects.
Conversely, in areas with higher baseline biodiversity, ecosystems have already
achieved structural and functional stability. Moreover, further enhancements in

diversity incur increased marginal costs, resulting in relatively limited policy effects.
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Table5
Quantile Regression Results

. &) 2 (3)
Variables
Q25 (Low) Q50 (Median) Q75 (High)
5.140%** 4.109%*** 3.877***
Urbanization Policy
(1.030) (0.505) (0.770)
6.678*** 4.061*** 4.600%***
Ln(Regional GDP)
(1.003) (0.638) (0.771)
Ln(Facility -0.234 -0.025 -0.051
Agriculture Area) (0.244) (0.125) (0.173)
-9.821 HH* -8.468%** -7.649%**
Ln(Grain Production)
(0.993) (0.422) (0.698)
] ] -8.537H** -3.023%%* -0.386
Ln(Night Light)
(1.181) (0.576) (0.868)
-1.333 -2.988** -4.825%%*
Ln(PM2.5)
(2.702) (1.407) (2.001)
-15.112%%* -6.908%** -15.465%**
Ln(Wind Speed)
(3.527) (1.803) (2.536)
-1.683%** -1.276%%* -0.552%*
Ln(Precipitation)
(0.466) (0.239) (0.329)
-0.528 0.381 -1.040
Average Temperature
(0.916) (0.495) (0.640)
-11.726%** 0.659%*** 9.957***
Constant
(0.225) (0.114) (0.161)
Observations 20218 20218 20218
Pseudo R-squared 0.0082 0.0072 0.0083

Notes: This table reports the quantile regression results of the new-type urbanization pilot policy’s impact on bird
diversity. 025, 050, and Q75 correspond to the 25th, 50th, and 75th quantiles, respectively, representing regions
with low, medium, and high levels of bird diversity. All variables are demeaned by county and year fixed effects to
simulate TWFE quantile regression. Robust standard errors are reported in parentheses, with significance levels

marked as follows: *p < 0.1, **p < 0.05, ***p < 0.01.
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5.2.2 Heterogeneity Analysis Based on Population Density

To explore further the heterogeneity in the impact of the new-type urbanization
policy on bird diversity across different population density dimensions, this study
categorizes the samples into southeastern and northwestern regions according to the
Hu Huanyong Line for grouped regression analysis. The Hu Huanyong Line acts as a
significant geographical demarcation in China, reflecting disparities in population
distribution and the natural environment gradient, and is characterized by variations in
geographical features, economic development levels, and urbanization rates on either
side.

Figure 6 presents the results of the heterogeneity analysis concerning the effects
of the new-type urbanization policy. As indicated by the Hu Huanyong Line grouping
(purple markers) in the figure, the policy coefficient amounts to 4.213 in the
southeastern region and 9.305 in the northwestern region, both significant at the 1%
level. Further analysis using Seemingly Unrelated Estimation (SUEST) tests
demonstrates that the policy effect is significantly more robust in the northwestern
region than in the southeastern region (}*=4.52, p=0.034). This finding suggests that
the new-type urbanization policy exerts a more pronounced positive impact on bird
diversity in the northwestern region.

This disparity likely originates from the environmental characteristics of the
northwest region, which includes natural ecosystems such as plateaus, mountains,
grasslands, and deserts. These areas maintain intact ecological foundations with
minimal human disturbance. Consequently, ecological protection measures under the
policy can have significant beneficial effects in these continuous habitats. In contrast,
the southeastern region, despite having stronger environmental governance
capabilities, faces challenges due to long-term intensive urbanization and human
activities. These factors have continually exerted pressure on ecosystems, diminishing
the ecological space available for improvements and thereby limiting the marginal

effect of the policy.
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5.2.3 Heterogeneity Analysis Based on County-level Administrative Division Types

The preceding mechanism analysis indicates that the new-type urbanization
policy exhibits significant differences among administrative units in promoting
industrial spatial restructuring. The density of industrial enterprises in municipal
districts has decreased significantly, whereas industrial layouts in county-level cities
and other county-level administrative units have remained largely unchanged. Based
on these observations, this study infers that the policy effect on bird diversity may
similarly exhibit heterogeneity across different types of administrative units.

To test this hypothesis, the study categorizes the sample into three sub-samples:
municipal districts, county-level cities, and other county-level administrative units for
regression analysis. As indicated by the county-level administrative type grouping
(green markers) in Figure 6, the policy coefficient in municipal districts is 10.507
(significant at the 1% level), while the policy effects in county-level cities
(coefficient=1.929) and other county-level administrative units (coefficient=0.246) are
not significant. SUEST tests further confirm that the policy effect in municipal
districts is significantly stronger than in county-level cities (y>=12.79, p<0.001) and
other county-level administrative units (y>=26.16, p<0.001). These results support the
earlier discussed mechanism of industrial spatial adjustment, indicating that the
positive impact of the new-type urbanization policy on bird diversity exhibits
significant differences across administrative division types.

This disparity primarily stems from the fact that municipal districts typically face
stricter environmental protection assessments and social supervision, which results in
stronger implementation of industrial upgrading and environmental governance.
Coupled with their fiscal and technological advantages, municipal districts can more
effectively translate policies into ecological benefits. In contrast, county-level units
encounter relatively less pressure from environmental protection assessments,
resulting in weaker intrinsic motivation for policy implementation. This, combined
with limited resources and technical capabilities, leads to the policy effects not being

fully realized.
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Figure 6 Heterogeneity Analysis of New-type Urbanization Policy Effects

Note: This figure presents heterogeneity analysis results of the new-type urbanization policy effect on bird
diversity through two dimensions: geographical grouping based on the Hu Huanyong Line (purple dots) and
county-level administrative classifications (green dots). The Hu Huanyong Line, China’s population-geographical
dividing line, separates the densely populated Eastern Region from the sparsely populated Western Region.
Administrative classifications include Municipal Districts, County-level Cities, and Other Counties (comprising
counties, autonomous counties, banners, autonomous banners, special districts, and forestry districts). Point
estimates represent policy effect coefficients, horizontal lines indicate 95% confidence intervals, and the dashed
vertical line marks the zero-effect threshold. The dependent variable is winsorized bird diversity panel data, with

the new-type urbanization pilot policy dummy as the core explanatory variable.

6. Spatial Spillover Effects of Policy

Birds exhibit significant migratory and dispersal abilities, and enhancing the
ecological environment in neighboring areas can initiate cross-regional bird
migrations, thereby creating positive spatial spillover effects (Zurell et al., 2018).
Concurrently, urbanization may introduce negative externalities, such as the transfer
of pollution, which negatively impacts adjacent habitats (Lu et al., 2020; Fan et al.,
2019). To investigate the spatial characteristics of policy effects, this study utilizes an
SDM and estimates it using three different spatial weight matrices: adjacency matrix,
inverse-distance matrix, and economic-distance matrix, to strengthen the robustness
of the results. Table A3 displays the global Moran’s I indices for bird diversity under
the three spatial weight matrices from 2012 to 2022, while Figures A3 to A5 illustrate
the corresponding local Moran’s scatter plots, revealing spatial clustering patterns of
bird diversity.

Table 6 indicates that the direct effect coefficients of the new-type urbanization

policy under the three spatial weight matrices are 3.870, 3.237, and 4.583,
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respectively, each significant at the 1% level. These findings suggest that the positive
impact of new-type urbanization on local bird diversity is robust and not affected by
the setting of the spatial matrix. Additionally, Column (2) in Panel A, Panel B, and
Panel C of Table A4 demonstrates that the indirect effects are not statistically
significant, suggesting that the policy benefits are mainly confined within the pilot
counties and have not yet produced notable spatial spillover effects in neighboring
regions.

From the perspective of spatial autocorrelation characteristics, the spatial
autocorrelation coefficients (rho) under the three matrix settings are significantly
positive, indicating strong spatial dependency in bird diversity across counties. This
observation confirms that bird species tend to exhibit spatial clustering patterns, with
the diversity levels in adjacent regions affecting each other. Notably, the rho
coefficient under the inverse distance matrix is 2.983, markedly higher than the
settings of the other matrices. This reflects that the intensity of spatial correlation in
bird diversity diminishes with increasing geographical distance, with neighboring

counties showing higher similarity in bird species composition.
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842  Table 6
843  SDM Results under Different Spatial Weight Matrices

(1) (2 (3)
VARIABLES ) ) Inverse Distance Economic Distance
Adjacency Matrix ) )
Matrix Matrix
3.870%** 3.237%** 4.583%**
Urbanization Policy
0.917) (0.850) (0.880)
2.189* 0.614 4.352%%*
Ln(Regional GDP)
(1.173) (1.139) (1.105)
-0.448%* -0.48 1#** -0.386**
Ln(Facility Agriculture Area)
(0.180) (0.180) (0.181)
-5.620%%* -5.408%** -7.055%%%*
Ln(Grain Production)
(0.801) (0.802) (0.798)
-4.902%** -2.834%%* -4 47 HRH*
Ln(Night Light)
(1.162) (1.100) (1.128)
2.592 -4.670 9.819***
Ln(PM2.5)
(3.145) (3.465) (3.428)
-12.75%%%* -8.491** -3.758
Ln(Wind Speed)
(4.479) (3.527) (4.688)
-0.251 0.185 -0.755
Ln(Precipitation)
(1.074) (0.611) 0.971)
-1.711 0.144 -3.999%*
Average Temperature
(1.696) (1.540) (1.849)
N 0.376%** 2.983*** 0.156***
rho
(0.0103) (0.0415) (0.00579)
462.3%%* 458.5%** 477.7***
sigma2 e
4.712) (4.638) (4.859)
County fixed effects YES YES YES
Year fixed effects YES YES YES
Observations 19,569 19,569 19,569
R-squared 0.032 0.012 0.022
Number of county id 1,779 1,779 1,779
844 Notes: This table presents the regression results of the SDM under various spatial weight matrices. Column (1)
845 employs the neighboring matrix, column (2) utilizes the inverse distance matrix, and column (3) uses the economic
846 distance matrix. The dependent variable is bird biodiversity (winsorized). All regressions include county and year

847  fixed effects with comprehensive control variables. Standard errors are reported in parentheses, with significance
848 levels denoted as *p < 0.1, **p < 0.05, ***p < 0.01.

849 7. Conclusion

850 This study evaluates the impact and mechanism of the “people-centered”
851  new-type urbanization policy on biodiversity. The empirical results indicate that the
852  policy has significantly enhanced bird diversity levels in pilot counties, and this

853  positive effect remains robust across multiple stability tests. The analysis of
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mechanisms suggests that the policy primarily functions through three pathways:
enhancing the quality of the regional ecological environment, expanding the coverage
of green infrastructure, and optimizing the spatial layout of industries. Moreover, the
influence of the policy is more pronounced in areas with weaker ecological
foundations, sparsely populated regions to the northwest of the Hu-Huangong Line,
and municipal districts.

The study also notes that while bird diversity exhibits significant spatial
clustering characteristics, this spatial correlation diminishes with increasing
geographical distance. Notably, the effect of the policy is largely confined to the pilot
counties and does not significantly spill over into surrounding areas.

Based on these findings, several policy recommendations are proposed. Firstly,
in ecologically fragile regions and the northwest side of the Hu-Huangong Line,
prioritization should be given to ecological restoration projects, enhanced habitat
protection, and the provision of targeted policy support and resource allocation.
Secondly, in areas with high levels of urbanization such as municipal districts, there
should be ongoing efforts to develop green infrastructure and to enhance conditions
favorable to biodiversity conservation, such as the construction of ecological corridors
and the expansion of park green spaces. Lastly, it is essential to establish regional
coordination mechanisms to prevent the mere relocation of polluting industries to
other areas during adjustments in industrial spatial layout, thereby ensuring sustained
ecological and environmental quality across the region.

This study acknowledges two main limitations. Primarily, it uses birds as
indicator species for analysis. Although birds are effective indicators of ecosystem
health, incorporating data from multiple organism groups, including mammals,
amphibians, and insects, in future research would contribute to a more comprehensive
biodiversity assessment system. Additionally, constrained by the availability of
county-level data, the current study period ends in 2022. Extending the data sequence
would provide a better understanding of the long-term patterns and lagged effects of
ecosystems during urbanization. These directions will also be pivotal for our

follow-up research.
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Figure A1 Placebo Test Results
Notes: This figure reports the placebo test results based on 1,000 random samplings. The curve represents the
kernel density distribution of the placebo treatment effect coefficients, and the scatter points represent the
corresponding p-values. The vertical dashed line indicates the true treatment effect coefficient (4.691), and the
horizontal dashed line indicates the 10% significance level benchmark. During the test, 512 counties were
randomly selected as the placebo treatment group, and placebo policy implementation years were randomly

assigned. 293 counties were set to 2015, 85 counties to 2016, and 134 counties to 2017.

40



1008

1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019

(a) (b)

' I
| |
BD_Panelq } —— BD_Panel_W : ——

| I
| ]
| I
| |
1 BD_Panel{ | ——
| |
| I

BD_Raw_W - } o :
| I
| BD_Raw_W{ | o
i i
| I
| |
| |
| |

BD_Raw - J L 4 BD_Raw : L 4
0 5 ! 15 0 5 10 15
Policy Effect Coefficient (90% CI) Policy Effect Coefficient (90% CI)
(c) (d)
] 1
I 1
BD_Panel_W ! —— BD_Panel W+ | ——
i i
] 1
i i
BD_Panel{ | — i BD_Panel{ | ——

i i
] 1
I 1
I 1

BD_Raw_W1 | ° BD_Raw_W-{ | TS
i i
I 1
1 1
] 1
I 1

BD_Raw- : . 4 BD_Raw- :
0 5 10 15 0 5 10 15
Policy Effect Coefficient (90% CI) Policy Effect Coefficient (90% CI)

Figure A2 Robustness Analysis
Notes: This figure presents the robustness test results of the new-type urbanization policy’s impact on bird
diversity. The point estimates represent policy effect coefficients, horizontal lines indicate 90% confidence
intervals, and dashed lines represent the zero-effect baseline. Panel (a) shows robustness tests using alternative
dependent variable specifications, specifically replacing the dependent variable with panel data raw values,
non-panel data winsorized values, and non-panel data raw values, respectively. Panel (b) presents robustness tests
excluding the COVID-19 pandemic’s impact. Specifically, data from 2020 are excluded to eliminate potential
observation biases during the pandemic period. Panel (c) shows robustness tests controlling for the National Key
Ecological Function Zone Policy. (d) presents robustness tests controlling for the Ecological Civilization
Demonstration Zone Policy. All regressions include control variables and county and year TWFE, with robust

standard errors used for statistical inference.
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1024
1025

1026
1027

1028

Table A1
Joint Significance Tests for Parallel Trends

test F-statistic p-value df df residual
Pre-policy joint test 1.00 0.4086 4 18350
Post-policy joint test 4.76 0.000 8 18350
Table A2
Anticipation Effect Regression Results
VARIABLES One year ahead Two year ahead
4.091*** 4.742%%%*
treat_ dummy
(0.995) (0.853)
0.867
BD beforel
(1.096)
-0.126
BD before2
(1.086)
7.536%** 7.533%**
Ln(Regional GDP)
(0.952) (0.952)
i ) -0.375%* -0.374*
Ln(Facility Agriculture Area)
(0.202) (0.202)
-8.043%** -8.052%**
Ln(Grain Production)
(1.029) (1.029)
-4.000%** -3.988***
Ln(Night Light)
(1.061) (1.062)
-2.346 -2.363
Ln(PM2.5)
(2.282) (2.281)
-14.925%** -14.938***
Ln(Wind Speed)
(3.114) (3.115)
-1.102%** -1.093%**
Ln(Precipitation)
(0.397) (0.397)
-1.060 -1.047
Average Temperature
(0.714) (0.713)
61.196%** 61.278%**
Constant
(23.438) (23.443)
County fixed effects YES YES
Year fixed effects YES YES
Observations 20,218 20,218
R-squared 0.588 0.588
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1029  Table A3
1030  Global Moran’s I Index for Bird Diversity

Economic Distance

Year Adjacency Matrix Inverse Distance Matrix
Matrix

2012 0.127*** 0.027*** 0.151%**
2013 0.097*** 0.015%** 0.085%**
2014 0.088*** 0.017*** 0.130%**
2015 0.147*** 0.029%** 0.234%**
2016 0.147%** 0.027*** 0.190%**
2017 0.151%** 0.030%** 0.238%**
2018 0.203*** 0.031*** 0.291%**
2019 0.170%** 0.031*** 0.261%**
2020 0.173%** 0.030%** 0.227%**
2021 0.266%** 0.043%** 0.353%**
2022 0.285%** 0.060%** 0.385%**

1031 Note: The values in the graph below are the global Moran’s I for bird diversity from 2012 to 2022***, ** gnd *
1032 represent 1%, 5% and 10% significance levels respectively.
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1033
1034

1035
1036

Table A4
Spatial Spillover Effect Decomposition

Panel A:Under Adjacency Matrix

1) 2 (3)
VARIABLES
Direct effect Indirect effect Total effect
3.962%** 1.354 5.316%**
Urbanization Policy
(0.904) (1.894) (1.711)
Controls YES YES YES
County fixed effects YES YES YES
Year fixed effects YES YES YES
Observations 19,569 19,569 19,569
R-squared 0.032 0.032 0.032
Number of county id 1,779 1,779 1,779
Panel B:Under Inverse Distance Matrix
(D 2) 3)
VARIABLES
Direct effect Indirect effect Total effect
3.244%%* 2.910 6.155%
Urbanization Policy
(0.866) (3.259) (3.579)
Controls YES YES YES
County fixed effects YES YES YES
Year fixed effects YES YES YES
Observations 19,569 19,569 19,569
R-squared 0.012 0.012 0.012
Number of county id 1,779 1,779 1,779
Panel C:Under Economic Distance Matrix
1) 2 (3)
VARIABLES
Direct effect Indirect effect Total effect
4.574%** -0.471 4.104%**
Urbanization Policy
(0.866) (0.921) (0.949)
Controls YES YES YES
County fixed effects YES YES YES
Year fixed effects YES YES YES
Observations 19,569 19,569 19,569
R-squared 0.022 0.022 0.022
Number of county id 1,779 1,779 1,779

Notes: Standard errors are showed in parentheses, with significance levels marked as follows: *p < 0.1, **p <

0.05, ***p < 0.01.
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