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What good amid these, O me, O life?

Answer.

That you are here—

that life exists and identity,

That the powerful play goes on,

and you may contribute a verse. Walt Whitman
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ESSAYS ON THE ECONOMICS OF MERITOCRACY

JUNHAO CHEN

Boston University, Graduate School of Arts and Sciences, 2024

Major Professor: M. Daniele Paserman, PhD
Professor of Economics

ABSTRACT

This dissertation examines meritocracy in formal and social institutions. The first

two chapters study how donors respond to merit and need when giving to families

facing unaffordable medical expenses. Chapter One presents the results from obser-

vational data from a leading crowdfunding platform in China. I find that campaigns

receive more donations if recipients report a higher education level or attendance to

more selective colleges. The college rank effect persists even after controlling for con-

tent characteristics and donor fixed effects. To further examine donor preferences, I

conduct an online survey experiment in the second chapter to elicit the willingness

of respondents to donate to fundraising vignettes, in which the patients’ college and

medical expenses are independently randomized. Both academic merit and financial

need enhance donor generosity. Female and younger respondents respond more to

need and less to merit. The college rank effect is more pronounced for top and in-

province institutions and among people with better knowledge of the ranking. Novel

textual methods based on large language models are developed to extract information

and build measures from fundraising stories efficiently.

The third chapter studies the name order effect in political selection in a bureau-

cratic system. I document that Chinese officials with fewer strokes in their surname

are overrepresented in top leadership bodies, because simple surnames appear early

vi



in a roster and receive an sizeable advantage. The overrepresentation relative to the

population (and social elites) is driven by the 17% simplest surnames. I show that

city leaders with simpler surnames have a higher chance of promotion, and the effect

increases with the candidate pool size. This effect is attributed to both the formal

order of substitution and cognitive biases such as limited attention and misperception

among decision-makers.

Overall, this dissertation underscores the pivotal role of meritocracy in various

aspects of life. It reveals how academic merit can enhance perceived deservingness

and attract donations. It also highlights how the seemingly innocuous name order

can undermine an evaluation process, potentially affecting the legitimacy of political

systems. This dissertation sheds light on how people perceive textual information

and how it affects high-stake decisions of helping the most vulnerable patients or the

promotion of the most powerful political figures.
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1

Chapter 1

Meritocracy in Medical Crowdfunding

1.1 Introduction

Health shocks and medical expenses push millions into poverty globally (WHO,

2017).1 Besides loans and relief packages, crowdfunding has become a new lifeline

for patients facing unaffordable medical expenses. In recent years, crowdfunding

platforms have helped raise billions of dollars around the world, providing crucial

support for millions of families in urgent need. However, fundraising outcomes can

be highly unequal on these platforms, with a few viral campaigns taking the lion’s

share while others receive little. Unsurprisingly, crowdfunding platforms are con-

stantly questioned about their fairness in this matter of life and death.

In this study, I examine how academic merit (college selectivity) and financial need

(medical expenses) of the recipients affect donor generosity in both real-world sce-

narios and experimental settings. The abundance of data on crowdfunding platforms

has helped further understanding of charitable fundraising (Meer, 2014, 2017). How-

ever, few papers have investigated the narratives in fundraising campaigns despite

their being informative about donors’ motivation and social preferences, i.e., who

deserves the help and under what circumstances. By examining donors’ attitudes to-

ward the educational credentials of recipients, I shed light on the general perception

of individual worthiness and the profound influence of meritocracy in society.

1According to WHO, 800 million people spent at least 10% of household budgets on health
expenses in 2017.
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With 144,000 campaign profiles scraped from Qschou.com, a leading medical

crowdfunding platform in China, I document that recipients attending college or

more selective ones received a higher total donation at the campaign level. For a

subsample of campaigns reporting the name of colleges attended by the patient or

the fundraiser,2 I obtain the full donation records and construct a unique dataset

at the transaction level, where donors are identified and tracked across campaigns.

After controlling for diseases, expenses mentioned, patient demographics, donation

sequence, and many other covariates, I show that, within a repeat donor observed in

multiple campaigns, more donations are given to the patient who attends a higher-

ranked college or a postgraduate program. In doing so, I construct variables of interest

and covariates with the help of various textual methods.

This within-donor specification largely eliminates the effect of social network dis-

parity, i.e., rich people get help from their rich friends. I also verify that the variation

in tie strength between donors and recipients is not driving the results. Furthermore,

the academic merit effect is not fully explained by the fundraising ability measured

by text length, writing quality, and narrative features. The rank gradient in donor

generosity is steeper among the top 100 colleges and when patients attend in-province

colleges, suggesting donors have limited information on college ranking. From each

donor, a young adult patient attending a top 30 college received CNY 2.4 more (24%

of the median donation) than someone attending a college ranked beyond the 800th,

while students from colleges ranked between the 400th and 800th hardly benefit from

college reputation. In line with inequity aversion, donors moderately react to the

medical expenses mentioned in the story.

Though carefully crafted and validated, my measures of writing qualities may not

fully capture storytelling skills and emotional appeal, which may contribute to the

academic merit effect in the observational results. To provide causal evidence on

2Fundraiser is de�ned as the narrator of the fundraising story



3

the donor preference channel and explore donor heterogeneity, I designed an online

survey experiment emulating an actual donation scenario. Following Neumark et al.

(2019) and Kessler et al. (2019), I present to the respondents 16 synthetic vignettes

about a college-educated young adult patient who needs help with medical bills. At

the vignette-respondent level, I independently randomize two vignette components:

college tiers of the patients and the amount of medical expenses. Respondents are

incentivized by real-world consequences to truthfully report donation intentions to

each vignette.

In line with the observational results, the willingness to donate in the experiment

is higher for vignettes that depict patients attending the top 50 colleges and men-

tion higher expenses. The effect of the college tier is much more pronounced among

half of the respondents who know more about the college ranking and when respon-

dents encounter local colleges, confirming the importance of information in revealing

the preference for college selectivity. The response to financial need relative to aca-

demic merit is substantially larger in the experiment than in the observational results,

presumably due to less available information on the medical condition and financial

situation presented in a short vignette than in an actual fundraising story.

Graduation status also matters for donor generosity. In both the field and ex-

periment settings, people respond more to college rank if the patient is a current

student rather than a recent graduate. This suggests donors infer a higher income

and less deservingness from the credentials of the graduates, and thus discount their

past achievements in deciding on the extent of support. This result is consistent with

a model for impact-seeking donation behaviors. The model also predicts that more

egalitarian people respond more to the need and less to the merit, which is indeed

observed in the experiment. In addition, males, the middle-aged, those with a higher

self-reported income, and those attending higher-ranked colleges behave in a more
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merit-oriented and less need-oriented way in the experiment.

Donors also favor young patients over their senior family members. From each

repeat donor, a young patient received CNY 0.6-2.2 (6-22% of the median donation)

more than a senior patient with a comparable family background. The disparity at

the campaign level is more stark as the extensive margin is incorporated, with young

patients receiving nearly twice as much. This shows that donors take into account

the life-years gained from sponsoring a patient (Murphy and Topel, 2006; Aldy and

Viscusi, 2007). Both the academic merit effect and patient age effect provide evidence

that donors generally seek impact by donating more to worthy patients whose cures

would make a bigger difference to their family, community, and society. Instead of a

passive buffer against financial shocks, donation to individuals is an active shaping

force of society as it allocates resources preferentially among the most vulnerable

groups like patients.

Conventional textual methods and novel approaches built on large language mod-

els (LLMs) are employed to extract information from text quickly, accurately, and

cost-efficiently. For example, I identify the diseases by Named Entity Recognition

and the relationship between the fundraiser and the patient by Coreference Res-

olution. I evaluated the writing quality of stories by exploiting the versatility of

ChatGPT, instructing it to count grammar errors and rate fundraising stories based

on rubrics adapted from TOEFL writing. The performance of routines built on the

ChatGPT largely exceeds that of more conventional textual methods or previous lan-

guage models. For example, the accuracy of extracting context-relevant information

easily reaches 90% or higher with ChatGPT, compared with around 60% with lan-

guage models with fewer parameters and trained specifically for question answering

in Chinese.

This study makes several contributions. On the methodological side, I developed
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routines based on the newly available language models that excel at information

extraction. These routines can be easily adapted to accomplish other tasks, demon-

strating the great prospects of applying generative AI in empirical research in social

science. On the empirical side, it is the first paper to provide field evidence of the im-

pact of academic merit on distributional preferences. It is also one of the few studies

on distributional preferences in China, a more meritocratic society than the U.S. or

Nordic countries that previous studies focused on. On the theoretical side, I explore

the interplay between the perceived need and merit of the recipient in determining

donor generosity and show how these two motives compete with each other.

College selectivity improves labor market prospects. Gaddis (2015) showed in a

resume audit study in the U.S. that a credential from an elite university results in

more employer responses. Similar results are found in Canada (Mullen et al., 2021)

and the U.K. (Drydakis, 2016). Using regression discontinuity design, researchers

found attending elite colleges leads to higher income in the U.S., Europe, and China

(Hoekstra, 2009; Anelli, 2020; Jia and Li, 2021). College prestige plays an important

role here. Sekhri (2020) finds graduates of elite public institutions in India have higher

earnings even though attending these colleges has no discernible effect on academic

outcomes. MacLeod et al. (2017) finds that additional information on the skill of the

graduates from a newly introduced college exit exam reduced the return to college

reputation in the labor market.

It is also well known that education leads to non-wage benefits like improvement in

health outcomes and marriage market opportunities. This paper finds that students

from selective colleges get more help when asking for money in dire situations, indicat-

ing that the return on (selective) college attendance is more extensive than previously

documented. Part of the effect comes from abilities. Academic high-achievers write

longer and better stories, which helps attract more donations. On the other hand,
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donors react to educational signals, treating students from elite colleges favorably.

My paper also relates to the role of merit and worthiness in shaping distributional

preference. Researchers have found that people (prefer to) redistribute less when told

that the inequality is due to merit or effort instead of luck (Alesina and Angeletos,

2005; Durante et al., 2014). Even a little bit of merit makes people significantly more

inequality accepting (Cappelen et al., 2023). The setting of medical crowdfunding

differs from these works in the magnitude of shocks the patient suffered and in the

urgency of receiving timely treatment. In fact, my model allows for the case that

academic credentials harm the fundraising prospects if the financial shock is small

enough or when the general perception of college selectivity is associated more with

advantageous family background and less with merit.

In a close paper, Gangadharan et al. (2023) found in a field experiment that in-

formation regarding recipients’ attending courses and being non-alcoholic increases

donors’ giving. Fong (2007) and Fong and Luttmer (2011) found altruism is condi-

tional on recipient worthiness: when donating to low-income recipients in a dictator

game, donors gave more generously to those who appear more industrious or had

fallen into poverty due to bad luck. My paper differs from the literature by focusing

on merit embodied in well-recognized credentials rather than recipients’ efforts to

escape poverty or their performance in relatively inconsequential laboratory tasks.

1.2 Background

1.2.1 Medical Crowdfunding

Demand for Medical Crowdfunding

There are significant economic costs associated with major illness. First, despite the

wide coverage of health insurance3, out-of-pocket costs could still be unaffordable

3As of 2020, about 95% of China’s population has at least basic health insurance coverage.
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if involving reoccurring treatments (e.g. chemotherapy, hemodialysis), surgery (e.g.

organ transplant), or exceeding coverage limits (e.g. prolonged ICU stay). The

medical conditions in a crowdfunding campaign largely fall into these three categories.

Second, illness limits the earning potential of patients and burdens the family with

caregiving responsibilities. According to an official survey in 2016, 20 million people

in 7.75 million households have been pushed into poverty by illness, accounting for

44.1% of all causes of poverty. From 2018 to 2020, the Chinese government approved

a total of 330 billion CNY in medical bills forgiveness.4 Expenditure of such scale

helps fight poverty but also causes a considerable fiscal burden.

Third, even if a medical bill is affordable, a household still has strong incentives

to buffer the financial shock by liquidating social capital. As evidence, Gertler and

Gruber (2002) found household consumption drops over illness episodes.

The Rise of Medical Crowdfunding

Medical crowdfunding helps match the abundant supply and demand in charitable

giving related to major health shocks. In a crowdfunding campaign, the fundraiser

posts the medical information and fundraising story on the campaign page, spreads

the message via group chats and social media, and receives small donations from

many donors to cover the medical bills or finance surgery.

With the rise of messaging apps, social media, and mobile payments, crowdfunding

platforms have been expanding rapidly in China since 2015. The two leading plat-

forms have helped raise about $9 billion for medical-related causes. Statistics from

these firms show that around 400 million people have donated to 3 million crowd-

funding campaigns, meaning that 1 in 3 Chinese have participated. In 2020, medical

crowdfunding accounts for around 5% of China’s total charity donations.

There are several reasons for the success of medical crowdfunding platforms. First,

4Source: https://www.gov.cn/xinwen/2020-11/21/content 5563157.htm
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helping a specific individual or family brings a greater perceived impact compared to

donating to a charitable fund. Second, severe illness and injury are usually associated

with bad luck, so these patients deserve sympathy. Third, the power of asking can

be strong, especially when your friends and relatives share the fundraising appeal.

Culture contributes to the popularity of medical crowdfunding in China. It is a

Chinese tradition to give gift money when visiting a patient, as well as when attending

a funeral or a wedding.5 Therefore, the Chinese are accustomed to donating to

patients in need.

1.2.2 Platform Mechanism and User Behaviors

Throughout the paper, a fundraiser refers to the narrator of the fundraising story and

is expected to be the person who manages the campaign. A patient refers to someone

who, due to disease or injury, requires donations for medical treatment. A recipient

can refer to the patient, the fundraiser, or sometimes their family, since fundraising

is often a joint effort of all family members. On Qschou, middle-aged or elderly

patients are fundraised by children or other young and tech-savvy relatives. Young

adult patients are fundraised by classmates, siblings, cousins, significant others, or

themselves if the condition is not acute.

After creating the campaign page, the fundraiser spreads the message (with a

link to the campaign) among friends and relatives via group chat and social media.

Viewers of the campaign page help by donating and spreading the message on social

media. The platform also showcases campaigns on its website and app, but that only

accounts for a fraction of the donation source.6

5Such \relational expenditure" accounts for 4-10% of the total expenditure of an average family
in 2016. Source: China Family Panel Studies 2016

6An interview with an industry insider con�rms that WeChat (similar to WhatsApp combined
with Facebook) accounts for more than 80% of the donations in
ow.
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Narratives

Fundraisers are required to post a story describing the reasons for initiating fundrais-

ing. The story is typically 100-500 words, introducing the family background, fundrais-

ing efforts, and medical condition. A successful campaign often presents a compelling

story that resonates with the readers, urging them to share it with a wider audience.

Fundraisers emphasize the merit and need in the stories. They depict the patient

as a strong and resilient person who supports the family and contributes to society.

Most fundraisers also highlight low income, heavy debts, high medical expenses, and

the ensuing strain on the entire family. Medical conditions are described as painful,

handicapping, and often life-threatening. A fraction of patients reportedly died during

fundraising7. It is worth noting that the narrators always depict the disease as a

sudden strike of bad luck or a result of the toil of work, and prevent the donor from

associating the medical condition with the patient’s lifestyle. Attributing unequal

social and financial outcomes to luck will likely persuade donors to “redistribute”

more (Alesina and Angeletos, 2005).

To ensure the authenticity of the story content, the platform implements measures

that include photo requirements, medical document verification, and endorsement by

friends and relatives. The platform also relies on user reporting to fight fraud or

abuse. My analysis focuses on academic merit and financial need, as they are two

frequently reported narrative components that are quantifiable.

Target Setting

The fundraiser sets a target amount during the campaign, and the target can be

modified anytime as needed. The target is largely non-binding since the fundraiser

can always claim the full amount donated to the campaign in the end, regardless

7Approximately 1% in my sample
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of the target being achieved or not. When the inflow of donations is anticipated to

surpass the target, I observe that fundraisers often raise the target rather than let the

campaign end by achieving the target. They also terminate the campaign in advance

when there is a significant halt in incoming donations. Therefore, it is unlikely that

the perceived impact of a donation is strongly associated with the fundraising target

or progress.

1.2.3 Colleges in China and its Perception

In China, the public perception of selective colleges is overwhelmingly positive. Stu-

dents attending these colleges are often seen as diligent and intelligent rather than

having privileged backgrounds. Associating college selectivity with merit is well jus-

tified. First, college admission is almost entirely determined by the performance on

the college entrance exam, GaoKao.8 The transparency and straightforwardness in

the admission process ensure procedural fairness and avoid controversy like legacy

admission in the U.S.

Second, the high regard for prestigious colleges is deeply embedded in Eastern

Asian culture. During its 1,300-year history, the civil examination system, Keju,

served as almost the sole pathway for ordinary Chinese to ascend to the elite class.

And it even shaped contemporary human capital outcomes through channels including

cultural transmission (Chen et al., 2020). As a continuation of this prominent social

ladder, people celebrate and honor those who made it into prestigious colleges by

excelling at the entrance exam. It is not uncommon for students admitted to top

colleges to receive prizes and cash awards from their high school or local entrepreneurs.

As a downside of glorifying selective colleges, young people without college degrees

or going to less selective ones often feel discriminated against when seeking a job or

8College admission is mainly determined by the entrance exam, except for admission for student-
athletes and art students. Also, limited autonomy is granted to dozens of top colleges
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attempting a career advancement.

It is harder to infer family background from one’s college in China than in countries

like the U.S., where large income segregation across colleges is documented (Chetty

et al., 2020). First, college tuition is affordable. Public institutions accounted for 80%

of college enrollment in 2018. Annual tuition typically ranged from CNY 5,000-8,000

(USD 700-1,100) for common majors, or less than 10% of the national average annual

wage in 2018, compared to a stunning 18%-55% in the U.S. Second, tuition waiver

and state-funded need-based financial aid are easily accessible.9 Both contribute to

low dropout rates (1-3%) in Chinese colleges. Therefore, family income would be less

of a constraint in college choice.

In addition, intergenerational mobility in education is not compromised by parental

educational disparities. The expansion in tertiary education in China started in 1999,

and recent college students are mostly first-generation students. For these reasons, in-

come segregation is expected to be mild in China’s colleges, fostering a more favorable

public perception of college selectivity.

1.3 Data

1.3.1 College Rankings

In 2019, there were 2,688 post-secondary degree-granting institutions in China, and

1,265 of them were permitted to grant bachelor’s degrees. College quality is mea-

sured by the national college ranking published by Shanghai Ranking, a consultancy

similar to the QS Ranking.10 It dominates other rankings on Chinese colleges in its

comprehensiveness and methodological rigor. College characteristics such as type and

location are obtained from Yiqixue.com.

9Few admitted students would give up attending college for �nancial concerns, except for attend-
ing the least selective for-pro�t colleges that charge higher tuition

10https://www.shanghairanking.com/methodology/arwu/2022
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I chose the ranking in 2022 for its wider coverage (811 institutions in total) than

previous ones and college ranks are largely invariant with time. The ranking considers

all institutions that grant bachelor’s degrees in mainland China with at least 100 full-

time faculty members. In my analysis, colleges outside of this ranking are grouped

into the category of unranked colleges. College campuses outside of the prefectures

of the main campus and independent colleges are treated as separate institutions

which almost always fall into the category of unranked colleges. Campaigns regarding

colleges outside of mainland China are omitted.

1.3.2 Fundrasing Campaigns and Donations

I scraped 144,000 campaign pages from Qschou.com11, the second largest medical

crowdfunding platform in China. Links to these pages are collected from Weibo, a

Twitter-like social media, where the fundraisers post requests for help.12 My sample

constitutes the near universe of Qschou campaigns posted on Weibo during 2015-2018,

or at least 6% of the total campaigns during the same period. The campaigns in my

sample are expected to be more successful than average. This is because posting

on a public-oriented social media like Weibo, instead of relying only on the friend-

oriented messaging app of WeChat,13 indicating a fundraiser is more tech-savvy than

average and more confident in the appeal of her case to socially distant donors. My

campaign sample has wide coverage in terms of geography, medical conditions, and

patient demographics.

I scraped all campaign-level information from the webpages other than photos.

This provides us with almost the same information that a socially distant donor may

have. Basic information like fundraising targets and donation records are directly

11Non-medical-related campaigns account for less than 8% of total campaigns on Qschou.com.
The Chinese name QingSongChou means "easy fundraising"

12Links to the fundraising campaigns are collected in 2019 and credited to GUO Xinyan
13China’s counterpart of WhatsApp combined with social media features similar to Facebook
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obtained from scraping the page. Based on the content of the fundraising story, I

constructed the variables of interest and various covariates. See Table B2 for a list

of variables. For the campaigns in the main sample groups that I define below, I

further obtained their entire donation records, from which we observe how much was

donated by whom at what time, together with the comments from the donor or the

fundraiser.

1.3.3 Sample

Sample Selection at the Campaign Level

To construct the main sample, I first searched the fundraising stories for the official

names of colleges. I then verified if the mentioned college is or has been attended

by either the patient or the fundraiser rather than being a workplace, an affiliated

hospital, or related to another family member mentioned in the story. Over 5,600

campaigns, or 4% of the population, are matched to a college in this step, while

mentions of colloquial names of colleges are omitted. Next, campaigns with the

following characteristics were excluded from the study: 1) fundraising for multiple

patients, 2) institutions affiliated with the college, and 3) the patient died.

There are several reasons to mention college names in the fundraising stories.

First, when a current student is fundraising or has fallen ill, it is natural to mention

her college as part of the introduction. Second, it helps solicit donations from alumni,

as fundraisers also target other ingroup members by mentioning middle school, home-

town, and workplace. Another reason is to signal merit, particularly to potential

donors unfamiliar with the recipient family. Also, fundraisers sometimes emphasize

that as college students they don’t have any income and have to seek help from

crowdfunding.
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Main Sample Groups

I group college-related campaigns into two broad categories based on the age of and

relationship between the fundraiser and the patient. The main analysis relies on the

following two groups, especially the group of young adult patients.

Group A: Young Adult Patient In this group, the patient is a college student

or graduate aged below 40 and with no children. The narrator is either the patient

themselves, another young adult, or a third person whose identity is not specified

(45.8%, 41.7%, and 12.5%, respectively). The college name of the patient is reported,

and campaigns reporting college of the fundraiser are excluded from this group.

Group B: Fundraising-for-Senior Campaigns in this group are narrated by

a college student or graduate aged below 40 and having no child. The patient is

their senior family member, usually a parent. The college name of the fundraiser is

reported, and the educational background of the patient is rarely mentioned since

very few of them attended college. The median patient age is 49 and most of the

fundraisers are in their 20s.

Table 1.1: Sample Composition at the Campaign Level

Sample Size College attended by Fundraising for oneself Fundraised by a young adult Total

Young adult patient Patient 659 600 1,443 14

Senior patient Fundraiser 2,003 2,003

The two groups constitute the majority of the matched cases. Of the remaining

4,058 college-related campaigns, 1,443 fall into the young adult patient group and

2,003 into the fundraising-for-senior group. The other 612 cases are discarded, many

of which regard a college graduate fundraising for a newborn, a parent fundraising

for their child in college, or mentioning two or more individuals attending college.

In the young patient group, I pooled campaigns that vary in the fundraiser-patient

relationship to guarantee the sample size.
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By focusing on these two groups, I ensure that comparisons are made among ho-

mogeneous recipients, alleviating potential bias from unobserved attributes. First,

patients and fundraisers are highly homogenous within each sample group. Second,

the families are also similar across sample groups. In both groups, the younger gen-

eration is in their 20s or 30s and attends college, indicating their families have a

comparable socio-economic status and are in the same stage of family life cycle. On

the other hand, the contrast in the patient’s generation helps test whether donors

respond differently to the merit of the patients and that of the fundraiser.

1.4 Methodology

1.4.1 Natural Language Processing

Textual methods laid the foundation of my empirical analysis, as most variables of in-

terest and covariates are built from the content of the stories. Also, I construct various

writing characteristics that serve as controls for fundraising ability. To achieve these

goals, I implement two types of natural language processing (NLP) tasks: conven-

tional ones based on parsed text of stories and novel methods leveraging the versatil-

ity of large language models (LLM). Manual proofreading and revision are conducted

whenever necessary.

It turns out that LLMs like ChatGPT not only can accomplish tasks that previous

language models struggle with, but also perform better in tasks achievable by more

traditional textual methods. For example, information extraction using ChatGPT is

much more accurate than using smaller language models and more straightforward

than building on linguistic-based methods. Of course, the inference cost increases

with the number of parameters in a language model, and researchers need to pay for

using models like ChatGPT. But that cost is only 1-10% of hiring research assistants

to perform the same task. At the same time, the price of ChatGPT API has been
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rapidly going down and open-source LLMs are emerging. As a result, the use of

generative AI in empirical research is extremely promising.

Conventional Textual Methods

RegEx Context-irrelevant information and strings of straightforward patterns can be

efficiently extracted by regular expressions. For example, in constructing the college

sample, I searched for full college names in the text, excluding cases related to an

affiliated hospital or a workplace.

Named Entity Recognition During text parsing, Named Entity Recognition

(NER) identifies categories of words used in defining covariates, such as diseases,

locations, and organizations. For instance, to determine the patient’s home province,

I employ NER to detect mentions of full or partial addresses or county, town, or city

of residence.15 I then geocoded the names of places to generate the variable of home

province.

Miscellaneous The relationship between patient and fundraiser is defined based on

Coreference Resolution (He and Choi, 2021), a task to determine which pronouns

in a text refer to the same entity. Text summarization and keyword extraction are

applied in some steps to enhance performance. I also used a leading essay editing tool,

Xiezuomao, to measure linguistic characteristics like word positivity and emotional

intensity.

Method based on GPT

I developed an easy-to-use and cost-efficient routine to extract information from text

using large language models (LLM). I pose questions to ChatGPT about the story

content and then extract key strings from its response to construct variables. This

routine requires only basic textual expertise to set up, but its performance usually

15Confounding instances like workplace are excluded.
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exceeds that of NLP practices based on parsed text, due to GPT’s strength in under-

standing the context.

Prior to ChatGPT, many language models have been trained for question-answering

tasks. By comparison, ChatGPT can achieve high accuracy and adaptability, while

previous Q&A system models often struggled with tasks not closely aligned with

their training data.16 To guard against “hallucinations” and any factual mistakes in

ChatGPT’s response, I validate the output throughout the process. Take information

extraction tasks for example, incorrect responses and falsely reported missing values

are rare (usually less than 5% combined) when providing the model with properly

engineered prompts and comprehensive instructions. As a result, routines leveraging

LLMs easily replace human research assistants in labor-intensive text-related tasks.

The typical workflow is a trial-and-error process in a sense similar to fine-tuning.

First, when designing the prompt, you manage to pose clear questions, provide de-

tailed instructions, and specify the desired output format. Then, you validate the

prompt on a subset of your dataset, evaluate the response in terms of accuracy and

ease of parsing, and refine the prompt iteratively. Finally, you extract strings from

the responses and generate variables accordingly. For practitioners, see Appendix A.1

for a detailed walkthrough. The methods and relevant variables are described below.

Variables on Content Using the OpenAI ChatGPT API, I generated variables

from the fundraising stories, including disease category, patients’ age and sex, gradua-

tion status of the college student, and medical expenses mentioned. A sample prompt

would be as follows, “Extract the information based on the content of the following

article. Print one answer on each line. Do not repeat the questions. If not sure, you

can answer ‘not mentioned’. Q1: What illness does the patient have? Q2: How much

is needed in total for medical treatment?...[List of questions continues]...[Input story

here]”

16LLM is neither language-speci�c nor task-speci�c, and have excellent generalization ability
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Writing Quality I instruct ChatGPT to rate writing quality using marking

rubrics adapted from TOEFL writing. The task is essentially a zero-shot classifi-

cation based on descriptive instructions. The rating includes four dimensions: per-

suasiveness of content, organization and coherence, wording precision, and literary

grace. Each dimension received a subscore between 1 and 5, and the sum of subscores

provided an aggregate rating. The outcomes are validated by human evaluation.

Figure B1 shows that the human rating on writing quality strongly correlates with

language model output, although ChatGPT seems to struggle with distinguishing the

best writing from the good ones.

Grammar Errors I instruct ChatGPT to identify all non-trivial grammar er-

rors or word choice problems while allowing for colloquial expressions. Benchmarked

against human evaluations, the GPT-4 responses yield less than 10% false positive

(flagging a non-mistake) and less than 20% false negative (leaving out an actual mis-

take). 17

Topic Coverage I instruct ChatGPT to count the sentences on topics like di-

agnosis, treatment, family background, medical expenses, etc.18 I then calculate the

relative coverage on each topic by dividing the topic-specific sentence counts by the

total sentence count across the listed topics.

1.5 Conceptual Framework

This section introduces a simple framework illustrating how recipients’ (perceived)

merit and the size of negative shock affect the donation decision. Donors derive

altruistic utility from lifting a family in real distress. The joy of giving increases with

17In detecting grammar errors, GPT-4 signi�cantly improved on GPT-3.5 and by far dominates
any other models or automated editing services in Chinese as of September 2023.

18The topics are as follows: 1)illness, diagnosis, treatment, and surgery, 2)patient biography
and family background, 3)medical expenses, fundraising e�ort, and �nancial standing, 4)appeals,
expressions of emotions, and gratitude, 5)merit of patient, 6)bank account and transfer details, 7)any
content not mentioned above.
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Table 1.2: Comparison of Methods in Information Extraction

Accuracy
Context irrelevant Context relevant

String match (RegEx) High Not applicable
Pre-trained language models 60-90% 50-90%
ChatGPT API >90% >90%

Cost
Monetary Time

String match (RegEx) Zero Not a concern
Pre-trained language models Require computing power 500-5000 documents per thread-day
ChatGPT API $10-200 per 1000 documents 1000-5000 documents per thread-day

Ease of Use
String match (RegEx) Easy to employ
Pre-trained language models Difficult. Fine-tuning typically needed to achieve good performance.
ChatGPT API Moderate. Fine-tuning not necessary.

the recipient’s merit, as donors prefer helping more worthy people. On the other

hand, recipients vary in family wealth, and donors would like to avoid donating to

recipients who can pay for their medical treatment without external help. Therefore,

the perceived need of the recipient increases with the reported shock size but decreases

with the (academic) merit, as merit indicates a wealthier family background or a

higher household income.

To focus on the mechanism of interest, I assume donors derive altruistic utility

only from the act of giving, without consideration for the recipient’s overall outcome,

which is also determined by donations from other donors. In other words, I only

incorporated the warm glow effect, but not the pure altruism effect. This assumption

fits the context of medical crowdfunding, as donors continue to give small donations

after observing that tens of thousands of funds have been raised (and effectively

obtained) by the fundraisers.

Ui = f(wi � Σjgij)| {z }
Consumption

+�i � Σj�(sij;mij)| {z }
Perceived Impact

� V (mij; gij)| {z }
Altruistic value

(1.1)

In Equation 1.1, gij denotes the donation from donor i to recipient j. mij and sij

denote the perceived merit and the size of the shock. The donor derives utility from
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consumption, wi � Σjgij, and the joy of giving. The latter depends on the altruistic

parameter ai, the perceived need of the recipient �, and the perceived worthiness of

the recipient captured in V (m; �). The interpretation of � is the subjective probability

that the patient’s family is not self-sufficient when facing shocks, which increases with

shock size s and decreases with m.

U = w � g + � �
s

s+m
� (V0 + vm) � ln(g + 1) (1.2)

with m 2 (0; 1]; s 2 [0; 1]; v > 0; and � > 0

The insight can be concisely illustrated in the example in Equation 1.2. There is only

one potential recipient, v captures the public perception of the importance of merit in

determining recipient worthiness relative to its perceived importance in determining

household wealth. A larger v corresponds to a society that is more meritocratic

and/or has lower income segregation across levels of merit (i.e., colleges in our case).

The term s=(s+m) 2 [0; 1] captures the capability of the recipient family to buffer the

shock on their own, or it could be read as the perceived impact of each dollar donated,

which decreases with recipients’ endowment at the time of fundraising (Duncan, 2004).

V0 > 0 is a parameter denoting the value of saving life regardless of the merit. A

larger V0 relative to v means that an individual donor is more egalitarian. The other

parameters have the same meaning as in Equation 1.1.

The optimal donation is,

g� = maxf� �
s

s+m
(V0 + vm)� 1; 0g (1.3)

Assuming no corner solutions, optimal donation increases unambiguously with per-

ceived financial shock, as
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@g�

@s
= �

m
(s+m)2 (V0 + vm) > 0 (1.4)

And the merit gradient in donation is,

@g�

@m
= �s

vs� V0

(s+m)2 (1.5)

Therefore, we expect donations to increase with merit when vs > V0. In other

words, as long as the shock is large enough or the public perception of college selectiv-

ity is not too correlated with family background relative to recipient worthiness, we

should see more donations given to meritorious recipients. Figure B2 provides a more

specific numerical example. In the real world, a smaller v corresponds to the case

of the U.S., where college selectivity strongly correlates with socioeconomic status.

Whereas in China, v is larger as people hold (selective) colleges in high regard. In

the case of medical crowdfunding, s is large because the reported medical condition is

usually critical. Suppose that a couple of fundraisers with varying family background

are seeking donations for dental fillings. Seeing their appeals, potential donors might

be more willing to support fundraisers with few educational credentials, as donors

infer that these people are more likely to have a low income and thus need help even

with a relatively small expense.

V0 captures equity-mindedness of the donor, donors with a larger V0 care about

helping recipients without regard to their merit. Two additional results to be invoked

in later sections are as follows,

@2g�

@m@V0
=

��s
(s+m)2 < 0 ;

@2g�

@s@V0
=

�m
(s+m)2 > 0 (1.6)

Equation 1.6 shows that more meritocratic (less egalitarian) donors, i.e., those

with a smaller V0, would have a larger response to merit and a smaller response to

shock.
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1.6 Analysis

1.6.1 Summary Statistics

Crowdfunding campaigns are typically funded by numerous small donations. As

shown in Figure 1�4, the outcome distribution at the campaign level is highly skewed.

The average donation in my main sample is CNY 25.7 (USD 3.6), and the median

is CNY 10 (USD 1.4).19 An average campaign reporting recipient’s college receives

donations from 2,385 donors, suggesting they receive donations from not just first

and second-degree connections but probably more socially distant donors. Around

70% of the campaigns in our main sample mentioned the amount of medical expenses,

which is defined as either an anticipated expenditure or a medical debt. Variables like

college rank, postgraduate proportion, college in-province status, and writing quality

are balanced in two main samples, although college students fundraising for a senior

family member are more likely to be a current student as opposed to a graduate (82%

vs. 56%) and mention a 44% smaller medical expenses. See Table 1.4 for details.

As suggestive evidence of “college premium”, Table 1.3 shows that the campaigns

with the recipient’s college matched are much more successful than the others, a result

that appears to be driven by the extensive margin.

In our main samples of campaigns with recipients’ college reported, college selec-

tivity and expense amount mentioned are both strongly associated with aggregate

fundraising outcomes (See Figure 1�6 and Figure 1�7). The college rank gradient is

steeper among more selective colleges while the expense gradient is largely linear.

Several potential mechanisms may play a part in driving this pattern.

1.6.2 Potential Mechanisms

Social Capital

19The mean is CNY 38.7, or USD 5.4, before truncation of the largest 2.2% donations
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Social capital helps households cope with economic shocks, but the family varies

in the size of their social capital. This is because social ties exhibit substantial

homophily by social-economic status (SES). People with high SES are more likely to

befriend those who have higher SES (Chetty et al., 2022a). In our case, families with

younger generations attending selective colleges may have more high-income friends

to seek help from. Moreover, if a person of high SES shares a fundraising appeal on

her social media, it circulates among a high-SES network.

In addition, college attendance creates social ties. Chetty et al. (2022b) point out

that the differences in exposure to people with high SES in groups such as schools

explained half of the social disconnection across socioeconomic lines. Jia and Li

(2021) find that those just above the admission cutoff of elite colleges have peers with

more advantageous parental background. Also, it is not uncommon for an alumni

association or student union to participate in fundraising and spread the fundraising

appeal among a larger social network.

Therefore, people attending (selective) college generally have more social capital

to resort to in times of need. This disparity is expected to be a major driver of the

differential fundraising outcome. Indeed, I find the average donor level of a campaign,

an indicator of cumulative donations on the platform, is positively associated with

recipients’ college selectivity. The importance of social capital in online crowdfunding

is also illustrated in Figure B3, where I found the platform has a higher penetration in

prefectures where clan culture is stronger, proxied by the density of family shrines.20

Ability and Effort in Fundraising

Admission selectivity and college education are associated with higher ability,

which translates to better campaign quality. Those from higher-ranked colleges write

better stories, as shown in Figure 1�8. In addition, they may be more diligent and post

20There are more fundraising campaigns in Guangdong, Guangxi, and Fujian, family shrine data
from China Family Panel Studies
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updates more frequently on social media. Similarly, those who report a higher medical

expense might also exert more effort in fundraising to buffer a larger financial shock

and solicit donations from more potential donors, which leads to a larger donation

amount received at the campaign level.

Selection into Platform

Soliciting donations from people in your social network makes you lose face. There-

fore, people may initiate crowdfunding as a last resort. If families with a younger

generation attending a selective college are wealthier, they may turn to crowdfund-

ing less often, relying instead on saving or borrowing to buffer a shock. And when

they resort to crowdfunding, they might be hit by a more severe health and financial

shock, making the case more compelling to potential donors.21 On the other hand,

people attending more selective colleges can be more tech-savvy, lowering the time

cost for them to set up a fundraising page, leading to less severe medical conditions in

their crowdfunding campaigns. There is mixed evidence on the direction of selection.

As shown in the bottom right panel in Figure 1�8, the correlation between college

rank and expenses mentioned suggests the former case. However, Figure 1�5 shows

that more selective colleges are over-represented in our main sample and suggests the

opposite.

Donor Preference and Belief

Donors may think like social investors, seeking to maximize the impact when

donating. There are at least two things donors could infer from recipients’ college

selectivity: 1) Some patients are more talented and, once they are cured, will have a

promising future and contribute a lot to society, 2) Some recipients are more capable

of managing money and are less likely to misappropriate or squander donations by

seeking quack remedies. In addition, in China, college selectivity is seldom associated

21Similarly, people might hesitate to monetize their college’s prestige for personal purposes, and
those who do so can be in deeper distress.
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with family background for the lower tuition and more equitable and transparent ad-

mission process compared to countries like the U.S. Taken together, I expect potential

donors are more willing to donate to those who attend(ed) selective colleges, other

things equal. The experiment analogy of preference channel would be to randomize

college names that potential donors see in the stories.

Also, mentioning a higher expense amount would likely help persuade people that

the medical condition is severe and the financial shock substantial. Although the

fundraisers do have an incentive to overstate the expense, the expense amount is

partially verifiable because donors typically upload photos of diagnoses and bills.

Donors who care about equality of economic outcome may want to donate more to

those who suffer a heavier loss for they infer a higher marginal return of donation.

So would those who believe that every patient should have equal access to necessary

medical treatment, and to help reach a larger donation amount they feel obliged

to contribute more. Alternatively, the donors may believe or observe that patients

reporting a higher expense are in a more severe condition, and the same amount of

money spent on their treatment would bring a larger gain in quality-adjusted life

years.22

Content Distribution Mechanism

Crowdfunding platforms in China like Qschou generate revenue by selling insur-

ance to donors who saw the advertisement on the platform and charging a small

fee from the recipients. If the platform seeks to attract donors with appealing cam-

paigns and show them more frequently to potential donors, donations may concentrate

among these campaigns. While this may be true, the content distribution controlled

by the platform only accounts for a fraction of the total exposure a campaign receives,

as spontaneous sharing on social media is the primary channel for a campaign to be

known by others.

22But surely cases like advanced cancer may have the opposite e�ect.
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1.6.3 Empirical Strategy

Main Specification

The following transaction-level analysis aims to identify the preference channel, i.e.,

how recipients’ academic merit and financial need determine donor generosity. By

examining the within-donor variation at the transaction level, I effectively exclude the

impact of the social capital disparity resulting from donor composition. By controlling

for a battery of observables, I minimize the confounding effect of writing ability,

illness severity, and fundraising behaviors. I also trimmed the sample based on social

distance measures to exclude donations from strong ties.

Yic = �+ �1 �Rankc + �2 � Postgradc + �3 �Expensec + XcΓ1 + ZicΓ2 + �i + � (R1)

Equation (R1) presents the baseline specification. The outcome variable is the

donation amount from donor i to campaign c. Academic merit is measured by Rank,

which is constructed from raw college rank between 1-800 and rescaled to [�8;�0:01]

to denote selectivity, with -0.01 corresponding to the top college. Campaigns related

to unranked colleges are dropped. In alternative specifications, Rank is replaced by

a set of dummies indicating rank brackets to allow for any potential non-linearity,

and campaigns related to unranked colleges are included as the reference group.23

Postgrad indicates the patient or fundraiser has or is pursuing a graduate degree.

For a fraction of campaigns where both undergraduate and postgraduate institutions

are reported, the Rank corresponds to that of undergraduate institutions. The other

variable of interest is the amount of medical expenses or debt mentioned, which also

serves to control illness severity when examining the rank effect. The amount of

expenses is winsorized at CNY 1 million (top 1.4 %). The value of variable Expense
23Rank brackets have incremental width, namely, 1-30, 31-100, 101-200, 201-400, 401-800.
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is set to zero if not reported, accompanied by a dummy indicating missing value.

Vector Xc denotes campaign-level controls and Zic denotes donation-level con-

trols. The basic campaign-level controls capture the substantive content mentioned,

including illness category, patient’s home province, per capita GDP of the college’s

province, fundraiser-patient relationship, and graduation status. I constructed a cat-

egorical variable that identifies 39 types of illness, including two categories for miscel-

laneous and complex ones. Cancers, kidney failure, injuries from accidents, and other

chronic diseases and acute injuries comprise most of my sample. 85.8% of fundrais-

ers reported home province. Fundraiser-patient relationship takes two values in the

young patient sample, narrated by the patient herself or a peer.

Additional controls on content include patient demographics, major and year of

school, and campaigning behavior like initial fundraising target, number of additional

content updates, and number of photos uploaded. Patient demographics include age,

gender, major, and year in college. The last group of controls concerns textual char-

acteristics, which include story length, writing quality score, grammar error density,

coverage of content aspects, and linguistic attributes like word positivity. These con-

trol variables help address concerns on selection into the platform and reporting the

college name.

A donor (account) is uniquely identified by username and web address of the

avatar.24 83.7% of the donations are linked to an identified donor in the two main

campaign groups. A donor is unidentifiable if she donated anonymously or used a

default avatar plus a common username. By incorporating donor fixed effects, the

estimations rely on approximately 8% of the transactions from repeat donors who

donated to at least two campaigns in the corresponding sample groups. Donation

amount from repeat donors has a similar distribution to that of non-repeat donors.

24Identi�cation of individual donors is validated by their current user contribution level as of July
2022. The donor contribution level is determined by the cumulative amount and times of donation,
which should be invariant within a donor account.
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Around 82% of the repeat donors are observed twice in my main sample, the others

are observed three times or more. They contributed to 2.28 campaigns on average.

A within-donor specification requires observing donations from the same donor

across campaigns, which is more likely when observing a large number of campaigns.

When the number of campaigns in my sample decreases linearly, the effective number

of observations (donations) decreases faster than linearly. To guarantee sample size,

observations with missing values in covariates are not dropped. Unreported cases

are set to zero for continuous variables and accompanied by an indicator of their

missing status. For categorical variables, missing values are grouped into a category

indicating information not mentioned.

Tie Strength

Social distance is crucial to generosity. Leider et al. (2009) finds in an experiment that

subjects give 52% more money to friends than to random strangers. Socially closed

donors may also know information about the recipient not shown on the fundraising

page. Donors are often personally connected to recipients on crowdfunding platforms.

Therefore, a repeat donor may be socially closer to some recipients and donate more

generously. If donations to a patient attending a more selective institution are more

often between close social ties, it alone could drive the rank effect.25

Tie strength is not directly observed in my data, but I made two efforts to mitigate

its impact. First, I trimmed the sample by excluding donations plausibly from strong

ties. This includes 15% of observations when we observe a donor makes multiple

donations to the same campaign, the donor leaves a comment, or keywords indicating

strong ties found in fundraisers’ comments.26 These indicators of strong ties are

25One possible scenario for social ties to contribute to the rank e�ect is as follows: a donor enters
the platform to donate to a friend who attends a high-ranked college. Due to her higher income or
other reasons, she is more likely to stay on the platform and continue to donate (a smaller amount)
to other campaigns.

26words like classmates, college, friends, "I am..."
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correlated with a higher donation amount. Donations larger than CNY 300 (USD

42), or the top 2.2%, are dropped for being likely from closed ones or non-individuals.

Second, I flexibly control for the sequence of donations. This helps because the

donation request spreads to the socially close ones first, thus tie strength is partly

accounted for by controlling the donation sequence.

One might still concern the remaining impact of tie strength. Therefore, I mea-

sured the correlation between college selectivity and indicators of strong tie mentioned

above. As shown in Appendix Table B1, repeat donors typically have stronger ties

with campaigns related to lower -ranked colleges. Within donor, the donations to

a campaign related to lower -ranked colleges are more likely to repeat within the

campaign, be among the earlier donations received by a campaign, be the earlier

campaigns that the donor contributes to on the platform, include a comment from

the donor. As a result, any college rank effect found within the donor is dampened

by tie strength.

1.6.4 Main Results

Attending a higher-ranked college, having a postgraduate degree, and mentioning

higher expenses all lead to greater donor generosity towards a young patient, as

shown in Table 1.5. Columns (1) and (2) of the table are estimated with full samples

without donor fixed effects, column (3) does not incorporate donor fixed effects but

uses the subsample of repeat donors, while columns (4) - (7) are estimated with donor

fixed effects. The coefficient on Rank in column (3) is close to that of column (1),

showing that the decrease in coefficient size when incorporating donor fixed effects

does not come from the change in donor composition.

According to the preferred specification of column (7), a patient attending a top

college would receive 1.48 CNY more from each donor than that related to a college

ranked 500th. This equals 14.8% of the median donation or 5.2% of the mean. Re-
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porting having a postgraduate degree yields a bonus of half that size. The effect of

the amount of expenses mentioned is smaller than that of college rank. A campaign

reporting spending CNY 1 million (100 percentile) would receive CNY 0.4 more than

campaigns mentioning an expense of 200,000 (60 percentile).

The college rank effect (the coefficient on Rank) decreases by more than two-thirds

after adding donor fixed effects, suggesting that social capital indeed contributes to

the differential fundraising outcomes. It decreased by another 9% after controlling for

content and textual characteristics, and that on postgraduate by 24%. There is also a

decrease in the need effect (the coefficient on expenses) along the way I add controls.

The need effect drops by 27% and becomes statistically insignificant after adding

textual controls, which suggests fundraisers facing more severe medical conditions

may have exerted more effort in writing the story and mentioned a higher expense at

the same time.

There is no guarantee that the effect of academic merit should be linear in college

rank. Figure 1�9 and Figure 1�10 use the same specification as columns (2) and (7)

in Table 1.5, except for replacing the continuous rank measure with rank brackets

and including the campaigns related to unranked colleges as the reference group.

Comparing the two figures, we can see that adding the donor fixed effects changes

the size of the coefficient but not the shape of the profile. In Figure 1�10, where the

donor fixed effects are included, the college rank effect is more pronounced for the

top 100 colleges, which account for approximately 5% of national college enrollment

each year. The gradient becomes flatter for colleges beyond 200, indicating very

little bonus for those who attend them. The shape of the gradient may be driven

by information (people know more about top colleges) or preference (people only

associate merit with top colleges).

The rank effect I estimate above tends to be a lower bound for donor preference for
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merit. First, tie strength is on average stronger in a donation to a patient attending a

lower-ranked college, diminishing the rank effect. Second, I observe the donor’s choice

when a donation is made, but not when a potential donor decides not to give after

viewing the page. This would likely bias my coefficient downwards, as it reduces the

variation in the outcome variable that can be captured in any coefficient. Third, I

mainly exploit the variation in the intensive margin within the same donor. However,

attracting more donors and getting donations from more generous donors should

be an important source of variation in the outcome. In fact, donors in the sample

often repeat the donation amount across campaigns (e.g., giving mostly 10 yuan, but

occasionally 20 yuan), which further attenuates the estimated effects. As evidence,

although the effect of mentioned expenses is less likely to be driven by the disparity

in social capital, the effect still decreased by approximately 65% after adding donor

fixed effects. The only likely factor that may contribute to the rank effect on top of

donor preference is the fundraiser ability not observed or not fully controlled.

1.6.5 Results from For-senior Sample

I apply the same specifications to the sample in which college students fundraise for

their senior family members. The college-rank effect in the for-senior sample has

different implications, as the academic merit belongs to the fundraiser instead of the

patient.

As shown in Table 1.6 and Figure 1�10, a slightly smaller rank effect is found when

a college-attending young adult fundraises for a senior family member. The coefficient

for the fundraiser attending a postgraduate program is close to zero. Besides, the

coefficient on the mentioned expense seems to be larger than that for the young

patient when estimated with all controls. However, an F-test can not reject that

the difference in coefficients on variables of interest between two sample groups is

zero. The results are almost identical when using the log of donation amount as the
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dependent variable instead.

There are two possible explanations for the similar results from the two sam-

ple groups. One is that the merit effects from both groups are driven by residual

ability not fully controlled. However, if this is the case, we would expect a larger

effect in the for-senior group. This is because all the fundraisers in the for-senior

sample attend(ed) the mentioned college, while around 44% of the fundraisers in the

young patient sample is another young adult whose college attendance is not reported.

The alternative explanation is that donors have similar responses to the merit of a

fundraiser and to that of a patient. Donors may infer that the illness of a family

member would burden the student financially and prevent them from achieving their

full academic potential, as is sometimes explicitly mentioned or implicitly implied in

the story. Or they might think that patients with high-achieving offspring are them-

selves high achievers or good nurturers, thus deserving more help. Donors might also

believe that a recipient family with members attending selective colleges can make

better use of the money donated to them.

1.6.6 Fundraising Abilities

Admission selection and college education lead to higher fundraising ability. As shown

in Figure 1�8, writing quality measures are positively correlated with college selectiv-

ity. Writing matters to the fundraising outcome since the story is the most informa-

tive component of the campaign, and a well-written story also signals the recipient’s

worthiness.

The text length turns out to be the most consequential aspect of writing. A

detailed story demonstrates that the fundraiser takes the campaign seriously and

persuades the donors that the campaign is credible and the family is in urgent need.

As shown in the last column of Table 1.5 and Table 1.6, a repeat donor donates more

to campaigns with longer stories, controlling for all covariates on story components
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and campaign characteristics. One standard deviation increase (480 characters more)

would help get CNY 0.74 more from a repeat donor for the young patient sample, or

7.4% of the median, and a smaller CNY 0.41 for the senior patient. Writing quality

score is correlated with transaction level outcome before controlling for donor fixed

effects, but not after. Other language characteristics like sentiment or grammar error

density do not have sizeable or consistent effects once story length is controlled.

Fundraisers attending more selective colleges can be more social media savvy or

write stories in a more compelling way that is not captured by my measures on

writing. To test the effect of unobserved ability formally. I focus on the young

patient group and interact variables of interest with an indicator for fundraising for

oneself (as opposed to being fundraised by a peer). The idea is to have the interaction

term to capture the fundraising ability associated with the college selectivity of the

fundraiser while controlling for the patient’s credentials and characteristics. The

results in Table B3 does not provide strong support for the hypothesis that fundraising

ability drives the rank effect, with only the last column supporting a differential effect

between the two groups. However, it could be the case that the fundraisers who are

socially close to the patient are as capable as the patient themselves in fundraising.

Therefore, this result does not completely rule out the potential effect of ability on

fundraising either.27

1.6.7 Knowledge of College Ranking

A merit-oriented donor needs to first know about the college selectivity to base do-

nation decisions on it. People know more about local colleges than distant ones, and

this information gap can be exploited to provide evidence on the donor preference

channel.

27One suggestive evidence of writing ability comes from the fact that fundraisers who major in
liberal arts and social science receive slightly more than students majoring in science and engineering.
However, this e�ect is not robust across speci�cations.
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In China, college admission is administered at the provincial level. 65% of the

students go to college in their home province in 2021, and the number is 75% college

in my main sample. People often learn about a college from acquaintances attending

it, so it is natural that one would hear more about in-province colleges and have a

better knowledge of their selectivity. As evidence, Eble and Hu (2022) found name-

changing colleges in China enroll higher-aptitude students, with larger effects among

out-of-province applicants who possess less information on college quality.

People also tend to know more about the more selective colleges, which helps

explain why the rank effect is more pronounced among the top colleges. In the

U.S. setting, Meyer et al. (2017) estimated that applications discontinuously drop

by 2%–6% when the rank moves from inside the top 50 to outside due to limited

attention to higher education rankings. These information gaps are confirmed in

a quiz on college ranking in my survey experiment. As shown in Table 2.8, the

probability of correctly selecting the rank bracket is 16% standard deviation higher

for colleges in respondents’ province of residence. The answer accuracy is also higher

for the more selective colleges. Notably, employers in both China and the U.S. use

the names of educational institutions to infer the productivity of job applicants (Eble

and Hu, 2022; Clinton, 2020).

Yic = � + �0 �Rankc + �1 �Rankc �OutProvc + �2 � Postgradc

+�3 � Postgradc �OutProvc + �4 � Expensec

+�5 � Expensec �OutProvc + �6 �OutProvc + XcΓ1 + ZicΓ2 + �i + �

(R2)

In regression (R2), I introduce interaction terms between variables of interest and

an indicator for attending college out-of-province. In alternative specifications, the

distance between the recipient’s home province and the college is used instead of
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Outprov. Several mild assumptions are required for the coefficient on interactions,

�1 and �3, to help identify the donor preference channel.

First, whether a recipient attends a college (of comparable selectivity) in-province

or out-of-province should not correlate with fundraising ability once we control for

college ranking. Second, a repeat donor’s home province substantially correlates

with the recipient’s home province. Therefore, attending college out-of-province,

on average, decreases the familiarity regarding the college among donors. While

the home province of a donor is not observed, I document that within a repeat

donor, the variation in the recipients’ home province is small. This suggests repeat

donors more frequently donate to individuals residing in their own province. Third,

attending college outside one’s home province does not affect the average tie strength

between a repeat donor and the recipient. This assumption may not hold if the

college (location) choice alters the donor composition or the donors exhibit in-group

preferences, favoring those living closer to them.

Table 1.7 reports the results. Among young patients, the college rank effect is

almost entirely driven by recipients attending in-province colleges. This indicates at-

tending an out-of-province college would lower donors’ generosity towards the patients

due to reduced college recognition among donors unfamiliar with out-of-province in-

stitutions. On the other hand, for the fundraising-for-senior sample in Table 1.8, the

overall effect on the fundraiser’s college rank does not vary with in-province status,

which suggests a smaller role of the preference channel when the merit does not belong

to the patient.

In-group favoritism can also lead to a stronger reaction to college rank for recip-

ients from local colleges if donors find attending college far away makes a recipient

socially distant. However, it can hardly justify the fact that attending a postgradu-

ate program out-of-province does not compromise its bonus for young patients. The
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education level (graduate degree vs. bachelor’s degree) is explicitly mentioned in

the story and, therefore, requires no prior knowledge to appreciate and incorporate it

into donation decisions. Taken together, the above results suggest donors believe that

more talented people deserve more help when facing health shocks. Quantifying the

exact magnitude of this preference for merit remains a challenge due to the following

reasons: 1) we don’t know the magnitude of the donor’s information gap between

in-province and out-of-province colleges, 2) the distribution of college rank varies be-

tween in-province and out-of-province samples, and if combining with non-linearity

of rank effect, it may affect the size of coefficient we observed.

1.6.8 Donor Preference for Age

The within-donor specification can identify donor preferences beyond merit and need,

and I find donors favor young patients over senior patients with comparable family

backgrounds. In Table 1.9, I pool the sample in which a young patient fundraises

either for herself or a senior family member. In other words, I combine the two main

sample groups but excluded the cases in which the fundraiser’s college attendance is

not known.

I interact variables of interest with an indicator of the patient being the young

adult herself. The main effect of Y oungPatient captures patient age (group) varia-

tion, while Rank and the interaction between Rank and Y oungPatient account for

any differential effects of college selectivity on donor generosity. In column (3), I

further excluded all graduated fundraisers to make the sample more homogeneous, a

luxury I wouldn’t have without pooling sample groups.

There is a strong preference for helping younger patients, which is consistent with

the public health research that found people prioritize young people when medical

resources are scarce (Lewis and Charny, 1989; Eisenberg et al., 2011; Reckers-Droog

et al., 2018). At the campaign level, aggregate donations to young patients are more
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than twice those to seniors on average in our main sample. At the transaction level,

a repeat donor gives CNY 1.3-2.5 (13-25% of the median) more to a young patient.

This provides another solid evidence that donors are impact-seeking and implicitly

maximize the social return of their donations by taking life years saved into account

(Petrou et al., 2013).

In addition, we consistently observe that donors react more to college rank when

donating to young patients. Unobserved fundraising ability should be captured by the

main effect of college rank. The interaction terms, ranging from 31% to 54% of the

overall effect among young patients, indicate a donor responds more to the patient’s

educational credentials than that of the fundraisers. A similar pattern is found for

attending a postgraduate program. The preferred explanation is that donors associate

worthiness with both fundraisers’ and patients’ academic credentials, but more so for

the patients’ credentials because saving a high-achiever from a life-threatening illness

is perceived to be more impactful. However, due to a smaller number of campaigns

of self-fundraising young patients, these results are not always precisely estimated.

1.6.9 Discussions

The results on college rank are robust to the following specification choices. 1) Using

alternative cutoffs between CNY 100-1,000 of dropping a donation, a lower cutoff

slightly attenuates the rank gradient. 2) Using the log of donation as the outcome

variable. 3) Using the national college ranking of 2019 instead of 2022. 4) Control-

ling for university type (comprehensive, science & tech, the others). 5) Controlling

for college province fixed effects (instead of just GDP per capita of the province).

6) Controlling for the average amount of five previous donations, the rank effect de-

creased by around 15% (Smith et al., 2015). Also, in line with the survey results in

the later sections, there is no effect on the patient sex.
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Figures and Tables: Observational Data

Figure 1�1: Campaign Page: Story and Progress

Figure 1�2: Campaign Page: Basic Information
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Figure 1�3: Campaign Page: Donation History

Figure 1�4: Outcome distribution of all 140,000 scraped campaigns
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Figure 1�5: Distribution of the rank of college mentioned in the main
sample

Note: Distribution of college rank in the main sample group, i.e.,
fundraising campaigns mentioning a college attended by either the pa-
tient or the fundraisers. The Patient is either a young adult or a senior
family member. Unranked colleges are colleges outside the 2021 na-
tional college ranking by Shanghai Ranking.
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Figure 1�6: The Rank Gradient at the Campaign Level

Note: Binscatter plot with no controls. Dash lines denote a cubic polynomial �t. Samples are

campaigns with the recipient’s college reported. The sample size is 1092 for the young-adult-patient

sample and 1531 for the fundraising-for-senior sample.
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Figure 1�7: The Expense Gradient at the Campaign Level

Note: Binscatter plot with no controls. Dash lines denote a linear �t. Samples are campaigns with

both college and expenses reported. The sample size is 1047 for the young-adult-patient sample and

1355 for the fundraising-for-senior sample. Expenses are winsored at 1 million.
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Figure 1�8: Writing characteristics by College Ranking

Note: Binscatter plot with no controls. Dash lines denote a cubic polynomial �t. The horizontal

solid line denotes the mean for less selective colleges (unranked and independent colleges). Samples

are campaigns with the college of the fundraiser(narrator) college reported. Expenses are winsored

at 1 million.
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Figure 1�9: College Rank Effect without Donor FE

Note: Coefficient plot of college rank brackets at the donation level.
The reference group is unranked colleges. Donations larger than CNY
300 and those with signs of strong ties are excluded. The specification
relies on the full donor sample and does not include the donor fixed
effects. Young denotes the sample group where the patient is a young
adult who attends or attended college, Senior denotes the campaigns
where a young adult attending college fundraises for an ill senior fam-
ily member. Basic controls include disease category, home province,
fundraiser-patient relationship, log GDP per capita of the province of
the college, and 30 quantiles of donation ordinal position. Content
controls include patient demographics, college major, graduation sta-
tus, and campaigning behaviors. Textual controls include text length,
writing quality score, grammar error density, and coverage of content
aspects. Standard errors are clustered at the campaign level. *, **,
and *** indicate significance at the 10, 5, and 1% levels.
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Figure 1�10: College Rank Effect with Donor FE

Note: Coefficient plot of college rank brackets at the donation level.
The reference group is unranked colleges. Donations larger than CNY
300 and those with signs of strong ties are excluded. The specification
relies on repeat donors who are observed in multiple campaigns. Young
denotes the sample group where the patient is a young adult who at-
tends or attended college, Senior denotes the campaigns where a young
adult attending college fundraises for an ill senior family member. Ba-
sic controls include disease category, home province, fundraiser-patient
relationship, log GDP per capita of the province of the college, and
30 quantiles of donation ordinal position. Content controls include pa-
tient demographics, college major, graduation status, and campaigning
behaviors. Textual controls include text length, writing quality score,
grammar error density, and coverage of content aspects. Standard er-
rors are clustered at the campaign level. *, **, and *** indicate signif-
icance at the 10, 5, and 1% levels.
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Table 1.3: Summary Statistics: College Premium at the Campaign
Level

Not Matched Univ. Matched
Amount Raised 46123.6 81382.7

(58793.7) (103031.8)
No. of Donations 1383.7 2385.5

(1810.2) (2700.5)
Avg Donation 35.9 35.2

(19.3) (19.1)
Duration (days) 18.2 14.4

(14.1) (14.2)
No. of Endorsers 49.0 80.3

(40.0) (60.3)
Text Length 586.3 905.6

(387.9) (524.4)
Obs 132,350 5,687

Note. University Matched Sample includes campaigns with
recipients’ college (full name) reported. Endorsers are
friends and relatives of the recipient family who vouch for
the credibility of the campaign.
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Table 1.4: Young vs. Senior Patient at the Campaign Level

Variable Young Adult For Senior
Amount raised 107,406 49,954

(95811) (45378)
No. of Donations 3,286 1,709

(3146) (1549)
Mean Donation 39.22 31.33

(19.02) (13.77)
College Rank 292.4 329.3

(216.7) (224.2)
Postgraduate Degree 0.09 0.09

(0.29) (0.28)
Medical Expenses (100K) 3.11 1.75

(3.15) (2.12)
Expense Unreported 0.27 0.32

(0.45) (0.47)
Patient Age 24.49 49.59

(4.69) (6.03)
Graduated 0.44 0.18

(0.50) (0.39)
Out-of-Prov. College 0.36 0.30

(0.48) (0.46)
Home-College Dist. 0.37 0.31

(0.63) (0.57)
Fundraising For Oneself 0.46 N/A

(0.50)
Text Length (100 Char.) 9.17 8.81

(5.12) (4.89)
Writing Quality 0.12 -0.06

(1.26) (1.10)
Grammar Error Density 1.51 1.40

(1.72) (1.48)
Observations 1,443 2,003

Note. Sample: campaigns with the patient or the fundraiser reporting her college.
Postgraduate Degree indicates that the patient/fundraiser attend(ed) a postgrad-
uate program. Graduated denotes the recipient has graduated from college. Out-
of-Prov. College denotes the recipient attend(ed) out-of-province college. Home-
College Dist. denotes 1000 kilometers between the recipient family’s hometown and
the college. Medical Expenses are the expenses mentioned in the fundraising story.
Text Length is in units of 100 Chinese characters. Writing Quality is a rating pro-
vided by ChatGPT according to TOEFL-style marking rubrics. Grammar Error
Density is in the unit of one error per 1000 Chinese characters.
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Table 1.5: Main Specification: Young Patient Sample

Dependent Variable: Donation Amount

(1) (2) (3) (4) (5) (6) (7)
Full Sample Full Sample Rep. Donor Rep. Donor Rep. Donor Rep. Donor Rep. Donor

Rank (per #100) 1.460��� 0.894��� 1.553��� 0.245�� 0.313��� 0.316��� 0.293���

(0.164) (0.131) (0.196) (0.0964) (0.0936) (0.0907) (0.0846)

Postgraduate 3.124��� 2.574��� 2.660� 0.917 1.015� 1.230�� 0.865
(1.020) (0.746) (1.396) (0.660) (0.584) (0.568) (0.528)

Expense Mentioned 0.302��� 0.149�� 0.197 0.00860 0.0863�� 0.0703� 0.0513
(CNY 100K) (0.0947) (0.0711) (0.120) (0.0475) (0.0405) (0.0391) (0.0338)

Text Length (100 Char.) 0.121�� 0.149���

(0.0603) (0.0406)

Writing Score 0.190 -0.0127
(0.166) (0.0940)

Grammar Error Density 0.0453 0.0838
(0.184) (0.115)

Donor FEs No No No Yes Yes Yes Yes

Basic Controls No Yes No No Yes Yes Yes

Content Controls No Yes No No No Yes Yes

Textual Controls No Yes No No No No Yes
Adj. R-squared 0.010 0.036 0.010 0.54 0.55 0.55 0.55
Number of Obs. 2,294,122 2,294,122 193,657 193,657 193,657 193,657 193,657

Note. Sample: Campaigns for young patients with college mentioned. Unranked colleges are excluded. Donations larger
than CNY 300 and those with signs of strong ties are excluded. Rep. Donor indicates the subsample of donations from
donors observed in at least two campaigns. The median donation amount is CNY 10, and the mean is around 29. Basic
controls include disease category, home province, fundraiser-patient relationship, log GDP per capita of the province of
the college, and 30 quantiles of donation ordinal position. Content controls include patient demographics, college major,
graduation status, and campaigning behaviors. Textual controls include text length, writing quality score, grammar error
density, and coverage of content aspects. Standard errors are clustered at the campaign level. *, **, and *** indicate
significance at the 10, 5, and 1% levels.
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Table 1.6: Main Specification: For Senior Sample

Dependent Variable: Donation Amount

(1) (2) (3) (4) (5) (6) (7)
Full Sample Full Sample Rep. Donor Rep. Donor Rep. Donor Rep. Donor Rep. Donor

Rank (per #100) 0.960��� 0.605��� 0.983��� 0.242��� 0.282��� 0.264��� 0.267���

(0.121) (0.0970) (0.137) (0.0478) (0.0475) (0.0470) (0.0469)

Postgraduate 3.875��� 2.749��� 4.792��� 0.166 0.221 0.248 0.233
(0.807) (0.748) (0.926) (0.356) (0.339) (0.337) (0.345)

Expense Mentioned 0.506��� 0.315��� 0.370��� -0.0163 0.0668 0.0817 0.0803
(CNY 100K) (0.112) (0.109) (0.140) (0.0488) (0.0503) (0.0529) (0.0522)

Text Length(100 Char.) 0.112�� 0.0834���

(0.0511) (0.0235)

Writing Score 0.153 -0.0503
(0.137) (0.0581)

Grammar Error Density 0.00676 -0.0656
(0.165) (0.0766)

Donor FEs No No No Yes Yes Yes Yes

Basic Controls No Yes No No Yes Yes Yes

Content Controls No Yes No No No Yes Yes

Textual Controls No Yes No No No No Yes
Adj. R-squared 0.0086 0.027 0.015 0.52 0.52 0.53 0.53
Number of Obs. 1,854,746 1,854,746 145,245 145,245 145,245 145,245 145,245

Note. Sample: Campaigns for a senior family member by a young fundraiser whose college is mentioned. Unranked colleges
are excluded. Donations larger than CNY 300 and those with signs of strong ties are excluded. Rep. Donor indicates the
subsample of donations from donors observed in at least two campaigns. The median donation amount is CNY 10, and the
mean is between 17 and 23. Basic controls include disease category, home province, fundraiser-patient relationship, log GDP
per capita of the province of the college, and 30 quantiles of donation ordinal position. Content controls include patient
demographics, college major, graduation status, and campaigning behaviors. Textual controls include text length, writing
quality score, grammar error density, and coverage of content aspects. Standard errors are clustered at the campaign level.
*, **, and *** indicate significance at the 10, 5, and 1% levels.
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Table 1.7: In Province vs. Out-of-Province: Young Patient Sample

Dependent Variable: Donation Amount

(1) (2) (3) (4)
Rank 0.248�� 0.352��� 0.333��� 0.330���

(0.106) (0.103) (0.107) (0.105)

Rank � Out-of-prov. -0.411� -0.319�

(0.222) (0.186)

Rank � Home-College Dist. -0.455��� -0.221�

(1000km) (0.114) (0.116)

Postgraduate 1.163 1.408 0.157 0.481
(1.099) (0.879) (0.766) (0.638)

Postgraduate � Out-of-prov. 0.134 1.256
(1.203) (0.927)

Postgraduate � Home-College Dist. -0.307 0.693
(0.621) (0.597)

Out-of-prov. 0.844 0.546
(1.148) (0.971)

Home-College Distance -1.036� 0.0354
(0.554) (0.629)

Donor FEs Yes Yes Yes Yes

Basic Controls No No Yes Yes

Content Controls No No Yes Yes

Textual Controls No No Yes Yes
Adj. R-squared 0.54 0.54 0.55 0.55
Number of Obs. 135,414 135,414 135,414 135,414

Note. Sample: Campaigns for young patients with college and home province mentioned.
Donations larger than CNY 300 and those with signs of strong ties are excluded. Out-of-
Province indicates the patient attends an out-of-province college. The median donation
amount is CNY 10. Basic controls include disease category, home province, fundraiser-
patient relationship, log GDP per capita of the province of the college, and 30 quantiles of
donation ordinal position. Content controls include patient demographics, college major,
graduation status, and campaigning behaviors. Textual controls include text length, writ-
ing quality score, grammar error density, and coverage of content aspects. Standard errors
are clustered at the campaign level. *, **, and *** indicate signi�cance at the 10, 5, and
1% levels.
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Table 1.8: In Province vs. Out-of-Province: For-Senior Sample

Dependent Variable: Donation Amount

(1) (2) (3) (4)
Rank 0.213��� 0.239��� 0.254��� 0.247���

(0.0607) (0.0605) (0.0641) (0.0625)

Rank � Out-of-prov. 0.132 0.0111
(0.120) (0.122)

Rank � Home-College Dist. 0.0646 0.0347
(1000km) (0.104) (0.100)

Postgraduate 0.413 0.525 0.764 0.790
(0.571) (0.524) (0.612) (0.504)

Postgraduate � Out-of-prov. -0.165 -0.637
(0.794) (0.798)

Postgraduate � Home-College Dist. -0.450 -0.910
(0.714) (0.700)

Out-of-prov. 0.765 0.747
(0.595) (0.565)

Home-College Distance 0.126 0.597
(0.473) (0.454)

Donor FEs Yes Yes Yes Yes

Basic Controls No No Yes Yes

Content Controls No No Yes Yes

Textual Controls No No Yes Yes
Adj. R-squared 0.51 0.51 0.52 0.52
Number of Obs. 109,569 109,569 109,569 109,569

Note. Sample: Campaigns for senior patients with fundraiser’s college and family home
province mentioned. Out-of-Province indicates the fundraiser attends an out-of-province
college. Basic controls include disease category, home province, fundraiser-patient rela-
tionship, log GDP per capita of the province of the college, and 30 quantiles of donation
ordinal position. Content controls include patient demographics, college major, graduation
status, and campaigning behaviors. Donations larger than CNY 300 and those with signs
of strong ties are excluded. Textual controls include text length, writing quality score,
grammar error density, and coverage of content aspects. Standard errors are clustered at
the campaign level. *, **, and *** indicate signi�cance at the 10, 5, and 1% levels.
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Table 1.9: Young vs. Senior Patients

Dependent Variable: Donation Amount

(1) (2) (3) (4)
Full Sample Repeat Donor Student Patients Log Amount

Young Patient 2.564�� 1.307��� 2.168��� 0.0594���

(1.130) (0.480) (0.608) (0.0149)

College Rank 0.632��� 0.266��� 0.221��� 0.01000���

(0.102) (0.0462) (0.0489) (0.00164)

Young Patient � Rank 0.262 0.121 0.273��� 0.00305
(0.200) (0.0830) (0.103) (0.00276)

Postgraduate 2.773��� 0.177 0.267 0.0146
(0.754) (0.324) (0.378) (0.0105)

Young Patient � Postgraduate -0.450 0.215 0.878 0.00426
(1.154) (0.510) (0.728) (0.0157)

Expense (CNY 100K) 0.348��� 0.0572 0.0403 0.00150
(0.130) (0.0498) (0.0575) (0.00176)

Young Patient � Expense 0.110 0.0293 -0.0294 0.00176
(0.188) (0.0774) (0.0889) (0.00242)

Donor FEs No Yes Yes Yes

Basic Controls Yes Yes Yes Yes

Content Controls Yes Yes Yes Yes

Textual Controls Yes Yes Yes Yes
Adj. R-squared 0.034 0.55 0.54 0.66
Number of Obs. 3,168,137 341,978 188,677 341,978

Note. Sample: Campaigns by fundraisers with college mentioned. Young patients are fundraising for themselves
(i.e. excluding the cases when their peer is fundraising). The median donation amount is CNY 10. Basic controls
include disease category, home province, fundraiser-patient relationship, log GDP per capita of the province of
the college, and 30 quantiles of donation ordinal position. Content controls include patient demographics, college
major, graduation status, and campaigning behaviors. The exact age of the patient is not controlled. Donations
larger than CNY 300 and those with signs of strong ties are excluded. Textual controls include text length,
writing quality score, grammar error density, and coverage of content aspects. Standard errors are clustered at
the campaign level. *, **, and *** indicate signi�cance at the 10, 5, and 1% levels.
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Chapter 2

Experimental Evidence

2.1 Experiment Design

This chapter introduces the design of the online survey experiment, which corrob-

orates the observational results in several ways. First, it provides causal evidence

that donors are more generous towards patients who have merit and are in need.

The observational results provide evidence on both the merit and need effect but one

might still have concerns about the confounding effect of residual ability or other

unobserved characteristics. Second, an experiment allows for examining donor (re-

spondent) heterogeneity, which is not feasible previously as donor characteristics are

not observed on campaign pages. Importantly, the experiment results confirm that

adequate knowledge of college rankings is a prerequisite for donors to respond to col-

lege selectivity. I also show that graduation from college would reduce the college

selectivity bonus, as recipient deservingness is less associated with college attendance

after graduation.

The online survey follows the design of prominent resume audit studies (Neumark

et al., 2019; Deming et al., 2016). I formulated sixteen synthetic vignettes based

on real-life fundraising stories. In each vignette, two components are randomized at

the respondent level: the college of the patient and the amount of medical expenses

incurred or required. After showing each vignette, I asked respondents to report their

willingness to donate to the patient directly. I incentivize the respondents to pay

attention and report truthfully by associating their hypothetical responses to real-life
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campaigns paired with each vignette based on content similarity.

After the main part of the survey, I gathered additional information about the

respondents. First, they report two story aspects that affect their donation decision

the most. I then collect demographic information, including gender, age, income,

profession, college attended, and past and current province of residence. Finally,

to measure their familiarity with college ranking, respondents took a 10-question

multiple-choice quiz regarding colleges of varying selectivity, as shown in Figure 2�2.

The survey is conducted via Credamo, a Chinese survey platform akin to Prolific.

The platform is widely used in academic and market research. Respondents are re-

cruited from Credamo’s respondent pool. The sample was restricted to individuals

aged between 18-50. Upon completing the survey and passing the attention checks,

respondents received a compensation of CNY 6-8. It took an average of 14.6 minutes

to complete the survey, meaning the hourly compensation is above average on the

platform. To guarantee sample quality, I discarded respondents who failed any atten-

tion checks or are suspected of cheating (e.g., repeatedly submitting similar survey

responses with multiple accounts for money), leaving us with a sample size of 475 for

analysis.

2.1.1 Survey Questions

Vignettes are created based on real fundraising stories scraped from Qschou.com.

The story is first summarized by ChatGPT, and then edited by a research assistant

to achieve brevity, anonymity, realism, and readability. The college name and the

amount of expenses mentioned are then replaced by randomization. Stories unsuitable

for randomization are excluded (e.g. patient majors in veterinary). A vignette is

typically 150-250 words in length, introducing family background, medical condition,

and appealing for help.

Under each vignette, we pose the following question: With CNY 20 on hand, how
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much would you be willing to donate to the patient in the above vignette? The re-

spondents report their willingness to donate between CNY 0-20 by scrolling a bar.

Figure 2�1 show the sample vignette and Appendix B.1 presents the details in con-

structing vignettes.

The survey takes the form of a vignette study. One of the alternative approaches

is a conjoint analysis where respondents are presented with two sets of patient at-

tributes and asked to allocate a fixed sum of “money” between them. The vignette

study approach has two advantages over it. First, the vignette study closely mirrors

an actual donation scenario, which makes the response more likely to reflect real-world

outcomes. Second, reading concise stories is more engaging than juxtaposing lists of

attributes, which helps maintain respondent attention. More importantly, the suc-

cinct yet comprehensive vignette mitigates demand effects, since respondents cannot

easily discern the vignette components manipulated by the researchers. Therefore,

compared with a conjoint analysis design, my results are much less likely to be bi-

ased by respondents’ attempts to align with perceived researcher expectations. This

is crucial since the primary goal of the experiment is to show that a preference for

academic merit indeed exists.

2.1.2 Randomization

Respondents answer each question in a random sequence. Each question presents

a fixed vignette with two components independently randomized at the respondent

level. Each random treatment takes three possible values, which gives us nine possible

variations for each vignette.

The merit treatment consists of three tiers of 4-year colleges in mainland China

that ranked between 3-50, 100-300, or 500-800. The top two colleges with exceptional

reputations are excluded to prevent the superstar effect. A college appears only once

in a questionnaire. To avoid inconsistency between college attendance and the rest
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of the vignettes, some educational institutions are excluded. This includes medical

schools, institutions specializing in agriculture, forestry, sports, police, aviation, and

those collaborating with a foreign college. By doing this, I also alleviate the concerns

that respondents may infer majors, jobs, and income from college names.

The expense treatment consists of three brackets of expenses: CNY 150,000-

300,000 / 350,000-500,000 / 600,000-800,000 (equivalent to USD 30,000-110,000).

These brackets approximately equate to 0.6, 1, and 1.5 times the average expense

amount mentioned in actual fundraising stories.

To achieve realism, when formulating the expense triplet, the average expense

for the specific disease is taken into consideration. For costlier diseases, an amount

towards the higher end of the bracket range is assigned. I also vary the wording across

vignettes when mentioning the specific amount. The expense treatment is a variable

of interest itself, and also serves as a benchmark to assess the size of the college tier

effect.

Randomization is implemented on the survey platform. Each respondent encoun-

ters one treatment pair out of nine possibilities in each question. Although the plat-

form does not ensure an even sample size across arms, treatments assigned are not

too unbalanced when pooling all questions. A total of 26%, 33%, and 41% questions

are assigned with a college in tier 1, tier 2, or tier 3, respectively.

2.1.3 Incentives

An incentive scheme a la Kessler et al. (2019) is implemented to enhance attention

and induce truthful reporting. Participants are informed that if they donate more to

vignette A than to vignette B, real-life fundraisers with attributes similar to vignette

A would receive more donations than those resembling vignette B.

More specifically, I pledge CNY 1000 (USD 130) to actual patients. After the

experiment concludes, I will select 30-50 ongoing campaigns related to college stu-
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dents. Each synthetic summary from my survey will then be paired with a real-world

campaign based on content similarity. Donations will be made to these matched

campaigns in alignment with the proportions indicated by survey respondents for the

corresponding synthetic profiles.1

2.1.4 Response Quality and Sample Representativeness

Response reliability is crucial for research conducted on online survey platforms. The

two main concerns are hasty or inattentive responses and responses generated or

assisted by computer programs that aim to monetize the survey. To address these

concerns, I employed platform services including user identity confirmation and ge-

ographic restriction. I also designed attention checks to identify sloppy responses.

In addition, I excluded responses apparently generated or assisted by computer pro-

grams (“Bots”) and those suspicious of being submitted by “Farmers” who deploy

server farms to circumvent the location restrictions of the platform and respond in

bulk and repeatedly. See section B.2 for exclusion criteria and a detailed discussion.

I received more than 900 responses but ended up excluding a substantial part of them

to ensure the quality of the response.2

The respondents are young and well-educated (See Table 2.1). In the final sample,

57.7% are female. The median age bracket is 26-29, and 71.8% of the respondents

are between 22 and 34 years old (with a recruitment restriction of an age between

18 and 50). The students constitute 17.1% of the respondents. The median income

bracket for non-student respondents is CNY 7,500-10,000. 89.4% of the respondents

report an education level of a 4-year college or higher, with current students included.

1The exact wording is as follows, \I pledge CNY 1000 to actual patients based on your and
others’ responses in the survey. After the RCT concludes, I will select 30-50 ongoing campaigns
related to college students. Each synthetic vignette from this survey will then be paired with a real-
world campaign based on content similarity. If they donate more to vignette A than to vignette B,
real-life fundraisers with attributes similar to vignette A would receive more donations than those
resembling vignette B."

2The coe�cient are attenuated by roughly 26% if applying more lenient exclusion criteria instead.
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The self-reported education level is presumably higher than the population average

and the users of crowdfunding platforms. However, there seems to be a tendency for

respondents to overstate their income and educational level, possibly as a tactic to

avoid rejection by surveyors.3

2.1.5 Determinants of Donor Generosity

I collect information on subjective criteria that determine the intentional amount of

donation. First, I posed an open-ended question, asking respondents to list the two

most important story characteristics that affect their donation choices. Frequently

mentioned factors included the severity of the illness, financial situation, and patient’s

age. Notably, respondents expressed impact-seeking consideration. Some claimed

that they would give more to patients from a single-child family, as they are the sole

pillar of support for their parents. Some mentioned that they would give more if the

illness is more curable. Some view the patient’s role in the family or society and the

urgency of the medical need as pivotal.

Following the open-ended question, respondents report on a four-point scale how

much weight they give to nine predefined aspects. As shown in Figure 2�3, the aspects

receiving the highest importance ratings are story credibility, severity of illness, and

family’s financial status. Aspects associated with merit, including individual qualities

and abilities, education level, and college tier, are given moderate weight. The gender

and hometown of the recipient are reportedly not important in deciding how much

to give.

2.1.6 Knowledge of College Ranking

At the end of the survey, each respondent answers a quiz that measures their knowl-

edge of college rankings. In each multiple-choice question, I ask them to select the

3Surveyors are entitled to decline compensation to up to 30% of invalid or sloppy responses
received on Credamo. And some market survey targets college-educated respondents.
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correct rank bracket for a college. Each respondent answers a set of 10 questions

randomly drawn from 4 sets of questions. The colleges appearing in the quiz vary in

selectivity and only four-year public institution is included. There are five options

for each question, namely, 1-50, 50-100, 100-200, 200-400, and 400-800. On aver-

age, respondents answered 45% of the questions correctly. Based on the accuracy of

responses within each quiz set, I calculate a standardized score based on the total

distance between the true rank brackets of colleges and the respondents’ perceptions.

Table 2.8 shows that the answer accuracy increases monotonically with college

selectivity across the first four tiers. The answer accuracy of the top 50 colleges

is 26% higher than that of colleges ranked between 201-400. This confirms that

more selective colleges are better known, which is likely because the production and

consumption of college quality information bias to the top ones (Meyer et al., 2017;

Bowman and Bastedo, 2009). Another reason is that the rank of more selective

colleges can often be inferred from their names. For example, institutions named

after a province or a big city are typically flagship universities, helping respondents

choose their rank bracket correctly without prior knowledge of their selectivity.

Other naming patterns also reveal colleges’ selectivity. For institutions ranked

400-800, which serves as the reference group in Table 2.8, the answer accuracy is as

high as that for colleges ranked 50-100. This is largely because these institutions are

much more frequently named “college” (xueyuan) as opposed to “university” (daxue)

than those in higher brackets, making it easier for the respondent to correctly assign

them to the bottom bracket without any prior knowledge.4

481% of the institutions ranked 400-800 are named \college"(xueyuan), but the number is only
8% for institutions ranked between 1-400.
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2.2 Experiment Results

2.2.1 Main Results

Equation (E1) illustrates the main specification, where i denotes participant, q de-

notes question/vignette, k denotes three college tiers or high, medium, or low ex-

penses mentioned. 
; � denotes the vignette fixed effects and respondent fixed effects.

In some specifications, college province fixed effects are also incorporated. The out-

come variable is the willingness to donate to randomized vignettes shown to each

respondent. Standard errors are clustered at the respondent level.

Yiq = � + Σ3
k=2�

1
k1(merit = k)+Σ3

k=2�
2
k1(need = k) + 1(Localcollege)iq

+QuestionSequenceFE+CollegeProvFE + 
q + �i + "iq

(E1)

Overall, the coefficients of interest are in line with observational results. As shown

in Table 2.2, a donor preference for merit is found for vignettes depicting a patient

going to a top-tier college (ranked 3-50), but not for the second-tier college (ranked

100-300), relative to the third-tier college (ranked 500-800). One explanation is that

people don’t know much about colleges beyond the top 100. As shown in Table 2.8, the

respondent’s knowledge of college rankings decreases with ranks. Another explanation

is that donors associate merit only with the most selective colleges, as graduates from

less prestigious colleges in China often complain about being discriminated against

when trying to advance in their careers.5 Either way, the relative size of the college-

tier effect is consistent with the convex rank gradient in observational results.

Better knowledge of the college ranking makes a difference. Columns (4) and

(5) report results from the high-information sample group, defined as respondents

who score at or above the median within their assigned quiz set. The coefficient on

5Source: https://www.thepaper.cn/tag/380465
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top-tier colleges for this group doubles, while the coefficient on expenses among the

high-information group is roughly the same size as the full sample. Therefore, the

difference in college tier effect is not likely to be driven by some respondents paying

more attention to both the vignettes and the quiz.

Estimated with the full sample, the coefficient for top-tier colleges is 0.32 yuan, or

11.4% of the within-respondent standard deviation. The coefficient on high-expenses

is 0.74 yuan, or 26.3% of the within-respondent standard deviation, which is relatively

greater than the observational results.

Incorporating college province fixed effects drives up the coefficient for top-tier

colleges by around one-third, and people tend to donate more to students attending

college in megacities like Beijing, Shanghai, and Tianjin.6 This suggests that donors

with limited information infer college quality from its location, which is usually men-

tioned in its name. This pattern is consistent with MacLeod and Urquiola (2015),

where reputational concerns arise when graduates use their college of origin to signal

their ability, leading to stratification in enrollment. Also, respondents donate more

to someone who goes to a college in the respondent’s current or past province of

residence, which results from a more pronounced merit effect rather than in-group

preference itself, as discussed below.

2.2.2 Information Heterogeneity

Knowledge of college ranking is a prerequisite for exhibiting merit preference. Indi-

viduals unfamiliar with college ranking are unable to base donations on it, even if

6and also the northeastern provinces
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they indeed value the academic merit of the recipients.

Yiq = � + Σ3
k=2�

1
k1(merit = k)+Σ3

k=2�
1
k1(merit = k) � Info+ Σ3

k=2�
2
k1(need = k)

+Σ3
k=2�

2
k1(need = k) � Info+QuestionSequenceFE + 
q + �i + "iq

(E2)

I examine the information heterogeneity more formally in regression (E2), where

Info is some variable that measures or covaries with the knowledge of rankings. Col-

umn (1) and (2) in Table 2.3 indicate that college tier effects are driven entirely by

respondents who know college quality better. In column (1), both treatment variables

are interacted with a dummy indicating half of the sample with better knowledge of

the college ranking. In column (2), treatments are interacted with the score per-

centiles in the quiz. In both cases, the main effect for top-tier colleges diminishes to

a precisely estimated zero, while the interaction effect is significant and sizable.

Columns (3) - (5) investigate the role of geographic proximity in shaping the merit

effect. Given that most students attend college in-province, donors generally know

much better about colleges closer to their residence. Indeed, the effect of top-tier

college becomes larger when the assigned college is located in the province that the

respondent currently or has lived in. Although imprecisely estimated due to the small

proportion of respondent-vignette pairs in the category of local college, the effect of

an in-province top-tier college is three times that of an out-of-province college. In

addition, the donor seems to favor recipients from local second-tier colleges relative

to local bottom-tier ones. The interactions of top-tier and college distance to the

respondents’ province of residence are negative and sizeable, which confirms that

distance reduces awareness of college prestige. A top-tier college 1700km away from

the respondent would bring zero merit bonus.

These results are likely to be driven by limited information on distant colleges,



63

rather than an in-group favoritism towards recipients living close to the donors. In

fact, Table 2.8 shows people know more about local colleges. Also, in-group preference

can not explain why the main coefficient on nearby colleges is a precisely estimated

zero. Nor can it explain why donors with in-group preference only respond to college-

tier more but not to expenses. As shown in Table 2.4, the interaction effect of expense

treatment and colleges being local or geographically close are precisely estimated

zeros. In addition, the respondents report in the survey that, in the case of medical

crowdfunding, the recipient’s hometown is the least important aspect among the nine.

Although not precisely estimated, the interaction effect between second-tier col-

leges and information measures consistently ranges between 35% and 75% of the top-

tier effect, suggesting a smaller merit effect for second-tier colleges when respondents

know them better.

2.2.3 Preference Heterogeneity

In Table 2.5, I interact both treatments with vignette characteristics and respondent

characteristics to understand the mechanisms underlying the preference for merit.

The merit effect is mainly driven by one-third of the respondents who self-reported

to be more meritocratic, defined by their answers on the subjective importance of

personal qualities/ability, college tier, and education level depicted in the vignettes.

The college tier effect is 56% - 86% smaller for eight vignettes depicting a graduate

instead of a current student, with their jobs usually mentioned. This pattern is

consistent with the observational results in Table B4, where I employ a specification

similar to Equation R2 and interact variables of interest with graduation status. On

the crowdfunding platform, the average amount of donation that a graduate receives

is much larger than that received by a current student. This suggests that graduates

receive help from wealthier donors and attending college helps forge valuable social

ties. On the other hand, college selectivity after one graduated matters less in shaping
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perceived worthiness. Columns (2) and (3) show that the overall rank effect is reduced

by 30-50% for graduates, suggesting that donors give less weight to college selectivity

when donating to graduated patients.

After graduation, donors may evaluate one’s merit by additional aspects like oc-

cupational prestige and workplace performance. Also, the fundraiser might infer that

graduates from more selective college have started earning a higher salary and should

be more responsible for their medical expenses. These two justify a smaller v in

Equation 1.5 and thus a smaller rank gradient. This pattern is later confirmed by

experiment results Also, there is little differential effect for the graduates regarding

financial need, which alleviates concerns for potential selection. This result on grad-

uation status echoes Bordón and Braga (2020), who found college prestige is larger

in the year a graduate enters the labor market but becomes less important later as

workers reveal their quality throughout their careers.

Graduation status is not randomized in the experiment, and thus its interaction

effect lacks causal interpretation. Patient’s age could be a potential confounder here.

In 10 of 16 vignettes, the patient’s age is explicitly mentioned, and if not, it can often

be inferred from the content. Graduates depicted in the vignettes are on average 7

years older than a current student. Therefore, the heterogeneity of graduation status

may partly arise from respondents showing a preference for younger patients whose

life trajectory is more malleable.

Interestingly, whenever merit is valued more, need is valued less, as the interaction

effect for the two treatments in Table 2.5 always has the opposite sign. This result

is predicted by Equation 1.6 in the model section. For a more egalitarian donor who

values college rank less, and relatively values the patient’s health more, we have a

larger V0 (donor’s weight on saving a life regardless of individual merit) relative to v

(public perception on merit), which leads to a decrease in merit gradient @g=@m, and
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an increase in shock gradient @g=@s. Besides, this pattern might be strengthened by

a substitution effect between merit and need in capturing the reader’s attention and

affecting donation decisions.

Table 2.6 reports additional respondent heterogeneity. Being male, middle-aged,

having a high income, or attending a better college is associated with a larger response

to patients’ merit and usually a smaller response to reported expenses. In other

words, female and young respondents are found to be much more egalitarian and less

meritocratic. These heterogeneities are sizable and likely to be a result of preference

heterogeneity. Of course, we can not rule out the possibility that groups with high

income may know more about the college rankings than others, or that the donors

attending selective colleges themselves respond to recipients’ education credentials

due to homophily rather than meritocratic preference.

2.2.4 Discussions

Taken together, experimental results align with my findings from observational data,

albeit with some differences in relative size. The college rank effect in the experiment,

translated to comparable continuous measures and benchmarked against the financial

need effect, is around one-third of that from observational results.

One explanation is that real-world donors encounter fundraising campaigns more

or less connected to them, making the mentioned colleges geographically closer and

more familiar to them. Whereas in the survey, respondents encounter distant colleges

drawn from all over the country, making it harder for donors to base their donations

on college selectivity.

Also, information on financial needs is more scarce in the experiment setting than

in more detailed fundraising stories on the platform, which makes the mentioned

expense more salient in donors’ decision-making process. Furthermore, numeric de-

scriptions are easier for respondents to digest than verbal descriptions. The amount
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of expenses can even have an unintended priming effect on reporting the amount of

intentional donation. Nevertheless, the quantitative difference in the coefficient size

suggests the possibility that the rank effect estimated with observational data may

to some extent overestimate the donor preference channel.

There are several explanations for the donor preference for academic merit, and

upcoming waves of experiments aim to disentangle them. The preferred explanation

is perceived deservingness. Donors may want to reward past achievements and believe

that recipients with outstanding credentials are entitled to help. Alternatively, donors

may expect a greater impact from helping elite students if they could contribute more

to society after the cure. In other words, donors behave like forward-looking investors

who maximize social return. This also explains that donors are more generous to

young patients whose lives have more potential and to whom the marginal product

of donation is high.

A similar but slightly different explanation is that the better-educated are ex-

pected to manage the funds better. They may have better medical knowledge and

are less likely to waste money on quack remedies. Or they are perceived to be more

self-disciplined and less likely to misappropriate the donation.7 Relatedly, Exley

(2020) found participants in the experiment donate less to charities with lower per-

formance metrics and Gneezy et al. (2014) documented a negative correlation between

the amount donated to a charity and its administrative and fundraising costs.

Another explanation is credibility. Exaggeration or fraud exists in crowdfunding,

and donors can be reluctant to donate to recipients without a strong connection

with them. The selective colleges might care more about their reputation and would

manage to avoid scandals of fraudulent campaigns, in this case, donors may reasonably

infer that recipients reportedly from selective colleges are more credible.

7There are anecdotes about parents who raised money in the name of their ill daughter but spent
the money elsewhere
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Vanity could have played a role. Giving to someone attending a renowned college

associates the donor with its prestige, and thus amplifies the joy of giving. People

may even react to college prestige without associating it with the recipient. It is well

documented that people prefer familiar things (e.g., Home bias in stock portfolios).

Therefore, donors may unconsciously donate more when the recipient mentions a

college they have ever heard of, which is more likely to be a selective and local one.

However, neither the credibility nor the familiarity channels can explain why donors

react favorably to the recipient’s educational level.

Last, self-interested donors may treat the donation as an investment in informal

insurance, expecting a return of favor when in need. In this case, donors rationally

invest more in those with higher potential income. This is not likely on the crowdfund-

ing platform because donors seldom reveal their identity by leaving comments, making

recognizing the username the only way for the recipients to recognize the donor, and

even if they do, there are too many donations to keep track of. In addition, I have

excluded donors with explicit strong ties with the recipient in the analysis. More

importantly, quid pro quo can never drive the college tier effect in the experiment.

2.3 Conclusion

In this study, I decompose medical crowdfunding outcome differentials into social

capital disparity, variation in content, fundraising ability, and donor preference. With

an experiment, I identify the donor preference for the academic merit of recipients

who encountered major health and financial shocks. Knowledge of college ranking is

a prerequisite for donors to respond to college selectivity, an effect driven mainly by

the top colleges.

Medical crowdfunding provides crucial support to distressed families, forms a so-

cial safety net, and relieves the government of the heavy fiscal burden of poverty
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relief. However, those with good storytelling skills, affluent friends, and the prestige

of elite college are getting the lion’s share. An overconcentration of donations among

a few recipients might lower the marginal product of giving. Therefore, from the

perspective of a social planner, it is beneficial if we can make crowdfunding platforms

more equitable for all recipients.

Education is deemed a major channel of social mobility. In China, sponsoring poor

students for schooling is a prominent theme in charitable giving. Many donors believe

that lifting students from poverty and supporting their pursuit of education helps

promote equality and social progress. Ironically, an entrenched interest has formed

based on college prestige. Blind credentialism precludes those without a (impressive)

diploma from opportunities for career advancement or getting a helping hand when

in distress. This breeds injustice and, in turn, explains why students compete fiercely

to get into a selective college.

In many societies in Eastern Asia, meritocracy rules at schools and the workplace,

and people are more efficiency-oriented than equity-minded. This creates incentives

for competition and hard work, laying the ground for economic growth, but also

poses a threat to social cohesion (Sandel, 2020). In the case of medical crowdfunding,

a donor preference for merit could be productive, as it prioritizes recipients with

higher potential productivity after cure. However, a preference for merit too strong,

combined with the herding behavior of donors, can limit the chance for disadvantaged

patients to receive life-saving donations that are desperately needed. This is how

meritocracy harms.
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Figures and Tables: Experiment

Figure 2�1: Sample Survey Question

Figure 2�2: Sample Quiz Question on College Rankings
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Figure 2�3: Self-Reported Importance of Narrative Aspects
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Table 2.1: Respondent Demographics and Response Summary

Factor Level Value

N 475
Average donation of respondent, mean (SD) 13.03 (3.44)

Male 0 274 (57.7%)
1 201 (42.3%)

Age 18-21 37 (7.8%)
22-25 95 (20.0%)
26-29 120 (25.3%)
30-34 126 (26.5%)
35-39 59 (12.4%)
40-49 38 (8.0%)

Education level 3-year college or below 50 (10.5%)
4-year college 345 (72.6%)
postgraduate 80 (16.8%)

Sector Public institution 38 (8.0%)
Gov. or state-owned 89 (18.7%)
Foreign firms 26 (5.5%)
Students 81 (17.1%)
Private firms 241 (50.7%)

Income No income 67 (14.2%)
<5000 78 (16.5%)
5000-7500 100 (21.2%)
7500-10000 108 (22.9%)
>10000 119 (25.2%)

College rank of Respondent, mean (SD) 206.33 (181.48)
Survey duration, mean (SD) 879.42 (271.23)
Col. Rank Perception (N correctly answered) 4.51 (2.13)
Col. Rank Perception (Total deviation) -7.93 (3.89)
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Table 2.2: RCT Main

Dependent Variable: Willingness to Donate

(1) (2) (3) (4) (5)
Full Sample Full Sample Full Sample High Info High Info

Top Tier 0.208** 0.247** 0.321** 0.477*** 0.632***
(0.103) (0.101) (0.153) (0.136) (0.202)

Second Tier -0.068 -0.079 0.040 0.000 0.226
(0.083) (0.081) (0.155) (0.113) (0.213)

High Expenses 0.717*** 0.728*** 0.735*** 0.783*** 0.801***
(0.096) (0.094) (0.094) (0.141) (0.140)

Medium Expenses 0.363*** 0.401*** 0.405*** 0.576*** 0.587***
(0.095) (0.091) (0.091) (0.132) (0.132)

Local College 0.221 0.557***
(0.143) (0.198)

Same Gender -0.007 0.133
(0.071) (0.094)

Donor FEs Yes Yes Yes Yes Yes

Vignette FEs No Yes Yes Yes Yes

Question Sequence FEs No Yes Yes Yes Yes

Col. Prov. FEs No No Yes No Yes
N 7600 7600 7600 4032 4032
N Respondent 475 475 475 252 252
Adjusted r2 0.576 0.609 0.610 0.600 0.602

Note. The outcome variable is the response to fundraising vignettes where patients’ college and med-
ical expenses are independently randomized. The reference group is the bottom-tier colleges and low
expenses mentioned. The outcome variable takes a value between 0 and 20, and the within-respondent
standard deviation is 2.81. The High Info sample group is de�ned as 53% of respondents who score at
or above the median within their assigned set of quiz on college rankings. Local College denotes that the
assigned college is located in the province of residence of the respondent. Standard errors clustered at
the respondent level. *, **, and *** indicate signi�cance at the 10, 5, and 1% levels.
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Table 2.3: RCT: Heterogeneity in Ranking Perception

D.V.: Willingness to Donate

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

TopT ier 0.015 -0.025 0.216** 0.542***
(0.147) (0.189) (0.102) (0.186)

SecondT ier -0.168 -0.163 -0.096 -0.049
(0.117) (0.155) (0.084) (0.162)

High Info � Top Tier 0.444**
(0.199)

High Info � Second Tier 0.175
(0.163)

Quiz Pctl � Top Tier 0.578*
(0.321)

Quiz Pctl � Second Tier 0.184
(0.282)

Local College 0.060
(0.265)

Local College � Top Tier 0.423
(0.340)

Local College � Second Tier 0.321
(0.347)

Home-College Dist. 0.084
(0.123)

Home-College Dist. � Top Tier -0.324*
(0.167)

Home-College Dist. � Second Tier -0.031
(0.154)

Respondent FE, Vignette FE,
& Question Sequence FE Yes Yes Yes Yes

Expenses Treatment & Interactions Yes Yes Yes Yes
N 7600 7600 7600 7600
N Respondent 475 475 475 475
Adj. R-squared 0.609 0.609 0.609 0.609

Note. The outcome variable is the response to fundraising vignettes where patients’
college and medical expenses are independently randomized. The reference group is the
bottom-tier colleges and low expenses mentioned. The outcome variable takes a value
between 0 and 20, and the within-respondent standard deviation is 2.81. High Info is
de�ned as 53% of the respondents scoring at or above the median within their assigned
quiz question sets on college rankings. Quiz Pctl is respondents’ score percentiles from
the quiz on college rankings. Local College denotes colleges in respondents’ current or
previous province of residence. Standard errors clustered at the respondent level. *, **,
and *** indicate signi�cance at the 10, 5, and 1% levels.
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Table 2.4: RCT: Heterogeneity in Ranking Perceptions(Expenses)

D.V.: Willingness to Donate

(1) (2) (3) (4)
HighExpenses 0.670*** 0.603*** 0.724*** 0.719***

(0.121) (0.174) (0.097) (0.163)

MediumExpenses 0.217* 0.100 0.437*** 0.358**
(0.121) (0.168) (0.095) (0.162)

High Info � High Expenses 0.113
(0.185)

High Info � Medium Expenses 0.350*
(0.178)

Quiz Pctl � High Expenses 0.264
(0.340)

Quiz Pctl � Medium Expenses 0.633**
(0.304)

Local College 0.060
(0.265)

Local College � High Expenses 0.199
(0.322)

Local College � Medium Expenses -0.547
(0.336)

Home-College Dist. 0.084
(0.123)

Home-College Dist. � High Expenses 0.010
(0.143)

Home-College Dist. � Medium Expenses 0.045
(0.148)

College tier Treatment & Interactions Yes Yes Yes Yes
N 7600 7600 7600 7600
N Respondent 475 475 475 475
Adj. R-squared 0.609 0.609 0.609 0.609

Note. The outcome variable is the response to fundraising vignettes where patients’ college and
medical expenses are independently randomized. The reference group is the bottom-tier colleges
and low expenses mentioned. The outcome variable takes a value between 0 and 20, and the within-
respondent standard deviation is 2.81. High Info is de�ned as 53% of the respondents scoring at
or above the median within their assigned quiz question sets on college rankings. Quiz Pctl is the
respondent’s score percentiles from the quiz on college rankings. Local College denotes colleges in
respondents’ current or previous province of residence. Standard errors clustered at the respondent
level. *, **, and *** indicate signi�cance at the 10, 5, and 1% levels.
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Table 2.5: RCT: Preference Heterogeneity

Dependent Variable: Willingness to Donate

(1) (2) (3) (4) (5)

TopT ier 0.247** 0.495*** 0.592*** 0.082 0.156
(0.101) (0.138) (0.203) (0.122) (0.166)

SecondT ier -0.079 0.007 0.317 -0.108 -0.004
(0.081) (0.123) (0.247) (0.101) (0.169)

Graduate � Top Tier -0.427** -0.336
(0.172) (0.222)

Graduate � Second Tier -0.144 -0.353*
(0.162) (0.210)

Merit minded � Top Tier 0.463** 0.455**
(0.210) (0.210)

Merit minded � Second Tier 0.081 0.090
(0.169) (0.169)

HighExpenses 0.728*** 0.591*** 0.594*** 0.808*** 0.816***
(0.094) (0.130) (0.131) (0.121) (0.122)

MediumExpenses 0.401*** 0.221* 0.204 0.367*** 0.374***
(0.091) (0.132) (0.134) (0.118) (0.118)

Graduate � High Expenses 0.242 0.244
(0.161) (0.163)

Graduate � Medium Expenses 0.313* 0.345**
(0.173) (0.175)

Merit minded � High Expenses -0.233 -0.236
(0.188) (0.190)

Merit minded � Medium Expenses 0.100 0.090
(0.183) (0.183)

Respondent FE, Vignette FE,
& Question Sequence FE Yes Yes Yes Yes Yes

Col. Prov. FEs & Local College No No Yes No Yes
Adj. R-squared 0.64 0.64 0.64 0.64 0.64
Number of Obs. 7,600 7,600 7,600 7,600 7,600

Note. The reference group is the bottom-tier colleges and low expenses mentioned. The outcome variable
takes a value between 0 and 20, and the within-respondent standard deviation is 2.81. Graduate denotes
that the vignette depicts a graduate instead of a current student. MeritMinded is a dummy indicating
one-third of the respondents who self-reported to be more meritocratic, de�ned by their subjective weight
given to personal qualities/ability, college tier, and education level depicted in the vignettes. Standard
errors clustered at the respondent level. *, **, and *** indicate signi�cance at the 10, 5, and 1% levels.
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Table 2.6: RCT: Respondent Heterogeneity

Dependent Variable: Willingness to Donate

(1) (2) (3) (4) (5)

TopT ier 0.247** 0.083 0.090 0.428*** 0.153
(0.101) (0.136) (0.125) (0.157) (0.173)

SecondT ier -0.079 -0.144 -0.104 0.010 -0.084
(0.081) (0.114) (0.107) (0.123) (0.147)

RES GoodCol � Top Tier 0.326
(0.200)

RES GoodCol � Second Tier 0.132
(0.162)

RES Male � Top Tier 0.371*
(0.206)

RES Male � Second Tier 0.052
(0.165)

RES Young � Top Tier -0.334*
(0.201)

RES Young � Second Tier -0.168
(0.165)

RES HighIncome � Top Tier 0.234
(0.226)

RES HighIncome � Second Tier 0.110
(0.186)

Respondent FE, Vignette FE,
& Question Sequence FE Yes Yes Yes Yes Yes

Expenses Treatment & Interactions Yes Yes Yes Yes Yes
Adj. R-squared 0.64 0.64 0.64 0.64 0.63
Number of Obs. 7,600 7,600 7,600 7,600 6,192

Note. The reference group is the bottom-tier colleges and low expenses mentioned. The outcome
variable takes a value between 0 and 20, and the within-respondent standard deviation is 2.81.
RES GoodCol indicates that the respondent self-reported attending a college ranked 200 or above.
RES Y oung indicates if the respondent’s age is under 30. RES HighIncome indicates if the
respondent’s self-reported salary is above CNY 7500. Standard errors clustered at the respondent
level. *, **, and *** indicate signi�cance at the 10, 5, and 1% levels.
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Table 2.7: RCT: Respondent Heterogeneity (Expenses)

Dependent Variable: Willingness to Donate

(1) (2) (3) (4) (5)

HighExpenses 0.728*** 0.747*** 0.869*** 0.594*** 0.750***
(0.094) (0.127) (0.121) (0.132) (0.146)

MediumExpenses 0.401*** 0.425*** 0.434*** 0.402*** 0.344**
(0.091) (0.128) (0.125) (0.130) (0.163)

RES GoodCol � High Expenses -0.043
(0.188)

RES GoodCol � Medium Expenses -0.052
(0.181)

RES Male � High Expenses -0.326*
(0.191)

RES Male � Medium Expenses -0.070
(0.180)

RES Young � High Expenses 0.249
(0.186)

RES Young � Medium Expenses -0.007
(0.181)

RES HighIncome � High Expenses -0.069
(0.203)

RES HighIncome � Medium Expenses 0.009
(0.208)

Respondent FE, Vignette FE,
& Question Sequence FE Yes Yes Yes Yes Yes

College Tier Treatment & Interactions Yes Yes Yes Yes Yes
Adj. R-squared 0.64 0.64 0.64 0.64 0.63
Number of Obs. 7,600 7,600 7,600 7,600 6,192

Note. The reference group is the bottom-tier colleges and low expenses mentioned. The outcome variable takes
a value between 0 and 20, and the within-respondent standard deviation is 2.81. RES GoodCol indicates
that the respondent self-reported attending a college ranked 200 or above. RES Y oung indicates if the
respondent’s age is under 30. RES HighIncome indicates if the respondent’s self-reported salary is above
CNY 7500. Standard errors clustered at the respondent level. *, **, and *** indicate signi�cance at the 10,
5, and 1% levels.
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Table 2.8: RCT: Knowledge of college ranking

Total deviation from actual rank No. of correct answers

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

Tier A (1-50) 0.191*** 0.191*** 0.100*** 0.101***
(0.054) (0.054) (0.026) (0.026)

Tier B (51-100) 0.229*** 0.229*** 0.005 0.006
(0.047) (0.047) (0.025) (0.025)

Tier C (101-200) 0.006 0.007 -0.119*** -0.118***
(0.044) (0.044) (0.025) (0.024)

Tier D (201-400) -0.219*** -0.219*** -0.160*** -0.160***
(0.039) (0.039) (0.021) (0.021)

Local College 0.141*** 0.096** 0.062** 0.035
(0.045) (0.047) (0.029) (0.029)

Respondent FE No Yes No Yes
N 4750 4750 4750 4750
N Respondent 475 475 475 475
Adj. R-squared 0.034 0.147 0.035 0.130

Note. Results from 10 multiple-choice questions on college ranks. Each question has �ve
options. The reference group is the lowest-ranked college (ranked below 400). Standard
errors clustered at the respondent level. *, **, and *** indicate signi�cance at the 10, 5,
and 1% levels.
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Chapter 3

Born to Lead: The Name Order Effect in

Political Selection in China

3.1 Introduction

Who becomes the political leader matters, and even more so when institutional checks

and balances are scarce and leaders’ policy preference makes a great difference. In

China, cadres at each level of the Chinese government climb the career ladder by

competing for promotions, a process overseen by their superiors.1 This process defines

Chinese politics and shapes the social-economic landscapes, at both the local and

central level. The promotion is commonly viewed as a calculated and sophisticated

decision, as previous literature on political selection in China focused on factors such

as performance (e.g. GDP growth) and connection (e.g. colleague ties). However,

partly due to the opaqueness in Chinese politics, few papers have examined potential

shortcomings in this procedure. This chapter documents behavioral and institutional

biases in China’s political selection, by focusing on the influence of name order of the

cadres on a roster.

I find that the order of names, part of which is determined exogenously by the

writing of names, affects promotion prospects. This echoes research on the ballot

order effect that favors the candidates with their name listed first (Miller and Kros-

nick, 1998; Koppell and Steen, 2004). Therefore, institutional and behavioral biases

1I use the word cadres to refer to Chinese o�cials. I focus on those who serve as the leaders of
a jurisdiction or a bureau, who share characteristics with both the bureaucrats and politicians
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in political selection are universal. These biases affect not just voters who may have

low information, but also sophisticated power players facing the high-stake decisions

of selecting competent or loyal subordinates. My finding also sheds light on to what

extent political selection in China is meritocratic, a narrative that is crucial for the

legitimacy of the regime.

The first part of the analysis focuses on the empirical distributions of the sur-

names of the cadres. In Chinese politics, names on a list are ordered primarily by the

writing of surname, with simpler surnames with fewer strokes being ordered first. To

investigate the potential impact of this ordering practice, I collect rosters of central

and local government leaders across various ranks. I document an overrepresention

of simpler surname among party cadres relative to population and other social elites,

a trend that is more pronounced at upper echelons. This suggests an advantage asso-

ciated with having names appear at the top of a list, and the advantage accumulates

over the course of climbing up the career ladder.

The second part explores individual career trajectories. Using a biographical

database of city and provincial leaders in China (Jiang, 2018), I found that city leaders

with fewer strokes in their surname have a higher probability of being promoted to

the provincial level each year, after controlling for individual characteristics like age,

experience, and connection.

Consistent with the differential patterns in the empirical distributions, the ad-

vantage in promotion is driven by the 15% surnames with the fewest strokes. Being

listed among the earliest 15% names leads to an additional promotion chance of 0.4-

0.8 pp each year, which amounts to around 20% of the mean of promotion probability.

The effect becomes larger when the (potential) candidate list is longer since choices

become more difficult for the decision-makers.2

2There seems to be some evidence for small advantage of being listed at the bottom than in the
middle
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I find a larger name order effect when examining the promotion prospects for

mayors, who typically become city party chiefs before reaching provincial levels. The

relatively larger magnitude is consistent with the fact that mayors spend fewer years

at the rank of city leaders, making them less known to the provincial leaders overseeing

the promotion.

Surnames may correlate with social capital or regionality (Clark, 2015). Although

the writing of surnames should be less correlated with them, there are still concerns

that my measures of name order may capture the socioeconomic background. I pro-

vide evidence against this explanation. First, I controlled for potential confounder

like province, ethnicity, and other individual characteristics. Second, there is no

overrepresentation of simpler surnames among top scientists and enterprenuers, in-

dicating that the overrepresentation among cadres does not stem from generic social

capital disparity across surnames. Third, in the analysis of mayors’ promotion, I find

that surnames starting with a horizontal stroke, a secondary name order advantage,

also increase the promotion probability after controlling for the first-order advantage

brought by surname stroke.

Several mechanisms may underlie the name order effect. First, the leadership bod-

ies at each level (party committees) designate alternate members to fill in the vacancy

left by outgoing members during their terms. The order for alternate members to

replace outgoing officials partially depends on surname strokes as a tie-breaker. As a

result, alternates with simpler surnames are more likely to advance to full membership

through substitution and advance sooner.

Second, when referring to a large group of party cadres, the common practice is

to mention solely the name of the first cadre (of the highest rank). This practice in-

creases name exposure for simpler surnames in official announcements and documents,

improving the chance of being noticed by superiors.



82

Although institutional biases are to some extent measurable and verifiable, they

are unlikely to solely drive the effect. Behavioral biases are expected to be the major

cause of the name order effect. Going through a long list of cadres and comparing

candidates who compete fiercely is a task requiring considerable cognitive resources.

Moreover, frequent transfers of cadres across different jurisdictions and government

branches exacerbate the challenge, as they limit the knowledge superiors have of each

candidate. These factors may give rise to cognitive heuristics that favor cadres listed

at first or in the end.

Another source of bias is misperception. The Chinese Communist Party (CCP) is

highly hierarchical. The name order in some formal rosters and name lists primarily

reflects rank or seniority and then uses surname strokes as tie-breakers. Cadres who

have spent years in the political system may internalize this order convention and

unconsciously mistake the relative position of names (within the same rank) for actual

power.

Such behavioral biases are most likely to occur when superiors contemplate whom

to promote. But name order may also come into effect in daily interactions outside of

the promotion scenario. For example, a superior assigns some tasks of importance to

a junior cadre whose name appears first on a shortlist, which creates a chance for the

subordinate to impress the superior. Despite the high stakes, I find that the cognitive

burden can still lead to heuristics and biases in these promotion decisions.

The roster order effect in Chinese politics mirrors the ballot order effect observed

in democratic elections, where candidates at the top of the ballot are more likely to

receive additional votes due to voters’ cognitive fatigue or the primacy effect (Miller

and Krosnick, 1998; Koppell and Steen, 2004). The effect becomes more pronounced

in elections with numerous candidates or low-stake nonpartisan races. Across vari-

ous countries and voting systems, this phenomenon has an non-trivial influence on
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electoral outcomes. (Meredith and Salant, 2013)

The setting of political selection in a bureaucracy differs from election in many

ways. In China, the appointments of political leaders are decided by the superiors

rather than the public. Therefore, the decision makers differ in information, experi-

ence, and incentives. On the other hand, the selection is more difficult, since many

candidates compete fiercely and exhibit policy preferences less distinct than in an open

election in the US. There is also more opaqueness in the political selection in China.

Although the career trajectories of cadres can be observed, the actual candidates for

an opening are not. To overcome this obstacle, I constructed a quasi-candidate pool

for the race to the vice-provincial level based on rules deducted from observed career

paths, based on which I defined the treated group.

The name order effect extends beyond politics. Previous evidence primarily comes

from alphabetical order. In academia, author ordering influences the perception of

contribution and credit; researchers with earlier surname initials are more likely to

receive tenure at top economics departments (Einav and Yariv, 2006; Maciejovsky

et al., 2009). Meer and Rosen (2011) find that alphabetical order affects the donation

to the university, as the volunteers who make solicitation calls often run out of time

before they reach the end of the alphabetically-ordered name lists. In studies on social

networks, Poulin and Dishion (2008) and Marks et al. (2016) documented a negative

correlation between the position of a student’s name on an alphabetized roster and

the number of nominations that name received from peers. These phenomena arise

because agents fail to treat everyone on a list equally due to time constraints or

cognitive limitations.

Existing literature on political selection in China focuses on three aspects. The

first argues that cadres engage in a promotion tournament where candidates compete

based on their performances, especially economic growth (Li and Zhou, 2005; Yao
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and Zhang, 2015) and environment protection (Chen et al., 2018). The second strand

explores the influence of ties and patronage between the superiors and subordinates

on promotion (Jia et al., 2015; Shih et al., 2012). The third emphasizes the role of

intra-factional competition (Fisman et al., 2020; Francois et al., 2023)

While there is ongoing debate regarding the robustness of some of the above em-

pirical results (Wiebe 2024), previous research agree that promotion is determined by

competition among the candidates and deliberation of the decision makers, reflecting

either the cadre’s success in delivering preferred political outcomes or an alignment

with the interest of decision makers. In contrast, this chapter highlights that even

experienced power players facing high-stakes decisions are susceptible to behavioral

biases. To my knowledge, this chapter is the first to explore such bias in political

selection outside of the scenario of electoral competition.

3.2 Background

3.2.1 Surname stroke orders

Surname stroke order is a name other method based on the writing of Chinese char-

acters, as illustrated in Figure 3�1. In written Chinese, a character is the smallest

meaningful unit (analogous to words in English), and each character consists of strokes

(analogous to letters). A Chinese name typically consists of two to three characters,

and it begins with the surname. To establish surname stroke order, we first compare

the number of strokes in the surnames, and the surname with fewer strokes is placed

first. This step is analogous to comparing the letter length of an English word. If

the surnames have the same number of strokes, then you sequentially compare each

stroke in the surname based on the writing order. This step is analogous to the al-

phabetical order in English. Each stroke belongs to one of five board categories, and

a horizontal stroke is ordered first, followed by a vertical stroke, and then three other
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categories of strokes.3

If the surnames are identical, the comparison moves to the second character of the

name, often a part of the individual’s given name, and continues similarly. Figure 3�2

illustrate this name ordering method with the example of the Politburo, the top

leadership body of CCP. Most variation in name order exploited in the empirical

analysis comes from the number of strokes in the surname, the primary determinant

of the name ordering.

While the surname stroke order is a norm in formal settings in Chinese politics,

its usage elsewhere is rare. Ordering names by alphabetical order of Pinyin, the

romanization system for Chinese, is more common in daily life due to its ease of use.

For example, the roster of academicians follows Pinyin order. Therefore, the social

channel of name order effect during personality development in schools, as discussed

by Carlson and Conard (2011), is less pertinent in my context.

3.2.2 Promotion

Personal selection is pivotal in Chinese politics. Political leaders wield more power

within their jurisdictions than their democratic counterparts, since there is neither

formal separation of power within the party nor opposition outside the party. On the

other hand, these leaders respond to authority at the upper level that controls the

personnel choices and resources, making cadres similar to bureaucrats.

Personnel selection in China is overseen by the superiors. The career prospects

of the cadres are largely decided by the personnel branch and chief leaders at one

level above. Take city leaders for example, both their appointments and promotions

to the next rank (vice-provincial level) are decided by a group of 5 or 10 provincial

leaders. Among them, the provincial party chief would have the greatest power,

followed by the governor (second-in-command) and the head of the organization,

3This step is lexicographical, with order decided mainly by earlier strokes.
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while other leaders also weigh in on the decision. While the promotion is supposed to

be a collective decision, the exact process of negotiation and preference aggregation

of all these agents is out of the scope of this chapter, and I will focus on how each

decision maker forms a preference on the candidates.

Cadres are usually promoted step by step along the career ladder. Almost all

cadres start their political career at a lower rank. Later in their career, county leaders

are promoted to city leaders, and provincial leaders compete for the post of central

leaders. Each step is highly competitive, as promotion leads to more political power,

and is the prominent incentive for cadres. Key factors influencing promotions include

performance, ability, personal ties with superiors, age, and seniority.

Cadres are usually promoted locally from subordinate jurisdictions. However,

there is also a rotation system transferring cadres across jurisdictions or branches

of government with the goal of training the cadres and preventing local entrenched

interest. From the data, roughly 60% of the appointments of city leaders are from

subordinate jurisdictions. While central leaders have fixed terms for their positions in

a government branch or party committees, promotions at lower levels could happen

all year round. No fixed terms or clear term limits are imposed on local leaders, and

the tenure in a given post usually varies between 2 to 5 years.

3.2.3 Challenges for the decision makers

The promotion is a high-stake decision for the decision-makers, as it means picking

colleagues to work with and recruiting protegees loyal to them (Jiang, 2018). The

decision is supposed to be preceded by a series of assessments and evaluations of the

personnel branch, which would reduce the informational friction. Nevertheless, the

bias exists despite these high-powered incentives.

One explanation is that the selection is intrinsically difficult. Although superiors

and subordinates may interact a lot at the workplace, personnel changes and transfers
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across jurisdictions at both levels can create a temporary lack of information that

superiors have on (some) subordinates.

In addition, choosing from many candidates is a demanding task. There might

be simply too many eligible subordinates to get familiar with for the superiors. For

example, the province of Guangdong has 21 prefectural jurisdictions and over 100

candidates for vice-provincial positions. And a county government oversees the pro-

motion of 100-200 lower level cadres (Qiang, 2019). In both cases, it is not possible

for the decision makers in charge of promotion to know all the candidates well.

Last, the cadres are less distinct from each other in policy preference than in

candidates in democracy, and they fiercely compete with each other. A tournament

with many candidates leads to multiple close finalists for the opening. As the selection

increases in complexity, a superior may rely more heavily on simplifying decision

heuristics just like voters do (Lau and Redlawsk, 2006, 2001).

3.3 Descriptive Evidence

3.3.1 Methodology

The section examines the advantage in political selection brought by simpler surnames

by comparing the name (stroke) distributions among the political and social elites. To

do so, I first collect rosters of political elites in China at different ranks. At the central

level, I examine the top leadership bodies within the CCP, including the Politburo,

the Central Committee, and its nominal electorate, national party representatives.

At the local level, I focus on two top positions, the party chief and government head

(e.g. governor or mayor), who I will refer to as city (or county) leaders. For frontline

cadres, the comprehensive roster is not available. Therefore, I turn to the rosters of

commended frontline cadres and commended party members as the closest proxy. I

collected and compiled rosters of cadres in office between 1990-2020. This period is
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chosen for data availability and also for it being a relatively stable period of Chinese

politics.

The tenure of central leaders consists of specific terms (sessions). Members from

all sessions within the sample period are pooled without excluding the cases when a

member served more than one term. By counting a veteran leader multiple times,

their extended political influence at the top level is accounted for in the distribution

of surnames. For local leaders, the tenure doesn’t follow a fixed term structure, and

the length varies greatly. Also, a brief tenure could indicate either quick retirement or

promotion, so the length is not clearly associated with more or less political influence.

Therefore, their length of tenure is not used as a weight in calculating the distribution

of surname strokes. See Table 3.1 for the sources and description of all rosters used

in this chapter.

Some groups of social or political elites are examined as control groups. First, I

collected the rosters of Chinese People’s Political Consultative Conference (CPPCC),

a political advisory body. CPPCC members are mostly social elites and representa-

tives in each sector invited by the CCP to advise on political, economic, and social

issues. Selected primarily for their expertise and achievement outside the political

arena, these individuals do not spend years competing for career advancement. How-

ever, some members have participated in public service before or have close ties to

the government. Therefore, these CPPCC members could serve as a control group,

consisting of elites capable of participating in top-level politics but do not benefit

from surname order.4

For additional control groups, I collect the roster of top scientists (academicians)

from the Chinese Academy of Sciences and Chinese Academy of Engineering, and the

4I excluded CPPCC members that belong to the group of the Chinese Communist Party but kept
party members in other groups. The remaining members include representatives of minor political
parties, ethnic minorities, and representatives of various sectors like scientists, academics, writers,
artists, and entrepreneurs.
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top entrepreneurs from Hurun Report. The distribution of surnames in the general

population comes from 2010 household registration data.5

I exclude names with four characters or above to exclude (1) non-Chinese names,

mostly Chinese transcription of names in Mongolian, Tibetan, and Uighur, and (2)

compound surnames and surnames of two characters.6 The transcription of ethnic

minority names often consist of several Chinese characters, and cadres with salient

ethnic names are likely to be treated differently in promotion. Due to grass ceiling and

race quota, the proportion of ethnic minority cadres should vary across the political

ranks and therefore affects the surname distribution through composition change.78

Also, the results presented below are robust to this exclusion based on the name

length.

3.3.2 Discussions on the empirical distributions

Figure 3�3 compares the cumulative distribution function (CDF) of surname strokes

in the general population and among 6643 national party representatives between

2007 and 2017. We can see surnames with fewer strokes are overrepresented among

cadres. The discrepancy between the two CDFs is driven by the surnames with

the fewest strokes. The cumulative probability at five strokes is 19.42% among the

representatives compared to 16.75% in the population, a large discrepancy in terms

of proportion.

Figure 3�4 compares the mean of surname strokes and their confidence intervals

5Based on 400 most common surnames. Surname distribution is likely to be highly stable across
decades.

6I keep three-characters names of someone belonging to ethnic minority groups, for these names
are predominantly standard Chinese names or conform to the naming convention in Mandarin Chi-
nese.

7For example, the governors in Xinjiang and Tibet are reserved for the local ethnic group whose
ethnicity is salient in names. But not for other regions or other ethnic minority groups.

8I can not always tell if someone belongs to an ethnic minority group if he has a mainstream
Chinese name, but this is less of an issue. While preferential treatment may also exist for ethnic
minority cadres with non-distinctive names, these cadres seldom represent ethnic-speci�c interests.
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across a series of groups. From left to right, I list central leaders, local leaders,

other political elites, and social elites. The dashed line indicates the population

mean.9 Importantly, the overrepresentation of simpler surnames is more pronounced

at higher levels, indicating that the advantage accumulates along the career ladder.

Conversely, there is no such overrepresentation among other groups of social elites

where surname strokes are irrelevant to their success. The mean surname strokes of

the top advisory body and frontline cadres are also not statistically different from the

general population, as the members do not or have not come through multiple rounds

of political selection to attain the current position.

When zooming in on the distribution of the surname strokes in Figure 3�5, it is

clear that the simplest surnames are driving the discrepancy. Specifically, the pro-

portion of members with four or fewer strokes increases monotonously with the rank.

Moreover, cadres with the 17% most complex names are seemingly underrepresented

among high-ranking cadres.

These patterns suggest that the name order effect does not come from some generic

social capital associated with both names and career achievement. Also, the region-

ality of surnames alone is unlikely to cause these patterns, given that the rosters are

either at the national level or cover all lower-level jurisdictions. However, it is still

possible for surname strokes to correlate with political resources, which I will discuss

in the subsequent sections.

The mean difference in number of surname strokes between members of the Cen-

tral Committee and the general population is around 0.2. This gap implies a sizable

impact on the composition of surnames: for every 20 members of the Central Com-

mittee, someone named Wáng (4 strokes, fewest 15% among population) takes the

place of someone named Ĺın (8 strokes, close to the population average).

9Population mean calculated based on the data for 400 common names, which accounts for 96.9%
of the population. The missing data on rare names may slightly bias down the mean in the general
population since rare names are likely to be more complex in writing.
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3.4 Empirical Analysis

3.4.1 Data and Summary Statistics

The descriptive evidence suggests but does not causally identify the name order ef-

fect, and this section is a step toward this goal. Using biography data, I examine

the promotion of city leaders to the provincial level, and how it is affected by the

advantage of names appearing early on a roster.

I use the China Political Elite Database by Jiang (2018), which provides a leader-

year panel of the career trajectory of city leaders from 2000 to 2015. A cadre is

included in the dataset if he has ever served as a mayor, a city party chief, or a

major provincial leader. I focus on their career spells at the prefecture/bureau level,

mainly the mayors and city party chiefs. Promotion is defined as formally ascending

to the rank of vice-provincial level (e.g. vice governor). Before they get promoted,

the provincial bureau head is a possible step at the current level. A cadre enters my

sample in the year he becomes a city leader and leaves the sample after promotion

or retirement. As in the previous section, cadres with four or more strokes in their

surnames are excluded from the sample.

As shown in Table 3.2, most city leaders started as mayor, but 19% of them

started in the slightly more advanced position of city party chief in my sample. The

annual promotion rate to the vice-provincial level is 4%, or 2.5% when excluding

vice-provincial positions that lack significant power.

Table 3.3 presents a balance table, comparing the names appearing early versus

the others. Cadres with simpler names are more likely to belong to an ethnic mi-

nority, less likely to have a college degree, and slightly less likely to be a party chief

when starting as a city leader. Overall, the differences between the two groups are

moderate. If we ignore how fast the cadres are promoted for now, those with simpler

names are promoted to the vice-provincial level at a similar probability despite minor
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disadvantages in education and starting positions.

3.4.2 Specification

Promotedit = �1 � 1(NameOrderedF irst)ipt + Xit� + �p + 
t + "

In Equation 1, i stands for individual, p for province, t for years. Promoted is

a binary outcome variable indicating whether a city leader advanced to the vice-

provincial level after the end of the year. Each observation corresponds to a cadre

in a given year at the rank of city leaders, including its equivalent in other govern-

ment branches. This specification captures both the probability of being eventually

promoted and how fast the promotion comes.

NameOrderedFirst is the variable of interest that indicates a name appears early in

a roster. The first definition of it is whether the surname has no more than n strokes.

The second definition is based on the predicted position of a name among potential

candidates. Specifically, I sort the names of all observed city leaders in a province in

a given year by the surname stroke order, and then generate dummy variables based

on this predicted name order. The first 15% of names on these predicted lists is the

preferred threshold, as suggested by the discrepancy in empirical distribution. To

ensure the quality of the measurement, province-year-rank cells with less than ten

cadres are dropped from the sample. In some of the specifications, I also incorporate

its counterpart for a name appearing among the last in a roster.

The quasi-candidate pool for an open position deviates from the actual candidate

lists in two ways. First, not every city-level cadre is eligible for promotion due to a

lack of seniority or other reasons. Second, an open position may be filled by cadres

outside of the quasi-candidates pool via transfers across provinces.

Despite its limitations, using the predicted candidate pool to measure the name

order effect is still preferred, as it is more informative than examining surname strokes
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itself. First, it captures not only the first-order variation driven by the number of

strokes but also the second-order variation of the “alphabetical” part of the ordering

method. Second, it captures the relative standing in local competitions. For example,

many people are named Ma (3 strokes) in Ningxia Province. In this case, the surname

Wang (4 strokes) does not necessarily appear among the top of a list as it does

elsewhere. More importantly, this construction replicates real-world administrative

practice to some extent. Personnel branches in the government indeed keep a leading

cadre reserve list from which cadres are selected to fill vacancies in leadership positions

(Zhong, 2015).

I control for individual-level covariates related to promotion, including age and

its squared term, college education, ethnicity, gender, years at the current post, and

political connection. Following Jiang (2018), political connection is defined as having

ever been promoted by a superior who is currently a Politburo member in a given year.

Since serving as the provincial bureau head is a possible step before the promotion,

I do not incorporate conventional performance measures like local GDP here.

The career trajectory spell is subject to censoring: left-censoring if individuals

became city leaders before 2000, and right-censoring if they remained in office at the

city level as of 2015. Left-censoring is particularly problematic as it distorts measures

of tenure at a specific rank or position. To mitigate their impacts on the estimation,

I exclude potentially censored career spells of no more than three years, which are

most likely to be incompletely observed. Additionally, I either incorporate controls

for potential left censoring in the analysis or treat left-censored spell differently when

measuring the experience (years served as the rank of city leader).

Given that the predicted name ordered is constructed mainly at the province level,

it is natural to cluster the standard errors at this level. However, in some specifications

where only half of the provinces are used in estimation, the issue of too few clusters
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arises. Therefore, I cluster the standard errors at the province-year level.10

3.4.3 Results

Table 3.4 presents the baseline results. I test sets of different controls and fixed

effects across the columns. The advantage derived from names appearing first is

around 0.6pp, or 15% of the mean probability of promotion each year. There seems

to be a similar effect for being listed at the end of a roster. Although the precision of

estimation is limited here, the effects are sizable. For comparison, previous research

suggests that a 1pp increase in economic growth leads to a 0.28-0.42pp increase in

promotion probability among city leaders (Chen et al., 2018; Yao and Zhang, 2015;

Chen and Kung, 2019).11

There are three hypotheses regarding heuristics related to name order effect. Sat-

isficing theory predicts that decision makers select the first acceptable candidate(s) to

appear when sifting through a list and skip considering subsequent candidates once

openings are filled. Alternatively, if the decision maker is not fully attentive or has

an imperfect memory when contemplating the options, the name order could lead to

a primacy effect or recency effect.

The primacy effect suggests an advantage for names listed at the top of a roster,

while the recency effect advocates for also examining the effect of names appearing

at the bottom. Similarly, the satisficing theory also favors names appearing first,

but it may differ in terms of the range of the effect. Satisficing behavior tends to be

disadvantageous to names listed far away from the top. This effect depends on the

proportion of vacancies to candidates—more vacancies may diminish the disadvantage

for names further down the list. Most papers on ballot order find a positive effect

10I plan to apply the wild-bootstrap technique and cluster at the province level to ensure the
reliability of the inference.

11This is likely the upper bound of the meritocracy e�ect as the literature has been challenged
empirically by a couple of researchers (Wiebe, 2024).
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of being listed first on votes received (Blom-Hansen et al., 2016), while Söderlund

et al. (2021) find that candidates listed at both the beginning and the end receive an

advantage over candidates listed in the middle.

In Table 3.6, I tested various cutoffs when defining the variable of interest. In

line with the fact that the first 15% of surnames drives the gap in the cumulative

distribution of surname strokes, the name order effect peaked when the cutoff in

defining the variable of interest is set at the first 15%. This result best aligns with

the primacy effect hypothesis which predicts a large effect on a small number of names

listed first.

3.4.4 Heterogeneity in length of candidate list

Previous research has found that the ballot order effect is larger when voters have

less information about the candidates, as is typical in primary elections, or feel more

ambivalent, as often occurs in non-partisan races (Kim et al., 2015). Söderlund et al.

(2021) found the ballot position effect intensifies when the number of candidates on

the party list increases, the candidates-to-seats ratio increases, and the number of

incumbents on the list decreases.

Building on these insights, I explore whether having more (potential) candidates

in a promotion race would amplify the name order effect. Provinces with more juris-

dictions have more mayors and city party chiefs as candidates for a provincial post,

which is likely to increase the cognitive burden for decision-makers due to an increased

number of candidates to consider and an increased likelihood of having closer finalists

to decide between.

In Figure 3�6, I follow the specification of the last column in the baseline and add

the interaction terms of predicted name position and a categorical variable indicating

that the province has large, medium, or small numbers of jurisdictions. The reference

group is the middle 70% of names on the quasi-candidate list. The coefficient plot
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shows that the name order effect is mainly driven by larger provinces. Although

I don’t have the statistical power to assert that these coefficients differ from each

other, the results provided evidence that simple names in larger jurisdictions bring

more substantial advantages. Table 3.7 presents the results using data from fifteen

provinces that have more jurisdictions, the effect of being the first 15% names almost

doubles compared to baseline specifications.

3.4.5 Alternative promotion definition

The above results are largely robust to alternative definitions of promotion. In the

baseline specification, promotion is defined as reaching the vice-provincial level with-

out taking into account the actual power attached to each post. However, 32% of such

promotions lead to sinecure positions rewarded to senior cadres close to retirement

age.12 To account for the variation in the actual power associated with promotions, I

employ an alternative definition of promotion by treating all promotions to sinecure

posts as retirement. Under this definition, name order effects are still found in the

subsample of the 15 largest provinces, as shown in Table 3.8. The name order effect

is somewhat attenuated if incorporating all provinces. This suggests either that the

name order effect is less relevant in high-stakes contests, or that it is easier for the

decision makers to identify the top candidate than to distinguish between second or

third choices.

Both definitions of promotion are valid, as the focus of this study is the career

advantage brought by name order rather than who is holding power at what time.

Promoted to a sinecure position at the vice-provincial level toward the end of one’s

career is still preferred to immediate retirement or getting a sinecure position without

12Such sinecure positions include the vice chair of the provincial People’s Congress and People’s
Political Consultative Conference. There are two trajectories for a cadre to retire, either to retire im-
mediately or to transfer to sinecure positions with no substantial power for several before retirement.
The second path sometimes starts with a nominal promotion.
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nominal promotion. Awarded with a sinecure position at a higher rank reflects an

advantage over one’s competitors, including seniority at the current rank or having

been governing more important jurisdictions.

3.4.6 Promotion of Mayors

To explore the heterogeneity across different stages of the career ladder, I zoom in

on a sub-step in the race toward the vice-provincial level, the promotion of mayors.

While mayors and city party chiefs are nominally of the same rank, the mayor holds

less authority as it is the second-in-command in a city. Also, serving as a mayor is

usually a step before a cadre becomes a city party chief. Therefore, advancement

from mayor to city party chief is also viewed as a promotion. The outcome variable

Promoted now indicates whether a mayor becomes a party chief or reaches the vice-

provincial level in rare cases. As I am focusing on the career spell of mayors only,

local GDP growth is included to control for economic performance.

Table 3.9 shows that name order effect is more pronounced in the promotion of

mayors. Names listed among the first 15% leads to a 3.3-3.7pp increase in promotion

probability, equivalent to 22% of the mean of the outcome. I found similar results

when using another dataset on mayors’ promotion from (Wiebe, 2020), which covers

a longer period of 1998-2017. Again, the effect is greater among 15 provinces with

more jurisdictions, leading to an advantage of 5pp increase in promotion probability,

or around 30% of the mean promotion probability. Furthermore, the inclusion of

GDP growth as a control variable does not significantly alter the estimated name

order effect.

In Column (5), together with surname strokes category dummies, I include an

indicator for surname starting with a horizontal stroke, a characteristic in the writing

which leads to an earlier position within the same number of surname strokes. This

measure of name order is arguably more exogenous than the number of surname
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strokes and brings a 3pp increase in promotion probability. In Figure 3�7, I replace

the variable of interest with dummies indication position deciles. The name order

effect is most pronounced in the first decile and followed by the second decile, which

suggests that the effect is not attributable to polynomial trends of surname strokes.

There are several explanations for a larger name order effect in mayors’ promotion.

First, while both the party chiefs and mayors are considered for party chief openings,

provincial level openings are primarily for party chiefs to compete. This distinction

means that the actual candidate pool in the mayor’s promotion is larger and my

construction of the name order is more realistic when compared with the promotion

of city leaders. More importantly, as newcomers at the formal rank of prefectural

level, mayors are less familiar to their provincial superiors, increasing the likelihood

that heuristics influence promotion decisions. In contrast, little name order effect is

found when examining the promotion of the party chiefs to the provincial level.

3.4.7 Size of the effect

The size of the effect estimated above exceeds what the empirical distributions in the

previous section imply. If we assume that the name order advantage stays constant

and favors only the simplest 15% surnames throughout the career ladder. A back-

of-envelope calculation based on the empirical distribution suggests a 20% vs. 19%

probability of promotion to the next rank every 6 years, while the regression results

suggest a differential of 21% vs. 18.5% every 5 years.

One explanation for this seeming discrepancy is that the coefficient on name or-

der captures advantages accumulated in the past when controlling for characteristics

like age, rather than the advantage received during the tenure as a city leader. For

example, if cadres with simpler surnames reached city leaders at a younger age and

with less college education, by controlling for individual characteristics, the coeffi-

cient of interest would inflated by capturing the fact that these cadres are promoted
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eventually despite the relatively young age or fewer credentials. Another possibility

is that the name order affects decision making only when the candidate pool is large

enough, and the promotion of city leaders happens to involve more candidates than

in other steps along the career ladder.

3.5 Discussion

3.5.1 Mechanisms

This section delves into the mechanisms underpinning the name order effect, dis-

cussing the influences rooted in formal procedural practices and those arising from

behavioral biases in decision-making. Although no formal tests have been conducted

to distinguish these channels, descriptive and anecdotal evidence are provided to

evaluate their relative importance.

Biases in formal procedure

The first formal mechanism is member substitution (Dibu) within party leadership

committees. As the leadership bodies at each level of government, the committees

consist of full members and alternate members. The alternate members are designated

to fill in the vacancy left by outgoing members during their terms due to death

or prosecution. Both the alternate and full members can voice opinions during a

committee meeting, but only full members are empowered with voting rights for

major decisions.

Substitution order typically adheres to the name order on the roster, which pri-

marily depends on internal votes received at the time of the election, with surname

strokes used as a tie-breaker. The actual ordering of the rosters of the Alternate

Central Committee (ACC) members suggests that many appear to receive the same

votes. This leads to a higher chance for an alternate member with simpler surnames
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to become a full member, and become sooner. Figure 3�8 provides an example of the

18th session of the central committee, which experienced an unusually high number

of substitutions due to the anti-corruption campaign. The members in the group

who received the second highest votes illustrate the opportunity disparity driven by

name order. Within that group, only members with simpler names got the limited

opportunity to fill a vacancy and gain additional power and influence.

There are 46 substitutions in the Central Committee between 1987 to 2017. Fig-

ure 3�10 compares the distribution of surname strokes between ACC members who

filled a vacancy and those who did not, and those who did tend to have much simpler

surnames.

The second channel is name exposure. When referring to a group of party cadres, it

is common practice to list only the name of the first cadre (of the highest rank). This

is similar to what happens in academia: referring to multiple authors by the first

author followed by et al.. Figure 3�9 provides an example of a formal government

notice where the cadre Tang is the sole name mentioned, for he has the simplest

surname among his peers. This practice leads to an increased exposure for cadres with

simpler surnames in official announcements and documents, particularly in headlines,

thereby enhancing their visibility to superiors.

Despite the potential to quantify these mechanisms, their overall contribution to

the name order effect might be limited. Less than 8% of Central Committee members

attain their positions through substitution. While this number could be larger at the

provincial or city level party committee due to more frequent transfers, it remains

insufficient to solely account for the name order effect. The name exposure effect is

more difficult to evaluate as it is likely to occur outside the immediate context of

promotion decisions.
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Institutional Channels for Behavioral Bias

Previous research on the ballot order effect highlights behavioral biases and cognitive

fatigue as major driving forces. Similarly, selecting from a long list of cadres who

compete fiercely is a cognitively demanding task.13 In addition, frequent personnel

changes limit the information that the superiors have on the candidates, making it

more difficult to tell whether a subordinate is capable or a good fit. Therefore, limited

attention and cognitive fatigue are likely to be the primary causes of the name order

effect.

The name order effect may even be partially attributed to the classical ballot order

effect during internal voting. Todd and Trinh (2021) documented a ballot order effect

in local legislature elections in China, where the names of candidates are ordered by

the surname stroke as in formal rosters of party cadres (See Figure 3�11). While

the low-stake nature of this election may inflate the ballot order effect, their findings

still serve as a proof-of-concept that the ordering practice based on surname strokes

indeed leads to behavior bias in real-world settings.

Internal voting nominally plays a significant role in China’s political election, with

both the Central Committee and the Politburo elected by an elite group of party

members. However, the extent to which voting truly matters is uncertain. Given

the importance of personnel decisions and the discretionary power of higher-ranking

officials, it is expected that internal voting plays a limited role at most.14

Name order may also affect daily interactions in the bureaucratic system. For

example, to assign an important task, a superior requests a shortlist of eligible cadres

from his staff. Lacking detailed knowledge about these candidates, he inattentively

13It may also entail strenuous negotiation among decision makers
14Chinese(Kanji) writing can a�ect political selection through a di�erent channel. Muraoka (2021)

�nds that candidates with complex names receive fewer votes in Japan for being hard to write down
on a ballot for the voters. Name writing on a ballot may happen when the candidate pool is large
and the preferred candidate is not listed on the ballot. However, this channel is not likely to be
crucial.
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selects the first one on the list. Upon accomplishing the task, the junior cadre briefed

the superior and left him with a good impression. In this way, the career advantage

of having simple surnames unfolds even before the promotion process.

Misperception

Another source of behavioral bias is misperception. As a highly hierarchical organiza-

tion, the communist party often ordered cadres’ names primarily by rank or seniority

and then by surname strokes as the tie-breaker. For example, among the top leaders

of the central or local leadership body, the party chief is ordered first, then by the

head of government, followed by others.15 Cadres familiar with this implication may

internalize it by associating names listed first with greater political clout, and thus

mistake the relative position of names within the same rank for power.

A different form of misperception arises from a more primitive mental process.

Studies in psychology find that people implicitly associate “up” with “good” and

“down” with “bad”(Meier and Robinson, 2004; Elizabeth Crawford et al., 2006).

Similarly, decision-makers in promotion may unconsciously associate physical upper

positions on the roster with individual merit. The linguistic and cultural association

between these two is even more salient in China, making this pure position effect

more plausible.

These misperceptions may also benefit cadres before the promotion tournament.

When cadres decide whom to approach and build connections with at an assembly,

they may prioritize those listed at the top of the roster, bringing cadres with simpler

surnames and more political resources.

15Also, among deputies, the �rst (executive) deputy is ranked higher and ordered �rst. Provincial
standing members of the same rank are ordered by seniority.
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3.5.2 Alternative Explanations

In-group bias can bring advantages to cadres having common surnames. If superiors

unintentionally favor the subordinates who share their surname, someone with a

common surname is more likely to encounter a superior who shares the same surname

and gain an edge. Since Wang comprises 7.1% of the population and only has four

strokes, it is possible that cadres named Wang potentially capture this in-group bias

effect and contaminate the estimation of the name order effect.

However, according to the empirical distributions, other common surnames with

more strokes, like Li and Zhang, are not overrepresented among cadres like Wang

is. As a robustness check, I control for name popularity by a linear term or a set

of dummies indicating the most common surnames. Controlling for name popularity

measures in the main specification reduces the name order effect but only moderately,

and it has little impact on the results in the sample of mayors.16

Surname characteristics correlate with place of origin. Controlling for the birth

province of cadres somewhat attenuates the name order effect. Political dynasty is

another concern, as it can both associated with surnames and career prospects. It is

true that, at the county level or below, some families have huge clout in local politics.

But this is less common at the city level or above. Common surnames with the fewest

strokes, such as Ding, Yu, and Ma, are not linked to prominent political families. And

cadres named Deng or Wang rarely have direct connections with prominent former

leaders who share the surname (e.g. Deng Xiaoping or Wang Zheng).

3.6 Conclusion

This chapter documents a name order effect in cadre’s promotion in China that is

akin to the ballot order effect in democracy. It shows such bias is universal in political

16Another caveat is that the surname Wang alone is driving the name order e�ects due to idiosyn-
cratic traits, which is harder to test formally.
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selection and not unique to the setting of voting. It also sheds light on the opaque

decision process of promotion inside the CCP.

The name order effect is sizable and consequential. Although I have yet to pro-

vide evidence on how this could affect actual governance, two downsides are almost

unavoidable. First, surnames are correlated with regionality. An overrepresentation

of simpler surnames may lead to an overrepresentation of cadres from certain places

of origin. Since politicians are known to have a hometown and in-group favoritism

(Hodler and Raschky, 2014; Dickens, 2018), the name order effect may lead to prefer-

ential resource allocation across regions or other social groups. Second, the advantage

brought by name order is unfair and undermines the narrative of meritocracy in Chi-

nese politics. If cadres with more complex surnames realize this disadvantage, it may

cause discontent and make public service less appealing to them.

The straightforward policy implication is to use a random order instead of the

surname order to break the tie, especially for rosters or candidate lists directly linked

to promotions. Alternatively, if we want to keep the convention of surname stroke

order, the rosters can alternate between ascending and descending order across years

or sessions of government bodies. The personnel branch in the government could also

stipulate rules to ensure equal attention for all cadres in the preliminary selection

process. When it comes to elections, randomizing name orders on each ballot may

cause confusion and raise the operational cost, but this is not a problem for political

selection in China, as there are much fewer decision makers involved. Applying an

alternative name ordering method should efficiently mitigate the bias while incurring

little cost.
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Figures and Tables

Table 3.1: Data Sources

Group Source Coverage
Politburo Open sources 1992-2022
Central Committee Open sources 1990-2020
City Leaders Jiang(2018) 2000-2015
County leaders Purchased from Data Agent 1990-2017
Political Consultative Conference Open sources 1998-2018
Commended frontline cadres Open sources 2001-2021
Surname distribution in population Chinese Fuxi Culture Research Association 2010

Huaxia Surname Origins Research Center.
Scientist Academicians of the Chinese Academy of Sciences 2023

Chinese Academy of Engineering
Enterprenuers Hurun Report 2023

Table 3.2: Summary Statisics

Variable Names Mean & Std.Dev
Promoted 0.039 (0.193)
Promoted(non-sinecure) 0.025 (0.157)
Strokes in Surname 7.691 (2.741)
Surname Strokes � 3 0.029 (0.169)
Surname Strokes � 4 0.133 (0.340)
Surname Strokes � 5 0.172 (0.377)
Female 0.039 (0.195)
Ethnic minority 0.105 (0.306)
Age 52.138 (5.046)
College education 0.855 (0.352)
Connection 0.329 (0.470)
Started as Party Chief 0.189 (0.391)
Started as Mayor 0.662 (0.473)
Right-censored 0.447 (0.497)
Left-censored 0.298 (0.457)
N 16,445
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Table 3.3: Balance Table

(1) (2) (3)
Variable Non-top Top15% Difference
Age 48.158 48.080 -0.078

(4.154) (4.251) (0.272)
Female 0.050 0.043 -0.007

(0.217) (0.203) (0.013)
College education 0.854 0.812 -0.042*

(0.353) (0.391) (0.022)
Ethnic minority 0.103 0.141 0.038**

(0.304) (0.349) (0.019)
Connection 0.242 0.217 -0.025

(0.429) (0.413) (0.027)
Start as Party Chief 0.201 0.174 -0.027

(0.401) (0.380) (0.025)
Start as Mayor 0.632 0.638 0.006

(0.482) (0.481) (0.030)
First Bureau 2,002.299 2,002.004 -0.295

(4.910) (5.308) (0.347)
Eventually promoted 0.312 0.319 0.008

(0.463) (0.467) (0.029)
Retired before 2015 0.305 0.306 0.001

(0.461) (0.462) (0.029)
Max Rank 2.158 2.166 0.008

(0.238) (0.253) (0.015)
Observations 1,695 304 1,999

Note. Time variant variables are measured in the �rst year ob-
served. First Bureau indicates the year being promoted to the
prefectural (city) level.
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Table 3.4: Baseline

Outcome: Promoted

(1) (2) (3) (4) (5)

Top 15 % 0.0036 0.0063 0.0061 0.0059 0.0059
(0.0044) (0.0047) (0.0047) (0.0047) (0.0047)

Bottom 15 % 0.0053 0.0064 0.0068 0.0064 0.0063
(0.0045) (0.0046) (0.0046) (0.0046) (0.0046)

Connection 0.0086� 0.0015 0.013��� 0.013���

(0.0046) (0.0045) (0.0043) (0.0042)

Start as Party Chief 0.016��� 0.021��� 0.027��� 0.027���

(0.0044) (0.0046) (0.0046) (0.0046)

Start at Provincial Post 0.019��� 0.025��� 0.025��� 0.025���

(0.0051) (0.0051) (0.0051) (0.0051)

Female 0.031��� 0.035��� 0.035��� 0.035���

(0.0099) (0.0098) (0.0097) (0.0097)

Ethnic minority 0.011� 0.0069 0.0040 0.0040
(0.0064) (0.0063) (0.0060) (0.0060)

Age 0.032��� 0.030��� 0.030��� 0.031���

(0.0035) (0.0041) (0.0041) (0.0042)

Age2 -0.00029��� -0.00031��� -0.00032��� -0.00033���

(0.000032) (0.000041) (0.000041) (0.000042)

College education 0.030��� 0.021��� 0.020��� 0.019���

(0.0040) (0.0040) (0.0039) (0.0039)

Left-censored 0.0054 -0.0032
(0.0043) (0.0059)

Tenure FE X X
Left-censored�Tenure FE X
Year FE X X
Province FE X X
Mean of Y 0.038 0.04 0.04 0.04 0.04
Number of Cadres 2043 1920 1920 1920 1920
Number of Obs. 15490 14821 14821 14821 14821

Note. Standard errors clustered at the province-year level. *, **, and *** indicate signi�cance at
the 10, 5, and 1% levels. Promotion is de�ned as formally ascending to the rank of vice-provincial
level. Connection is de�ned as having ever been promoted by a superior who is currently a Politburo
member in a given year. Three relevant positon types when starting at rank of city leader includes party
chiefs, mayors, and provincial bureau heads. The reference group for starting position is the mayors.
Left�censored indicates observing the cadres at the �rst year of the sample period and the career spell
being potentially left-censored. Tenure FEs are dummies indicating number of years a cadre has been
serving at the rank of a city leader.
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Table 3.5: Strokes as Variable of Interest

Outcome: Promoted

(1) (2) (3) (4) (5)

Surname Strokes � 3 0.0043
(0.0097)

Surname Strokes � 4 0.0073 0.0070
(0.0047) (0.0048)

Surname Strokes � 5 0.0043
(0.0042)

Surname Strokes � 6 -0.0007
(0.0035)

Surname Strokes � 12 0.0003
(0.0049)

1st stroke Heng 0.0011
(0.0032)

All controls & FEs X X X X X
Mean of Y 0.041 0.041 0.041 0.041 0.041
Number of Cadres 1976 1976 1976 1976 1976
Number of Obs. 15640 15640 15640 15640 15640

Note. Standard errors clustered at the province-year level. *, **, and *** indicate
signi�cance at the 10, 5, and 1% levels.
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Table 3.6: Estimated Location on a Candidate List

Outcome: Promoted

(1) (2) (3) (4) (5)

Top 10 % 0.0045
(0.0053)

Top 15 % 0.0067 0.0074�

(0.0045) (0.0045)

Top 20 % 0.0033
(0.0043)

Bottom 15 % 0.0042
(0.0044)

Top 5 Names 0.0083
(0.0051)

Bottom 5 Names 0.0090�

(0.0050)
All controls & FEs X X X X X
Mean of Y 0.04 0.04 0.04 0.04 0.04
Number of Cadres 1920 1920 1920 1920 1920
Number of Obs. 14818 14818 14818 14818 14818

Note. Standard errors clustered at the province-year level. *, **, and *** indicate
signi�cance at the 10, 5, and 1% levels. Prov-Year-Rank cells with less than 10 ppl
are dropped.
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Table 3.7: Esitmated with Provinces with More Jurisdictions

Outcome: Promoted

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

Top 10 % 0.0109
(0.0074)

Bottom 10 % 0.0060
(0.0070)

Top 15 % 0.0118��

(0.0059)

Bottom 15 % 0.0088
(0.0057)

Surname Strokes � 4 0.0129��

(0.0063)

Surname Strokes � 11 0.0059
(0.0060)

Surname Strokes � 5 0.0127��

(0.0056)

Surname Strokes � 10 0.0059
(0.0048)

All controls & FEs X X X X
Mean of Y 0.041 0.041 0.041 0.041
Number of Cadres 1143 1143 1143 1143
Number of Obs. 9082 9082 9082 9082

Note. Standard errors clustered at the province-year level. *, **, and ***
indicate signi�cance at the 10, 5, and 1% levels.
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Table 3.8: Alternative Promotion Definitions

Outcome: Promoted Promoted(Non-sinecure)

(1) (2) (3) (4) (5) (6)

Top 10 % 0.011 0.0100
(0.0074) (0.0066)

Bottom 10 % 0.0060 0.0038
(0.0070) (0.0058)

Top 15 % 0.012�� 0.0088�

(0.0059) (0.0050)

Bottom 15 % 0.0088 0.0045
(0.0057) (0.0047)

Top 20 % 0.0048 0.0006
(0.0056) (0.0042)

Bottom 20 % 0.0032 0.0016
(0.0052) (0.0044)

All controls & FEs X X X X X X
Mean of Y 0.041 0.041 0.041 0.026 0.026 0.026
Number of Cadres 1143 1143 1143 1143 1143 1143
Number of Obs. 9082 9082 9082 9082 9082 9082

Note. Standard errors clustered at the province-year level. *, **, and *** indicate signi�cance
at the 10, 5, and 1% levels.
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Table 3.9: Promotion of Mayors

Outcome: Promoted Promoted(15 Provinces)

(1) (2) (3) (4) (5)

Top 15 % 0.033�� 0.037�� 0.048�� 0.050��

(0.015) (0.018) (0.020) (0.023)

Bottom 15 % 0.015 0.029 0.020 0.020
(0.014) (0.018) (0.018) (0.022)

Relative GDP 0.0018 -0.0025 -0.0015
(0.0075) (0.0091) (0.0090)

Surname Strokes � 4 0.047�

(0.025)

Surname Strokes � 12 0.040
(0.025)

1st stroke Heng 0.028�

(0.016)
All controls & FEs X X X X X
Mean of Y 0.149 0.174 0.149 0.172 0.172
Number of Cadres 1360 952 805 662 662
Number of Obs. 4779 3314 2867 2338 2338

Note. Standard errors clustered at the province-year level. *, **, and *** indicate
signi�cance at the 10, 5, and 1% levels. The sample consists of the career spell of
mayors only. Promotion is de�ned as becoming a party chief or a provincial leader.
Variable 1st stroke Heng indicates the writing of the surnames start with a horizontal
stroke, making the cadres listed earlier among those who having the same number of
surname strokes
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Figure 3�1: Writing of Chinese Character: Wang

Figure 3�2: Example of Surname Stroke Order: Politburo
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Figure 3�3: CDF of surname strokes: CCP Rep. vs. Population

Figure 3�4: Mean Surname Strokes across Groups of Political and
Social Elites
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Figure 3�5: Distributions of the Surname Strokes

Figure 3�6: Heterogeneity in the Size of Candidate Pool
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Figure 3�7: Effect of Position Deciles: Mayors in 15 Provinces

Figure 3�8: Member Substitions for the 18th Central Committee

Note: Names in bold indicates alternative members who filled a vacancy
left by an outgoing full member. Surnames are underlined.
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Figure 3�9: Simpler Surnames Receive More Name Exposure

Figure 3�10: Simpler Surnames Lead to a Higher Substitution Prob-
ability
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Figure 3�11: Ballot of local NPC Election, from Todd & Trinh(WP)



Appendix A

Observational Data

A.1 Information Extraction using GPT

Workflow

- Pose clear questions and provide detailed instructions when designing the prompt

- Specify the desired output format

e.g. Ask for delimiters between answers in the output for easy parsing

- Run on a subset of data with a size of 30-60 observations, get responses from

API

- Manually create the validating data (the right answer)

- Extract key strings from API responses by regular expression, which is used for

generating variable (ChatGPT is good at crafting regular expressions.)

- Evaluate the response in terms of accuracy and ease of parsing, refine the prompt

iteratively

- Compare different models or versions for performance and cost-efficiency

e.g. GPT4 vs GPT3.5, or truncate long input vs. using longform-compatible

model

Generally, versions with more model parameters deliver superior results but can

also be slower and costlier.

- Evaluate the impact of inference parameters

1. Temperature (randomness across responses) setting to 0 is usually preferred

119
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unless you are “averaging” responses from several trials.

2. modify the model’s likelihood to talk about new topics or repeat old if

necessary

- Generating variables from extracted strings

- It may also be useful to produce a quality measure for the variables before:

1. flagging anomalies to be manually reviewed

2. defining missing value

Remark

- Multiple questions (or instructions) can be posed in one prompt, but the re-

sponses to each would be affected by the others. Asking more than ten questions

may compromise the response quality.

- When the target information is complex, it would be better to break the task

into several steps, asking multiple questions sequentially. 1

- Fine-tuning the GPT model became available on Aug 22, 2023, providing the

researchers another option in completing information-extracting tasks. It might

help reduce cost by shortening the prompt, as the model internalizes your goal

and metrics.

Example

Prompt:

Extract the following information based on the title and content of the article.

Print one answer each line. Do not repeat the questions. If unsure, you can answer

“not mentioned”. [List of questions here]

Title: [Title of the story here]

Content: [Content of the story here]

1This is similar in spirit to the magic keyword of \step-by-step" in prompt design.
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Sample parsed Response :

1. The patient has severe cranial trauma, brain hematoma, and contusion, and is in

critical condition. (Q1: What illness does the patient have?)

2. The patient’s family comes from Tianjiaweicun, Liangjiadian Town, Yutian County,

Tangshan, Hebei. (Q2: From which province and city does the patient’s family come?)

3. At least 60,000 yuan is required for emergency expenses and 30 days of ICU treat-

ment, as well as subsequent high rehabilitation treatment costs. (Q3: How much is

needed in total for medical treatment?)

4. The patient is the narrator’s younger brother. (Q4: What relation is the patient

to the narrator?)

5. The patient is 26 years old.

6. The patient’s gender is male.

7. The patient is pursuing a master’s degree at Xi’an University of Technology.

8. The narrator’s age is not mentioned.

9. The narrator’s gender is female.

10. It is not mentioned in the text which college the narrator attended.

11. It is not mentioned whether the person attending college has graduated.

12. It is not mentioned which year the person attending college is in.

13. The patient’s family comes from Tianjiaweicun, Liangjiadian Town, Yutian

County, Tangshan, Hebei.



122

A.2 Additional Figures and Tables

Figure B1: Validation of GPT’s rating on writing quality

Note: The sample includes 200 campaigns randomly drawn from the
main sample. Human Rating is a single overall rating on the writing
quality of the story, rated by a research assistant.
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Figure B2: Numerical Example of Donor’s Marginal Utility

Note. U = w � g + 2 � s
s+m (1 + vm) ln(g + 1) , s 2 f0:2; 0:8g, v 2 f2; 8g, marginal utility evaluated

at g = 0. g denotes the amount of donation, w � g denotes the consumption, s denotes the size of
the shock, v denotes the importance of merit in perceived recipients’ worthiness relative to that in
perceived recipients’ wealth, and m denotes recipients’ merit.
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Figure B3: Medical Crowdfunding Penetration by Local Clan Culture

Note: Binscatter plot with no controls. Dash lines denote a cubic polynomial �t. Samples include
all 110,000 campaigns with the recipient’s home province identi�ed. The density of ancestral shrines
is from China Family Panel Studies. Qschou has a higher penetration in prefectures where clan
culture is stronger, especially in Guangdong, Guangxi, and Fujian.

Table B1: Measure of Tie Strength(Within-donor)

(1) (2) (3) (4) (5)
Dona.Seq. DonorCommented Multi Dona. Mention Ties Ncampi

Rank 185.9��� -0.0044��� -0.00096��� -0.0012��� 0.0087���

(2.62) (0.00022) (0.00016) (0.00011) (0.0012)
Donor FE X X X X X
Adj. R-squared 0.10 0.11 0.014 0.047 0.29
Number of Obs. 664,218 664,218 664,218 664,218 664,218

Note. Dona.Seq. stands for the ordinal sequence of donation, a larger number means a later donation.
Multi Dona. indicates the repeat donor donated more than once to the same campaign Mention Ties
indicates that the comment (or its reply) to the donation contains words indicating strong social ties (e.g.
friend). Ncampi the observable ordinal donation sequence on the donors’ part, a larger number means a
later campaign the donor contributes to.
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Table B2: Variable List

CONTENT VARIABLE METHOD SOURCE
College string match, manual proofreading Text
Disease category HanLP named entity recognition, GPT3.5 Q&A Page, text
Fundraiser-patient relationship string match + HanLP coreference resolution, Text
Patient’s hometown province HanLP named entity recognition, GPT3.5 Q&A Text
Patient age Regex, GPT3.5 Q&A Text
Patient gender Regex, GPT3.5 Q&A Text
Medical expenses mentioned string match, + GPT3.5 Q&A Text
Graduation/ Employment status GPT3.5 Q&A Text
Fundraising target Page
Total amount raised Page

LANGUAGE VARIABLE
Positivity Xiezuomao writing editor Text
Emotion intensity Xiezuomao writing editor Text
Average word length HanLP Word Segmentation Text
Average sentence length Xiezuomao writing editor Text
Writing quality openai-GPT3.5 Q&A Text
Grammar mistake density openai-GPT4 Q&A, Xiezuomao editor Text
Topic coverage openai-GPT4 Q&A Text

Note. Disease category includes 37 categories of disease, uncommon diseases and cases with
multiple diseases are binned into separate categories. Graduation/ Employment status takes
three values: current student, soon-to-be or newly-minted. graduates without a job, graduates
with a job mentioned. Positivity measures positive sentiment of words Writing quality is the
sum of 4 subscores rated according to rubrics adapted from TOEFL writing. Topic coverage is
the proportion of words spent on each topic. Writing quality is the sum of 4 subscores rated
according to rubrics adapted from TOEFL writing. College and fundraiser-patient relationship
are proofread manually to ensure accuracy.
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Table B3: Fundraising for Oneself vs. By a Peer (Young Patient
Sample)

Dependent Variable: Donation Amount

(1) (2) (3) (4)
Full Sample Repeat donor Repeat donor Repeat donor

College Rank (per #100) 0.901��� 0.283��� 0.260�� 0.156
(0.177) (0.0841) (0.121) (0.120)

For Oneself � College Rank -0.0588 0.0466 0.228
(0.253) (0.141) (0.147)

Postgraduate 3.361��� 0.879� 0.886� 2.246���

(1.154) (0.526) (0.521) (0.718)

For Oneself � Postgraduate -1.927 -2.921���

(1.465) (0.824)

Expense (CNY 100K) 0.150 0.152�� 0.152�� 0.167�

(0.147) (0.0688) (0.0687) (0.0937)

For Oneself � Expense 0.470�� -0.0208
(0.197) (0.110)

For Oneself -2.568� -0.864�� -0.758 0.103
(1.559) (0.354) (0.535) (0.870)

Donor FEs No Yes Yes Yes

Basic Controls Yes Yes Yes Yes

Content Controls Yes Yes Yes Yes

Textual Controls Yes Yes Yes Yes
Adj. R-squared 0.036 0.55 0.55 0.55
Number of Obs. 2,294,122 193,657 193,657 193,657

Note. Sample: Campaigns for young patients with college mentioned. For Oneself in-
dicates the patient is fundraising for herself, as opposed to fundraised by another young
adult. The median donation amount is CNY 10. Basic controls include disease category,
home province, fundraiser-patient relationship, log GDP per capita of the province of the
college, and 30 quantiles of donation ordinal position. Content controls include patient
demographics, college major, graduation status, and campaigning behaviors. Donations
larger than CNY 300 and those with signs of strong ties are excluded. Textual controls
include text length, writing quality score, grammar error density, and coverage of content
aspects. Standard errors clustered at the campaign level *, **, and *** indicate signifi-
cance at the 10, 5, and 1% levels.
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Table B4: Students vs. Graduates

Dependent Variable: Donation Amount

(1) (2) (3) (4) (5) (6)
Young Young Young Senior Senior Senior

College Rank (per #100) 0.786��� 0.343��� 0.397��� 0.463��� 0.261��� 0.251���

(0.186) (0.103) (0.107) (0.106) (0.0515) (0.0522)

Graduated � College Rank 0.155 -0.121 -0.217 0.873��� -0.00844 0.0594
(0.262) (0.155) (0.155) (0.278) (0.118) (0.134)

Postgraduate 1.232 0.889� 0.137 3.400��� 0.288 0.500
(1.039) (0.534) (0.680) (0.879) (0.358) (0.407)

Graduated � Postgraduate 2.144 1.362 -3.096� -0.781
(1.477) (0.933) (1.633) (0.780)

Expense (CNY 100K) 0.381�� 0.176�� 0.142� 0.434��� 0.0656 0.0824
(0.148) (0.0722) (0.0778) (0.143) (0.0572) (0.0607)

Graduated � Expense 0.00945 0.0550 -0.676�� -0.0885
(0.200) (0.120) (0.296) (0.134)

Graduated 3.694�� 0.428 -0.378 13.05��� 1.229�� 1.764��

(1.631) (0.580) (0.960) (1.872) (0.600) (0.834)

Donor FEs No Yes Yes No Yes Yes

Basic Controls Yes Yes Yes Yes Yes Yes

Content Controls Yes Yes Yes Yes Yes Yes

Textual Controls Yes Yes Yes Yes Yes Yes
Adj. R-squared 0.036 0.55 0.55 0.029 0.53 0.53
Number of Obs. 2,227,146 184,636 184,636 1,792,275 137,392 137,392

Note. Sample: Campaigns for young patients with patient’s college mentioned or campaigns
for senior patients with fundraiser’s college mentioned. The median donation amount is CNY
10. Basic controls include disease category, home province, fundraiser-patient relationship,
log GDP per capita of the province of the college, and 30 quantiles of donation ordinal
position. Content controls include patient demographics, college major, graduation status,
and campaigning behaviors. Donations larger than CNY 300 and those with signs of strong
ties are excluded. Textual controls include text length, writing quality score, grammar error
density, and coverage of content aspects. Standard errors are clustered at the campaign level.
*, **, and *** indicate significance at the 10, 5, and 1% levels.



Appendix B

Survey Experiment

B.1 Constructing the Vignettes

I construct the vignettes in the following steps:

- Candidate stories are randomly selected from real-world fundraising stories on

Qschou.

- Excluded stories that are too long, too complicated, not simultaneously compat-

ible with high/ low-ranked colleges, and cases with obvious factual mistakes

- Summarized by ChatGPT to 250-400 Chinese characters (120-200 words)

- Manually proofread the summary to

1) improve writing coherence,

2) correct factual mistakes and grammar errors in summarized text

3) delete repetitive or redundant information

4) Add back key information, i.e., medical condition, expenses college, job for

graduates, if omitted by ChatGPT

5) Adjust the wording of (expected or realized) expenses

- Exclude or modify the story if realism is compromised after randomization: un-

common major (e.g. veterinary), rare experience (e.g. studying abroad), medical

schools

- Anonymization: modify names with homophones without compromising gender

salience and delete personal information like address and cell phone number.
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- Picked 16 vignettes out of 40 candidates, with the goal of guaranteeing variation

in graduation/work status, gender, disease, and other aspects. This allows for

heterogeneity analysis and helps keep the respondent attentive

- Replace the university name and amount of expenses by randomization.

- Under the vignette, we ask respondents the following hypothetical question:

With CNY 20 in hand, how much do you want to donate to the patient above?

(You can keep the rest). The respondents report willingness to donate between

CNY 0-20 by scrolling a bar.

B.2 Response Quality Control

Sample Inclusion Restriction Various measures are taken to ensure data relia-

bility. I employed add-on services provided by the platform, including CAPTCHA

test and user identity confirmation. I also employed additional sample restrictions:

one response allowed per IP address, one response allowed within 10km, filtering out

respondents with low platform credit scores.

Attention Checks We designed two attention checks. The first attention check is

disguised as the ninth question of the survey. I embedded a one-sentence instruction in

the middle of the vignette, asking respondents to choose a specific donation amount.

If a respondent skims the text hastily, this embedded instruction would likely go

unnoticed. In the second attention check, I asked respondents about the age group of

the patients they were shown after the respondents finished reading all 16 vignettes.

Any responses that failed any one of the checks would be discarded.

Invalid Respondents Despite passing attention checks, some responses exhibit sus-

picious patterns like abnormal response similarity. This indicates the presence of

“bots” that submit responses generated or assisted by computer programs and “farm-

ers” who deploy server farms to circumvent the platform’s location restrictions and
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respond in bulk (Chmielewski & Kucker 2020). 1

Such validity concerns have become more pronounced on crowdsourcing platforms

after 2018. Researchers have evaluated response reliability on MTurk in recent years

(Rouse 2015, Michael & Kucker 2020).

Screening To address the validity issue, I screened the 950 received questionnaires for

fraudulent responses by the following procedure. I reviewed any sets of questionnaires

emerging from the same city within 5 minutes. A suspicious response would be

discarded if three of the four following criteria were met.

1. respondent located within proximity (1km) of the same area

2. Multiple questionnaires with Near-identical distributions of the intended dona-

tion. e.g. identical mode, minimum, and maximum

3. Multiple questionnaires with similar self-reported demographics, usually claim-

ing to be highly educated and have a high income, as these samples are rarer on

the platform, and the surveyor would be less likely to reject these responses.

4. Similarity in wording or nonsensical answer when reporting the top aspects af-

fecting the donation decisions

e.g. A: “They are young. The medical condition matters” B: “They are still

young. The medical condition matters”

e.g. “Natural Disaster Relief matters to me”

Additional Exclusion Criteria I exclude questionnaires that failed any one of two

additional criteria: 1) responses from individuals who spent less than 5 minutes or

more than 30 minutes on the survey, as completing the survey too fast or too slow,

indicate low quality (Woods et al. 2017) 2) responses with almost no variation in

1Interestingly, some of the text �lled in the survey question by identi�ed bot accounts exhibit a
style of generative AI like ChatGPT. A data scientist from Credamo acknowledges a small number
of users work in teams to make money by completing paid surveys.
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reporting willingness to donate (Namely, reporting the same donation amount for all

vignettes but one or two).

Out of 950 initial questionnaires received, 29% failed validity screening, 17% failed

attention checks, and 4% responses failed additional exclusion criteria, leaving us a

sample size of 475 respondents for wave 1.
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Söderlund, P., von Schoultz, Å., and Papageorgiou, A. (2021). Coping with com-
plexity: Ballot position effects in the finnish open-list proportional representation
system. Electoral Studies, 71:102330.

Todd, J. and Trinh, M. (2021). How dictators can have their cake and eat it too:
Ballot order manipulation in russia, vietnam, and china. working paper.



137

WHO (2017). Tracking universal health coverage: 2017 global monitoring report.

Wiebe, M. (2020). Essays in Chinese political economy. PhD thesis, University of
British Columbia.

Wiebe, M. (2024). Replicating the literature on prefecture-level meritocratic promo-
tion in china. Research & Politics, 11(1):20531680241229875.

Yao, Y. and Zhang, M. (2015). Subnational leaders and economic growth: Evidence
from chinese cities. Journal of Economic Growth, 20:405–436.

Zhong, Y. (2015). Local government and politics in China: Challenges from below.
Routledge.



138

CURRICULUM VITAE


