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Executive Summary

Baited bird blinds have rapidly expanded across China as a form of community-based

ecotourism, providing new income opportunities for rural communities while attracting in-

creasing numbers of birdwatchers and photographers. Despite their growing popularity, the

broader ecological impacts of bird blind development remain poorly understood, particularly

at the landscape scale.

This project evaluates whether bird blind establishment is associated with changes in

local forest cover from 2001 to 2024. Using survey data from 65 sites across 10 provinces,

the study combines remote sensing data with spatial analysis to quantify forest loss within

a 500 m buffer around each site. Logistic regression is used to identify drivers of bird

blind site selection and to construct matched control sites with similar environmental and

anthropogenic characteristics. The study further applies before–after comparisons, trend

analysis, and event-study approaches to assess temporal dynamics of forest loss.

Key findings include:

• Forest loss increased over time following bird blind establishment, with trend analysis

indicating a significant rise in post-establishment trajectories.

• However, similar increases were observed at matched control sites, suggesting that

these patterns are not unique to bird blind locations.

• No significant change in mean forest loss was detected between pre- and post-

establishment periods.

• Event-study results show no immediate jump in forest loss at the time of establishment,
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but indicate a gradual increase over time.

• Baseline differences between bird blind and control sites reflect non-random site

selection, with blinds more likely located in forested and ecologically favorable areas.

Taken together, these findings suggest that while forest loss trends increased after

establishment, these changes are more likely driven by broader landscape-level dynamics

rather than a causal effect of bird blind development.

These results have important implications for conservation and ecotourism manage-

ment. They indicate that small-scale, community-based infrastructure such as bird blinds

may have limited direct impacts on surrounding habitats at the spatial scale examined. At

the same time, they highlight the importance of distinguishing site-specific effects from

broader environmental trends when evaluating ecological impacts.

Future research could improve inference by expanding geographic coverage, extend-

ing post-establishment observation periods, and incorporating datasets that better distin-

guish plantation from natural forests. Such efforts would provide a more comprehensive

understanding of the ecological consequences of bird blind development across different

landscape contexts.
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Chapter 1

Introduction

Reconciling biodiversity conservation with economic development remains a central

challenge in the Anthropocene. Ecotourism has been widely promoted as a nature-based

strategy that can simultaneously support conservation outcomes while providing alterna-

tive income sources for local communities (Weaver, 2001; Fennell, 2014). By linking

ecological resources with market demand, ecotourism may create financial incentives for

habitat protection and sustainable land-use practices. However, its ecological outcomes are

highly context-dependent, and growing evidence suggests that ecotourism can also generate

unintended environmental impacts, particularly when management is insufficient or visitor

pressure increases (Buckley, 2004). Within this broader context, avitourism has emerged

(a) Exterior view of a baited bird blind (b) Interior view of a baited bird blind

Figure 1.1: Typical structure of baited bird blinds in China

as a rapidly expanding sector of nature-based tourism, driven by increasing global interest
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in birdwatching and wildlife photography (“ekercio§lu, 2002; Steven et al., 2015). While

avitourism can enhance conservation awareness and generate economic bene�ts, it may also

introduce disturbances to birds and their habitats. Human presence is often perceived by

wildlife as a form of predation risk, triggering behavioral responses that may carry energetic

or ecological costs (Frid and Dill, 2002; Beale and Monaghan, 2004). A substantial body of

research has documented the impacts of recreational activities on birds, including changes

in behavior, habitat use, and reproductive success (Steven et al., 2011; Naidoo and Burton,

2020). Nevertheless, most of these studies focus on short-term behavioral responses rather

than broader ecological consequences.

In China, a distinctive grassroots model of avitourism has emerged in the form of

baited bird blinds, where local residents construct �xed observation sites and use food or

water provisioning to attract birds for paid viewing and photography. This system represents

a rapidly expanding form of community-based ecotourism, particularly in biodiversity-

rich regions. Bird blinds share functional similarities with bird hides, which are widely

used in protected areas as a visitor management tool to reduce disturbance. Previous

research suggests that bird hides can mitigate certain types of disturbance, particularly by

reducing visual exposure between humans and birds. However, their e�ectiveness is limited

and context-dependent. For example, Ma et al. (2022) found that while bird hides can

reduce visual disturbance, noise disturbance often remains prevalent and may still in�uence

bird behavior, and birds may even respond at greater distances under certain conditions.

Importantly, existing studies on bird hides and birdwatching disturbance have primarily

focused on behavioral responses, such as disturbance frequency, response intensity, and

�ight-initiation distance (Ma et al., 2022; Weston et al., 2012), while their potential impacts

on habitat conditions and land-use dynamics remain largely unexplored.

At the landscape scale, tourism development is increasingly recognized as an im-

portant driver of land-use change, including forest loss associated with infrastructure devel-

opment and intensi�ed human activity (Lambin and Meyfroidt, 2011; Brandt et al., 2019).
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However, whether small-scale, community-based ecotourism systems such as bird blinds

produce measurable impacts on surrounding habitats remains unclear. On the one hand,

bird blinds may incentivize habitat protection by generating economic value from intact

ecosystems; on the other hand, they may indirectly contribute to forest loss through as-

sociated land-use activities, such as agricultural expansion or infrastructure development.

To date, no study has quantitatively evaluated the e�ects of bird blind establishment on

forest-cover dynamics.

To address this gap, this study integrates remote sensing data with spatial and quasi-

experimental approaches to evaluate whether the establishment of bird blinds is associated

with changes in local forest cover in China from 2001 to 2024. Speci�cally, we (1) quantify

forest loss within a 500 m bu�er around bird blind sites using the Hansen Global Forest

Change dataset, (2) identify key drivers of bird blind site selection and construct matched

control sites based on these predictors, and (3) apply before�after comparisons, trend

analysis, and event-study approaches to assess potential impacts. By linking �ne-scale

ecotourism practices with landscape-level environmental outcomes, this study provides a

�rst quantitative assessment of the ecological implications of bird blind development.
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Chapter 2

Methods

2.1 Data Collection

Data on baited bird blinds in China were collected �rsthand between April 2025 and

January 2026 through an online survey of bird blind owners across 10 provinces. A total

of 32 respondents participated in the survey, providing information on 65 baited bird blind

sites that met the inclusion criteria of this study.

In this research, a baited bird blind was de�ned as a �xed facility that is continuously

or seasonally operated, requires payment, and is personally or collectively owned and

maintained for the explicit purpose of attracting birds using bait and providing birdwatching

or photography services. Facilities that did not meet these criteria, such as temples with

bird feeding or un�xed sites relying on natural fruiting trees, were excluded.

For each bird blind site, the survey recorded a unique blind identi�er, time of

establishment (year/month), geographic coordinates (GCJ02), usage fee, and primary bait

type (animal-based, plant-based, bathing, or other).

All procedures involving human participants were reviewed and approved by the

Duke University Institutional Review Board. Participation was voluntary, oral informed

consent was obtained prior to data collection, and no personally identi�able information

was collected. All data were stored and analyzed in anonymized form.
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2.2 Data Sources

To characterize environmental and anthropogenic conditions surrounding blind sites,

multiple spatial datasets were compiled from publicly available sources at regional to

national scales. Elevation data were obtained from the NASA Shuttle Radar Topography

Mission (SRTM) at 30 m spatial resolution, representing topographic conditions circa 2000.

These data were used to derive terrain-related variables, including slope, distance to stream,

and topographic position index (TPI).

Land use and land cover information was extracted from the China Land Cover

Dataset (CLCD), which provides annual land-cover classi�cations at 30 m resolution from

1990 to 2023 and includes nine major land-cover classes.

Ecological and observational context was characterized using bird species richness

layers, including small-ranged and threatened species richness, from BiodiversityMap-

ping.org at 10 km resolution (compiled in 2022), together with birdwatching e�ort estimated

from georeferenced eBird Basic Dataset (EBD v1.16) checklist records from 2008 to 2024.

These datasets were used to represent regional biodiversity patterns and spatial variation in

observer intensity.

Anthropogenic in�uences were represented by the Global Human Modi�cation

(gHM) index at 1 km resolution (circa 2016) and by Euclidean distance to population

centers derived from OpenStreetMap (2024), capturing cumulative human pressure and

accessibility.

Forest-cover change was quanti�ed using the global forest change dataset of Hansen

et al. (2013), accessed via Global Forest Watch. �Forest� in this dataset is de�ned based on

tree canopy cover in the year 2000, with a default threshold of at least 30% canopy cover.

Annual forest loss was derived directly from the Hansen lossyear layer, which records

stand-replacement disturbance at 30 m spatial resolution from 2001 to 2024. Because the

lossyear layer captures gross canopy-removal events rather than net forest change, it does
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not account for forest gain. Forest gain was therefore identi�ed separately using the Hansen

gain layer and analyzed descriptively to contextualize overall canopy dynamics.

2.3 Spatial and Temporal Pattern Analysis

To characterize the spatial distribution of bird blind sites, geographic coordinates

were mapped and summarized at both national and provincial levels. Spatial clustering was

evaluated using nearest-neighbor distance analysis and Ripley's  function (Ripley, 1976;

Baddeley et al., 2015). Nearest-neighbor distances were calculated for each site to quantify

local clustering patterns, and summary statistics were used to assess the proportion of sites

within speci�ed distance thresholds. Ripley's  function was further applied to evaluate

clustering across multiple spatial scales by comparing the observed spatial pattern with

complete spatial randomness (CSR).

To examine temporal patterns, the establishment year of each bird blind was com-

piled, and the annual number of newly established blinds was summarized to identify trends

in development over time.

2.4 Driver Analysis

To identify the environmental and anthropogenic predictors of bird blind site selec-

tion and to select appropriate control points, a driver analysis was conducted by comparing

blind sites with comparable background locations. For each bird blind site, candidate control

points were randomly generated within a corresponding annular bu�er zone (10�50 km),

ensuring that background points shared a similar regional context while remaining spatially

independent of blind locations. To reduce spatial autocorrelation and ensure independence

among control observations, candidate control points were required to be separated by a

minimum distance of 1,000 m. Blind sites were coded as presence (1), and background

sites were coded as absence (0).

Environmental and anthropogenic variables were extracted for both blind and back-
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ground points using a 500 m-radius bu�er around each point, within which mean or majority

values were calculated depending on variable type. Land-cover classes from the CLCD

dataset were converted into binary indicator variables using one-hot encoding prior to

analysis.

To avoid post-treatment bias, only covariates measured prior to blind establishment

or assumed to be time-invariant were used for control selection and matching. Elevation,

bird species richness, and the spatial location of population centers were treated as �xed

characteristics at the temporal resolution of this study. For land-cover composition (CLCD),

values were extracted from the most recent year preceding each blind's establishment

to ensure temporal alignment with pre-establishment landscape conditions. The Global

Human Modi�cation (gHM) index was available beginning in 2016; therefore, the 2016 layer

was used as a baseline proxy for anthropogenic pressure, which was treated as representing

pre-existing human modi�cation rather than changes induced by blind operation. These

procedures ensured that matching variables re�ected baseline environmental conditions

rather than post-establishment landscape changes. Notably, birdwatching e�ort derived

from eBird might increase over time and may be directly in�uenced by blind establishment,

rendering it potentially endogenous; it is therefore analyzed separately in subsequent models.

The resulting dataset included terrain variables (elevation and slope), land-cover

composition, bird species richness metrics, human-modi�cation indices, distance-based

accessibility measures, and birdwatching e�ort. Exploratory analyses were �rst conducted

to examine di�erences between blind and background sites. Boxplots and summary statistics

were used to visualize the distribution of each variable across presence and absence groups,

providing an initial assessment of potential site-selection biases.

Subsequently, logistic regression models were implemented to quantify the asso-

ciation between bird blind presence and the selected predictor variables (Hosmer et al.,

2013). Blind presence (1) versus background (0) served as the response variable, while

environmental and anthropogenic covariates were included as predictors. Model �tting and
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evaluation were conducted in Python using the scikit-learn library. To reduce over�tting

and assess model robustness, the dataset was randomly split into training (70%) and testing

(30%) subsets, and model performance was evaluated using cross-validation and standard

classi�cation metrics, including the area under the receiver operating characteristic curve

(AUC).

Multiple model speci�cations were compared by varying the combinations of predic-

tor variables, and the model achieving the highest AUC was selected as the best-performing

speci�cation for characterizing bird blind site-selection patterns. Based on this model,

predictor variables with the strongest discriminative power, as indicated by coe�cient mag-

nitude, were identi�ed and subsequently used as matching variables for the construction of

comparable control points. This approach ensures that control-point selection is informed

by the dominant factors shaping blind site selection while avoiding assumptions of causal

in�uence.

2.5 Control Site Selection

To construct a suitable counterfactual for evaluating the ecological impact of bird

blind establishment, matched control sites were selected based on the key drivers identi�ed

in the previous analysis.

As illustrated in Figure 2.1, for each bird blind site, 50 candidate control points were

randomly generated within the same 10�50 km annular bu�er used in the driver analysis,

ensuring that control points were drawn from a comparable regional context. Environmental

and anthropogenic variables were extracted for all candidate points using the same 500 m

bu�er approach applied to blind sites.

To ensure comparability across variables with di�erent units and scales, all matching

variables were standardized prior to distance calculation. Importantly, the variables used

for matching were selected based on the results of the driver analysis, speci�cally those

identi�ed as signi�cant predictors of bird blind site selection in the logistic regression
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models. Similarity between each bird blind site and its candidate control points was then

quanti�ed using multivariate Euclidean distance in the standardized feature space de�ned

by these predictors (Rosenbaum and Rubin, 1983; Stuart, 2010). For each blind site, the

three nearest neighbors (i.e., candidate points with the smallest Euclidean distance) were

selected as matched control sites.

This nearest-neighbor matching procedure ensures that control sites closely resemble

bird blind sites in terms of pre-existing environmental and anthropogenic conditions, thereby

reducing bias arising from non-random placement and providing a more appropriate basis

for comparing forest-cover dynamics between sites with and without bird blinds.

2.6 Mean Comparison

To assess whether forest loss changes following bird blind establishment, we con-

ducted a before�after mean comparison using both bird blind sites and matched control

sites.

For each site, annual forest loss within a 500 m bu�er was calculated and classi�ed

into �before� and �after� periods relative to the establishment year. For control sites, the

same temporal classi�cation was applied using the matched blind's establishment year to

ensure temporal alignment. Let � and � denote the mean forest loss of blind and control

sites in the pre-establishment period, respectively. Let �1 and � 2 represent the change in

mean forest loss between pre- and post-establishment periods for blind and control sites.

The di�erence-in-di�erences (DID) estimator is de�ned as ¹�1 � � 2º, capturing whether

forest loss changes more at blind sites than would be expected under background dynamics

(Angrist and Pischke, 2009). To estimate these e�ects while accounting for temporal

Table 2.1: Di�erence-in-di�erences framework for mean comparison

Before After After � Before
Bird blinds � � ¸ � 1 � 1
Control � � ¸ � 2 � 2
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Figure 2.1: Illustration of the matched control site selection procedure. Red points indicate
bird blind sites, blue points indicate matched control candidates, and dashed circles represent
the 10�50 km annular bu�er used to generate candidate controls within a comparable
regional context. Land cover is shown using the China Land Cover Dataset (CLCD).

10



variation, we implemented a DID model with a time trend:

ForestLoss8C= V0 ¸ V 1Blind8¸ V 2Post8Ç V 3¹Blind8 � Post8Cº ¸ V 4TimeC¸ Y 8C• (2.1)

Here, ForestLoss8Cis annual forest loss at site 8 in year C, Blind8 indicates bird blind

sites, Post8Cindicates the post-establishment period, and TimeCrepresents a continuous time

trend. The interaction term V3 captures the DID estimate.

This framework allows us to evaluate changes in mean forest loss while controlling

for both baseline di�erences between sites and shared temporal dynamics. However, because

forest loss is highly variable over time, mean comparisons alone may not fully capture

changes in underlying trajectories.

2.7 Trend Comparison

To address the limitations of mean comparisons, we further examined changes in

the trajectory of forest loss using a trend-comparison approach. For each site, linear trends

in annual forest loss were estimated separately for the pre- and post-establishment periods

using ordinary least squares regression. The di�erence between pre- and post-establishment

slopes represents whether forest loss accelerates or decelerates following establishment.

To formally compare trends between blind and control sites, we extended the DID

framework to incorporate time interactions. The model includes terms for time, site type,

period, and their interactions, allowing for the estimation of both baseline trends and post-

establishment changes in trends across groups. Under this framework, let V1 and V2 denote

baseline trends for blind and control sites, respectively, and let X1 and X2 denote changes

in trends after establishment. The key parameter of interest is ¹X1 � X 2º, which indicates

whether forest loss accelerates more at blind sites than at control sites. This approach

provides a more nuanced assessment of forest-loss dynamics by distinguishing changes
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Table 2.2: Di�erence-in-di�erences framework for trend comparison

Before After After � Before
Bird blinds V1 V1 ¸ X 1 X1
Control V2 V2 ¸ X 2 X2

in long-term trajectories from short-term �uctuations, and allows us to evaluate whether

observed increases in forest loss are speci�c to bird blind sites or re�ect broader background

processes.

2.8 Event Study

To examine temporal dynamics of forest loss around bird blind establishment, an

event-study framework was implemented (Autor, 2003). For each bird blind site, annual

forest loss observations were aligned relative to the establishment year, which was de�ned as

event time zero (C = 0). Observations prior to establishment were assigned negative event-

time values, while those after establishment were assigned positive values. Forest loss was

then averaged across sites for each event-time value to examine temporal patterns before and

after establishment. This approach allows for the visualization of pre-establishment trends,

potential discontinuities at the time of establishment, and post-establishment dynamics.
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Chapter 3

Results

3.1 Spatial and Temporal Distribution of Blinds

A total of 65 baited bird blind sites were included in the �nal dataset. As shown

in Figure 3.1, bird blinds were distributed across multiple provinces in China but exhibited

strong spatial clustering, with the highest concentrations occurring in southwestern and

southern regions, particularly in Yunnan and Guangxi. At the provincial level, the distri-

bution was highly uneven: most provinces contained only one or two sites, while a small

number of provinces accounted for a disproportionate share of total blinds, resulting in a

strongly right-skewed distribution. Spatial analyses further con�rm that bird blinds are clus-

tered rather than randomly distributed. Nearest-neighbor analysis shows that more than half

of blinds (52.3%) are located within 1 km of their nearest neighbor, and nearly 80% within

5 km, indicating strong local aggregation. At broader spatial scales, Ripley's  analysis

demonstrates that the observed pattern consistently exceeds the expectation under complete

spatial randomness across distances from 0 to 50 km, with the greatest deviation occurring

at approximately 40�45 km. Together, these results indicate pronounced clustering of bird

blinds at both local and regional scales.

Temporal patterns of bird blind establishment also show clear heterogeneity. As

shown in Figure 3.2, the earliest recorded establishments date back to around 2010, with

initial development concentrated in southwestern China. Over time, the number of newly

established blinds increased, with more rapid growth beginning after 2015 and peaks
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