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Abstract

How do workers with disabilities perform in the same job as non-disabled work-
ers, and can Al-enabled technologies such as modern text-to-speech (TTS) narrow any
gaps? We examine the relative performance of deaf or hard-of-hearing (DHH) workers
on a major Chinese food-delivery platform, providing the first large-scale productivity
comparison of disabled and non-disabled workers, and we evaluate the effects of a T'TS
tool for DHH workers to call customers. Prior to the tool, DHH workers are slower and
receive worse customer ratings, but work more, quit less, and generate higher platform
profits. After the tool’s sudden introduction mid-sample, difference-in-differences esti-
mates show faster deliveries; substantially fewer bad customer ratings; and higher labor
supply, retention, and profits. The tool closes one-third of the disability hourly-pay

gap.
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Around the world, workers with a disability face challenges in the labor market (Baldwin
and Johnson, 2006; L’Horty et al., 2022). They have lower rates of employment and face sub-
stantial discrimination (Bellemare et al., 2023), and there are large fiscal costs from high use
of disability insurance (Autor and Duggan, 2003; Milligan, 2012). Challenges faced by dis-
abled workers! are especially acute in middle-income countries like China where government
social insurance is often less developed (Banerjee et al., 2024).

Unfortunately, relatively little is known about “what works” to improve outcomes for
disabled workers. A central policy to increase opportunity for disabled workers is civil
rights laws, a key example being the Americans with Disabilities Act (ADA). The ADA
prohibits discrimination against disabled workers and mandates firms to provide reasonable
accommodations. Similar laws exist in many countries. However, research indicates the
ADA decreased the employment of disabled workers, potentially due to increased costs or
legal risks for firms (Acemoglu and Angrist, 2001; DeLeire, 2000). Another common policy
in many countries (e.g., Austria, Brazil, China) is to impose quotas requiring larger firms
to employ a minimum share of workers with disabilities. However, firms may comply with
quotas by hiring disabled workers into lower-paid jobs (Szerman, 2022; Lalive et al., 2013).

Rather than imposing compliance costs through civil-rights enforcement or quotas, an
alternative is to make use of technologies that aim to directly raise disabled workers’ produc-
tivity, potentially increasing inclusion while aligning with firms’ incentives. While artificial
intelligence (Al) is often associated with large language models, advances in Al and machine
learning have also dramatically improved other technologies, such as text-to-speech (TTS),

that may help disabled workers. Our paper addresses two research questions:

1. In the same job, how do disabled workers compare to non-disabled workers in terms of

productivity, labor supply, output, wages, and profit for firms?

2. Can Al-enabled technologies, such as modern TTS, affect these outcomes for disabled

workers, and how?

To do so, we leverage a unique collaboration with a major food delivery platform in China
(hereafter, the “Platform”). The Platform offers an ideal setting for three reasons. First,
the Platform operates on an immense scale: it is one of the two dominant food-delivery apps
in China, directly engaging millions of active workers and completing hundreds of millions
of deliveries per month. Second, the Platform follows an open hiring policy: applicants who

meet basic criteria are accepted, with no differential standards for disabled workers (Ameri

"'While some use the person-first “worker with a disability,” many disability scholars prefer the identity-
first term “disabled worker” (Gernsbacher, 2017; Grech et al., 2024). We use both, but often the latter.
About 1 in 6 people worldwide have a significant disability (World Health Organization, 2023).



et al., 2018). Thus, disabled workers are employed under the same conditions as their non-
disabled counterparts, allowing for a cleaner comparison of on-the-job performance. Third,
work on such platforms is a key source of employment for disabled workers in China.

We focus on workers who are deaf or hard of hearing (DHH), who constitute the majority
of disabled workers on the Platform, and compare their outcomes to those of non-disabled
workers. People with different disabilities face different challenges and may be affected by
Al-enabled tools in different ways. Focusing on a single, common disability allows us to more
clearly examine the relevant challenges. Moreover, hearing impairment is a disability that
gig platforms around the world increasingly seek to accommodate, yet important challenges
remain—making our findings broadly relevant.?

Our analysis draws on a rich administrative dataset from the Platform (Section 1), cover-
ing all newly registered DHH workers and a random sample of newly registered non-disabled
workers over three years (2021-2023). The data allow us to compare workplace outcomes of
DHH workers to non-disabled workers on many dimensions. Productivity variables capture
both the quantity of work, such as speed at different stages of order fulfillment, and work
quality, as captured by customer ratings. The data also include labor supply variables on
both the intensive and extensive margins, as well as information pertaining to worker com-
pensation and Platform profits. In the middle of our observation period in mid 2022, the
Platform introduces a modern TTS feature called “Intelligent Outbound Calling” (IOC) to
help DHH workers communicate with customers. We refer to this feature interchangeably
as the “TTS tool” or simply the “tool.” We propose a simple conceptual framework about
differences in workplace outcomes between disabled and non-disabled workers, and about
how those differences are affected by technologies that raise disabled workers’ efficiency.

Prior to the new tool, DHH workers are slightly slower than non-disabled workers (Sec-
tion 2). This gap is especially pronounced in the final stage of order fulfillment—delivery
(i.e., leaving the restaurant to customer drop-off), which involves interaction with cus-
tomers—where DHH workers are 5% slower. DHH workers are substantially more likely
to experience “left tail” outcomes, with 9% more late deliveries and 31% more bad customer
ratings (though bad customer ratings are rare). Despite this, DHH workers have substan-
tially higher labor supply: they work 5% more hours per week and are 41% less likely to quit.
The higher labor supply of DHH workers more than offsets their small efficiency gap, with

DHH workers completing more orders per week and generating higher weekly profits for the

2About 8% of Chinese adults have moderate to severe hearing loss (Wang et al., 2025). China’s rate
is broadly in line with the World Health Organization (2025) global prevalence rate of 5% for disabling
hearing loss (i.e., hearing loss of more than 35 decibels). Chen et al. (2024b) report that there are nearly
100,000 registered DHH couriers in China. Rates of US hearing impairment vary, from 3.7% of all Americans
(Erickson et al., 2026) to 13% of US adults with some impairment (Madans et al., 2021).



Platform than non-disabled workers. However, because DHH workers work slower, receive
more bad ratings, and work more hours relative to income earned, they earn 10% less per
hour than non-disabled workers, broadly similar to disability wage gaps in other settings.
As detailed in Section 3, the IOC is a T'TS phone calling system: a DHH worker selects
a preset message or writes their own, and the tool places a phone call to the customer,
delivering the message in natural-sounding speech. Many DHH workers face challenges in
making regular phone calls, so before the IOC, their main channel was in-app messages, which
customers often overlook. TTS technology is not new, but pre-Al systems sound robotic and
are frequently confused for spam calls; Al makes calls sound natural, which is critical for
getting customers to listen to and act on the calls. The tool was rolled out suddenly to all
DHH workers, but to no other workers. We exploit this as a natural experiment to estimate,
via difference-in-differences (DiD), how the tool affects workplace outcomes for DHH workers.
The tool causes the performance of DHH workers to substantially improve. DHH work
speed improves, driven by faster completion of the trip segment involving customer commu-
nication, where they lagged the most previously. They also have far fewer late deliveries and
bad ratings, with the tool fully eliminating the pre-TTS gap in late deliveries and cutting
the gap in bad ratings by two-thirds. Orders increase, and so do hours and retention. These
improvements translate into higher profitability of DHH workers, with Platform gains far
larger than costs. The tool draws more DHH workers to the Platform, and it narrows the
disabled worker pay gap from 10% to under 7%, a decrease of one-third. Sufficient-statistic
welfare calculations imply that DHH workers gain the equivalent of 4-12% of pre-TTS earn-
ings, so the tool’s benefits are shared between the Platform and workers. While the tool
improves outcomes for DHH workers with non-profound (i.e., less severe) hearing loss, effects
are largest among those with profound hearing loss. Overall, the results support that the key
mechanism for effects is improved communication with customers, as opposed to alternatives
like increasing customer sympathy for DHH workers. We also tend to find larger gains for
DHH workers in stronger local labor markets, particularly on labor supply and total output.
This paper contributes to several literatures. Its primary contribution is to the economics
of disability. A large body of work studies the determinants and consequences of disability
insurance and other social safety programs for disabled workers (Bound and Burkhauser,
1999; Deshpande, 2016; Autor et al., 2019; Deshpande and Lockwood, 2022). There is also
work on disabled worker pay gaps (Forth and Jones, 2025), as well as estimating the impact
of civil rights laws and quotas for disabled workers, but relatively little is known about what

works in improving labor outcomes for disabled workers.®> An important exception is Bloom

Lise et al. (2023) find the ADA reduced employment for workers with work-related limitations but
increased it for those with non-work limitations. Derbyshire et al. (2024) survey the impact of employer-



et al. (2026), who find that the rise in work from home increased the employment of disabled
workers. Moreover, we are not aware of prior work in any academic field that compares
disabled and non-disabled workers on a large scale in terms of individual productivity data.*

Accommodations, broadly defined as workplace modifications for disabled workers by
employers, are a natural candidate for improving disabled worker outcomes. Unfortunately,
many workers who would seem to benefit from accommodation lack it (Hill et al., 2016;
Maestas et al., 2019). A central concern with accommodations is their cost (Acemoglu and
Angrist, 2001; Aizawa et al., 2025), and there is relatively little research measuring the
returns to particular accommodations (as we do). Al may alter the economics of accommo-
dation, as well as which activities can be accommodated. Traditional accommodations often
carry costs that scale with the number of workers or worksites (e.g., human helpers for com-
munication challenges, ramps for mobility challenges). In contrast, the tool we study required
only a modest one-time development cost: Al made the accommodation effective—producing
speech natural enough for customers to engage with—while the near-zero replication cost of
software let it reach every DHH worker on the Platform.> The tool paid for itself within
days, making accommodation profitable rather than merely mandated. To our knowledge,
we are the first to estimate the effects of a TTS accommodation on worker outcomes, and
the simple tool we study has the largest impact on closing the disability wage gap of any
intervention we are aware of.

Second, we contribute to work in personnel and organizational economics (Oyer and
Schaefer, 2011; Bloom and Van Reenen, 2011) on firm returns from disadvantaged workers,
a topic that has received relatively scant attention (Hoffman and Stanton, 2025). A recent
exception is Benson et al. (2024), who analyze productivity differences between white and
minority workers in a retail firm. There is also work on firm returns from engaging workers
with a criminal record (Minor et al., 2018). To our knowledge, we provide the first large-scale
analysis of the profitability of disabled workers for an organization or platform. Pre-TTS,
while DHH workers are less efficient than non-disabled workers, they are more profitable
overall. This highlights the importance of capturing a broad set of outcome variables in
evaluating disabled worker profitability. An analyst who focused only on efficiency vari-
ables, and ignored hours and retention, would draw mistaken conclusions about the relative

profitability of DHH workers, a point we return to in the Conclusion (Section 4).

focused interventions on disability employment.

4This reflects data constraints rather than lack of interest. Prior evidence generally uses surveys and
supervisor ratings, or uses small samples of administrative data. Appendix B reviews this literature and
discusses why such comparisons have not previously been feasible.

5As we discuss in the Conclusion, AI can enable numerous forms of potentially novel accommodations,
e.g., serving as “eyes” for blind or low-vision people by describing their surroundings—awareness that fixed
aids like braille markings cannot provide.



Third, we contribute to work on the economics of Al, especially the emerging discussion
about pro-worker Al (Acemoglu et al., 2026). Causal evidence on Al’s impact for disad-
vantaged groups is scarce. As surveyed by Fruits and Stout (2026), work examines how Al
affects outcomes for different types of workers, such as accountants (Choi and Xie, 2025)
or software engineers (Cui et al., 2025). In contrast, our study is the first to evaluate how
a targeted Al-enabled tool affects workplace outcomes for disabled workers. Acemoglu et
al. (2026) define pro-worker technologies, including Al, as those that “make human skills
and expertise more valuable by expanding worker capabilities” (see also Autor 2024). The
tool we study is a natural example because it enables DHH workers to communicate with
customers—a simple and inexpert task for non-disabled workers—thus allowing them to po-
tentially expand or improve their work. To our knowledge, our paper is the first to estimate
the impact of a specific pro-worker Al tool.® Our heterogeneous treatment effects suggest
that disability may critically differ from other dimensions of workplace inequality like lower

productivity or tenure, as effects vary by disability severity but not along those dimensions.

1 Context, Conceptual Framework, and Data

The Platform is one of the two leading companies in China’s massive online food-delivery
market. It operates similarly to US apps like Uber Eats or DoorDash but on a much larger
scale. Together, the two main Chinese platforms engage around 10 million delivery workers
at a time (Lin, 2025). The overall Chinese gig economy engages around 200 million workers,
larger than the entire US labor market (The Economist, 2025).

Delivery workers on the Platform use motorbikes or e-bikes to transport food, groceries,
and other items from restaurants, convenience stores, and pharmacies to customers. The
Platform is available nationwide, with a higher concentration of workers in urban and eastern

regions of China where food delivery is most prevalent.

Our engagement with the Platform. Our engagement with the Platform on this
project began in late 2023. One of the coauthors, who had received a TTS call from a
DHH worker, reached out to the Platform about the possibility of evaluating the impact of
the tool. While the Platform frequently evaluates the impacts of changes to new customer

features or other app improvements, it had never evaluated the impact of the tool for DHH

6Under Acemoglu et al.’s (2026) definition, a tool that raises worker productivity is not necessarily pro-
worker: a tool that speeds up tasks workers already perform, or that substitutes for worker skills, need not
make those skills more valuable. On the basis of our paper, Acemoglu et al. (2026, pp. 28-29) cite the TTS
tool we study as an example of pro-worker Al. Their other examples of pro-worker Al are based on company
accounts, agency statistics, or tools under development rather than academic studies.



workers, but seemed keen to better understand its impact.”

“Hiring” policy. The Platform maintains an open registration policy.® To begin work-
ing, an applicant must meet three requirements: be at least 18 years of age, possess valid
identification, and have no disqualifying criminal record. These standards are uniform across

applicants, with no separate criteria for workers with disabilities.

Disability status on the Platform. Across both major Chinese food delivery plat-
forms, most disabled workers are DHH.? The Platform defines a worker as being disabled
based on the driver uploading their certificate of disability during registration. The certifi-
cate is a formal, government-issued document requiring medical evaluation by doctors and
is used to determine disability insurance benefits. Appendix G provides a screenshot of the
disability question during the registration process.

During registration, both pre- and post-TTS, drivers are asked (1) what type of disability,
if any, they have, (2) the disability level, (3) whether they consent to the Platform sharing
their disability with customers so that there is more understanding in unexpected situations.
Disability level for DHH workers is coded based on the Chinese national four-grade system
(GB/T 26341-2010), with further details on Chinese disability levels in Appendix F:

e Level 1, which is hearing loss of greater than 90 decibels, abbreviated as > 90 dB HL.
This is profound hearing loss, where someone is unable to hear even a shouted voice,
and that person’s own spoken speech is distorted (Olusanya et al., 2019). Extremely
serious barriers occur regarding participation in social life (GB/T 26341-2010).

e Level 2 or 81-90 dB HL. This is severe hearing loss.
e Level 3 or 61-80 dB HL. This is moderately severe hearing loss.

e Level 4 or 41-60 dB HL. This is moderate hearing loss; individuals at this level can
typically hear words only when spoken in a raised voice at close range, making unaided

phone communication difficult (Olusanya et al., 2019).

"The Platform’s driver operations team that we collaborate with does much less policy evaluation than
other teams within the Platform.

8We use “hiring” loosely: drivers are not employees of the Platform. Drivers work under one of two work
models, gig or team, described below; gig drivers operate as independent contractors, while team drivers
work through a third-party delivery company.

9For one of the two major platforms, it was publicly reported that, as of end-2025, 80% of its roughly
15,000 active disabled workers were DHH (Minsheng Weekly, 2026). Two factors help explain why DHH
workers predominate. First, since food delivery requires riding an e-bike through traffic, it may be hard
for people with some disabilities (e.g., visual, mobility), whereas hearing loss leaves the core tasks intact.
Second, conditions that account for a large share of US disability rolls, such as chronic pain or depression,
may not qualify for a Chinese disability certificate.


https://drive.google.com/file/d/157QXEoSNFiEkKXSCKVZkvxwjP8lTddow/view?usp=sharing
https://drive.google.com/file/d/157QXEoSNFiEkKXSCKVZkvxwjP8lTddow/view?usp=sharing

Based on our qualitative work and understanding of the Platform, essentially all certified
DHH workers disclose their disability to the Platform, a point we discuss further in Appendix
G. Drivers know their level since it is listed on their certificate of disability.

Both before and after the introduction of the tool, customers are informed via the app that
their driver is DHH, for those drivers who consented to this disclosure during registration.
Though we do not have precise data on this, based on our conversations with the Platform,
we believe consent rates are high. Despite most DHH workers electing to disclose their
disability to customers, customers may not always attend to this information. There is a
general expectation in China that drivers call customers upon arrival, and this can pose

communication challenges for DHH workers.

Work models: team vs. gig. Workers on the Platform can choose between two work
models: a team model, in which workers are assigned to stations and are paid under an
accelerating piece-rate schedule, with unit prices that increase stepwise in the number of
monthly completed orders, and a ¢gig model, in which workers operate independently and
are paid per delivery. Exact pay is determined algorithmically and varies across deliveries,
with longer deliveries typically paying more. The team model is intended to be full-time
while still allowing workers to choose their hours, whereas work in the gig model can be part
time. Both gig and team workers are included in our data (about 2/3 are gig). We control
for work model in our analyses, and present key results separately for gig and team workers.

Work model is also referred to as registration type. If a worker wants to switch work
models, they need to re-register. Based on our conversations with the Platform, we believe
that relatively few workers switched work models during the period of our data.

In both models, drivers tend to work for one delivery platform at a time (Lin, 2025).°

Matching of workers to deliveries. Gig and team workers also differ in order assign-
ment. Gig workers primarily rely on independently selecting orders from the order pool.!!
Gig workers operate across the entire city, often covering multiple commercial districts. In
contrast, team workers almost entirely depend on system-assigned orders. The typical as-
signment range for team workers is within 6km of their designated station.

The orders that appear for gig workers in the order pool, and the order that a team driver
is assigned, depend on a driver’s location, demand conditions, and the driver’s contempora-

neous matching score. The exact matching score is proprietary, and depends on a driver’s

10Team workers are prohibited from simultaneously working for other food-delivery platforms. Gig workers
face no explicit prohibition, but working for another platform reduces their order history on this Platform,
lowering their matching score.

1YWhile gig workers do receive some system-assigned orders, these are preferentially assigned to team
workers under the same conditions. On average, about 20% of gig workers’ orders come from the system,
while the remaining 80% are manually selected by the workers themselves.



(1) service score, (2) “Rider Level,” and (3) order acceptance rate. The service score de-
pends on customer reviews and late deliveries. The Rider Level is calculated based on tenure
and the cumulative number of completed orders. Refusing system-assigned orders directly
reduces a worker’s Acceptance Rate. Workers report that this factor has the greatest impact
on assignment score, so they usually do not reject system-assigned tasks. The algorithm’s
formula does not include disability status as an explicit input.'?

In sum, gig workers generally choose their orders and team workers are assigned orders.

Both the order pool for gig and the assignments for team depend on workplace outcomes.

1.1 Conceptual Framework

We present a simple framework of labor supply on the Platform to ground our empirical anal-
ysis and to make predictions about differences between disabled and non-disabled workers,
as well as how outcomes change when new technologies raise disabled workers’ efficiency.

Workers have a productivity or efficiency level on the Platform, z, which may differ
between disabled and non-disabled workers, and based on access to disability-focused tech-
nologies. The share of total work time allocated to Platform work is denoted by h, while
1 — h represents the share of time spent on other work pursuits. Output on the Platform is
zh. Workers get paid a simple piece rate w, so their hourly wage is wz.

The return to work off the Platform is r - % (1-— h)%, where r measures the value
of one’s outside option and $ > 1. The parameter, 3, captures how sharply the worker

substitutes between work on and off the Platform. Worker utility is thus given by:

B

U=w-zh+r-

-1
1—h) 5
- (1)

In our empirical analysis, we measure productivity broadly, incorporating speed at different
points, customer reviews, and average total time per order. The firm makes no decisions and
earns profits A - zh, where A is a piece rate measuring the Platform’s commission.

Workers choose the share of their work time to spend on the Platform. The first-order
condition & = 0 gives h = 1 — 7# (wz)™"?

yields % = —fBrft (wz)_ﬁ < 0 and % = Briw (wz)_(HB) > 0, i.e., people work more on

, assuming an interior solution. Differentiating

the Platform when they have worse outside options and higher Platform efficiency.

12More than assignments, the main thing affected by the matching score is the number of orders a driver
is allowed to carry. The max number of concurrent orders starts at a baseline of 3, with an upper limit of 13
for gig workers and 20 for team workers. A higher assignment score results in a greater allowable maximum.
Typically, experienced workers handle an average of six concurrent orders, while high-performing workers
can manage even more, often reaching around ten concurrent orders.



Based on the literature and our qualitative data, we posit two main differences between

disabled (denoted by D) and non-disabled workers (denoted by N):
Assumption 1. Disabled workers have worse outside options than non-disabled: rp < ry.

This assumption (A1) is consistent with a large literature, cited above, on the challenges

and discrimination faced by disabled workers.
Assumption 2. Absent the new technology, disabled workers have lower efficiency: zp < zy.

A2 is consistent with what we gleaned from conversations with DHH workers about work
before the TTS tool, namely, that there were often bottlenecks while making deliveries.!3

Outcomes on the Platform can be grouped into those related to efficiency (z), labor
supply (h), total output (zh), and income, wages, and profits. The base framework and the

assumptions yield four implications (I1-14) that we examine using the data.

Implication 1. Before the new tool, disabled workers have lower efficiency and wages than

non-disabled workers.

Implication 2. Before the new tool, differences in labor supply between disabled and non-
disabled workers are ambiguous. Disabled workers will work more on the Platform if the
difference in outside options between disabled and non-disabled workers is large relative to

differences in efficiency.

Implication 3. Before the new tool, average differences in total output, income, and profits

between disabled and non-disabled workers are ambiguous.

Implication 4. Suppose a new technology increases the efficiency of disabled workers. This

will increase their labor supply, total output, wages, and profits on the Platform.

I1 follows directly from A2: lower efficiency implies lower wages since the hourly wage
is wz. For 12, the difference in labor supply is ambiguous because Al and A2 push in
opposite directions: Al makes disabled workers work more and A2 makes disabled workers
work less. For I3, total output is zh, and since h is ambiguous, so is zh; income wzh is
likewise ambiguous. For 14, by increasing zp, the new technology raises wages wzp directly
and also encourages disabled workers to increase labor supply, and thus two forces together

work toward increasing total output and profits.

13Disability scholarship (e.g., Krieger, 2010; Lane, 1992) emphasizes that differences between disabled and
non-disabled people reflect both individual traits and environmental factors (e.g., discrimination, accommo-
dations). Thus, A2 is a joint statement about capabilities and the environment, not inherent ability.



Framework extension: multiple severities of disability. While the framework has
one severity of disability, it is easily extended to have multiple severities. Suppose, as in
our setting, that there are workers who are profoundly disabled (“PD”) and those who are
non-profoundly disabled (“NPD”). Extending the logic of A1 and A2, it is natural to assume
that zpp < zypp and rpp < rypp. These assumptions yield pre-TTS implications mirroring
those between disabled and non-disabled. Turning to the impact of the new technology,
suppose communication situations vary in difficulty. Workers with non-profound hearing
loss may be challenged primarily in difficult communication situations, whereas workers
with profound hearing loss may face challenges in “simpler” interactions. If the technology
helps resolve simpler communication situations but not the most difficult ones (Autor, 2015),

then productivity gains from the technology will be larger for profoundly disabled workers.

Implication 5. Before the new tool, profoundly disabled workers have lower efficiency and
wages than non-profoundly disabled workers, but differences in labor supply, output, income,
and profits are ambiguous. The tool will have larger percentage effects on the efficiency and
wages of profoundly disabled workers; percentage effects on labor supply, output, income,
and profits are also larger provided profoundly disabled workers do not work more on the

Platform than non-profoundly disabled workers before the tool.

In Appendix E.1, we derive Implication 5, and provide further intuition and discussion.
Framework extension: multiple local labor markets. Since the Platform operates
across China, we observe the tool’s impacts across a range of local labor markets, from the
“rust belt” of Northeast China to richer provinces in the Southeast. Disabled workers likely
have stronger outside options when the local labor market is stronger, proxied by a lower
local unemployment rate, i.e., 3 > ri¥ where r? and r%} denote disabled workers’ outside
options in strong and weak local labor markets, respectively. Since % > (), a technology-
induced increase in productivity leads to larger increases in hours for disabled workers in

stronger local labor markets than in weaker ones.'*

Implication 6. The tool will have larger percentage effects on hours, output, income, and

profits for disabled workers in stronger than weaker local labor markets.

Framework simplicity. The framework is deliberately simple and abstracts from sev-

eral features of reality. First, true productivity is multidimensional—speed at each stage,

14The positive cross-derivative follows from concavity of the outside option. Workers with stronger outside
options spend more time outside the Platform, placing them where the marginal return to outside time is
relatively insensitive to further increases in outside time. When the new tool raises platform productivity,
these workers therefore find it relatively attractive to shift time back to the Platform, generating a larger
labor supply response. This concavity is natural if outside opportunities exhibit decreasing returns: the
most productive outside hours are used first, whereas Platform hours pay a relatively constant piece rate.

10



late deliveries, bad ratings—but the model summarizes it with one parameter z. Second,
the model does not distinguish hours worked from retention: “labor supply” should be read
broadly as covering both margins, since workers with worse outside options may work more

hours and be less likely to quit. The empirical analysis examines each dimension separately.

1.2 Data

We obtained a proprietary administrative panel from the Platform, organized at the worker-
week level and containing detailed measures of worker activity and performance. The panel
covers workers who register on the Platform in 2021-2023 and complete at least one week of
work, and includes all 4,284 team or gig workers who report DHH as their only disability, as
well as nearly 40,000 non-disabled workers randomly sampled from the same population.'®
Drivers with multiple disabilities were excluded from the panel shared with us.

The panel allows us to track each worker from the start of their tenure on the Platform
and to analyze how their performance evolves over time. By focusing on newly registered
workers, we compare DHH and non-disabled workers from their point of entry, avoiding
stock-sampling concerns related to differential tenure.

The tool was rolled out suddenly at t; in mid 2022 to all DHH workers. To avoid
identifying the Platform, we do not specify the exact month of tq, but it is a date in April
2022-Sept. 2022, thus giving over one year of pre-TTS data to compare the performance of
DHH and non-disabled workers, and we can track workers for more than a year to study
the tool’s impact. All variables are available for the full 2021-2023 period unless otherwise

stated. We examine a wide range of worker outcomes, which we divide into four groups:

Efficiency: z in our framework. Efficiency or productivity refers to the speed (or
quantity) and quality of work. Beyond overall speed, our data enable us to look at time
spent during the three steps of the work process. At each step, the worker must perform an
action on the app, which provides a clear time stamp for when each step starts and finishes.'6

The three steps are as follows: First, once an order is initiated by the customer, it
is assigned to a worker, via direct assignment by the Platform or via acceptance by the
worker. The time for this first step is called the order acceptance time. Second, once the
worker receives the order, they pick it up from the restaurant. The waiting time for food

preparation is included in this step, which concludes when the worker actually receives the

15Beyond team and gig, a small share of workers on the Platform (we believe less than 5%) fall into a
third work model called preferred gig. This group was excluded from the data shared with us, as essentially
none of these workers are DHH and their work is different from team and regular gig.

16The relevant buttons can only be activated when GPS confirms the worker is sufficiently close to the
relevant location, thus preventing manipulation. We do not have stage times by order, but rather as average
time per order at the worker-week level.
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food from the restaurant. The time for this second step is called the pickup time. Lastly, the
worker delivers the order from the store to the customer, the time for this being the delivery
time. Beyond overall speed, we also observe Platform-defined late delivery rate, which refers
to deliveries that are late beyond the delivery window, indicating a significantly late order.

Quality is measured using customer ratings. Rather than use 1-5 stars, customers on
our Platform click a button to indicate a Bad Rating, a Good Rating, or nothing (most
common). Bad ratings are at the discretion of the customer and occur for different reasons,
including late deliveries, not receiving the delivery, and food damage during delivery (e.g.,
spilled soup). Drivers incur a monetary penalty from the Platform for each bad rating
received, giving bad ratings direct financial consequences.

Drivers can also receive Good Ratings, but we emphasize these much less, as they do not
affect worker compensation or order assignment, and because the Platform emphasizes them
much less. We therefore report results for Good Ratings only in Appendix E.2.

We cannot analyze accidents or injuries, as the Platform does not comprehensively record

them in the administrative data we received.

Labor supply: h in our framework. Our two main ways of measuring labor supply
are (1) a worker’s weekly hours spent online (i.e., available for orders) and (2) whether the
worker quits the Platform. Beyond total hours, we also analyze days worked per week (i.e., so
we can see if hours effects are coming from more days or more hours per day). On (1), hours
data measure time the worker is logged into the app or has it running in the background.
Hours are available for most of the sample period, though missing in 28% of worker-weeks
(the biggest determinant being that hours are unavailable before ¢ty — 46, i.e., before mid
2021); Section 3.6.1 discusses the missingness pattern and provides evidence it does not
drive our findings. On (2), the data do not contain a formal flag for attrition. Instead, we

proxy whether someone exits the Platform based on having 0 orders for 8 weeks in a row.!”

Total output: zh in our model. Measured by a worker’s orders completed per week.

Income, wages, and profits. The administrative dataset we received does not contain
fields for driver income, driver wages, and Platform profits. Instead, we use parameter
information provided by the Platform, combined with our administrative data, to estimate
these variables for each driver-week.

As on US delivery platforms, drivers are generally paid a piece rate per order. While the
true piece rate varies by order, we estimate income using a single piece rate for gig workers
and accounting for the accelerated piece rate profile of team workers. Hourly wages are

defined as total income divided by hours online. To isolate the role of bad ratings in wage

70Our conclusions are similar under other reasonable definitions, e.g., 0 orders for 7 or 9 weeks in a row.
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differences, we additionally compute wages excluding any pay losses due to bad ratings.
Tipping is effectively absent in Chinese food delivery, so tips are neither included in our
administrative data nor used in calculating driver income and wages.
Platform profits from a driver in a week, m;;, equal per-order profit times the number of

orders completed, minus the cost of any onboarding, minus the cost of any bad ratings:
it = mo(zhit) - zhyy — ¢ - 1]t is driver i’s first week] — k - Bad Ratings;, (1)

Profit per order, mo(zhy), is allowed to vary with the number of orders completed per week
by the driver, reflecting the fact that driver compensation per order depends on weekly order
volume. Due to confidentiality restrictions, we do not report the exact assumed per-order
profit schedule. Second, the recruiting and onboarding cost of a new worker, ¢, is assumed
based on our discussions with the Platform to be 400 CNY (Chinese yuan; 7 CNY ~ 1 USD
during our data period).!® The presence of this term accounts for any value DHH workers
provide by having higher retention. Third, k is the Platform’s cost of a bad customer rating.
Based on discussions with the Platform, we assign k£ to be 100 CNY, with & intending
to capture the full costs of negative reviews, including effects on customer retention and

reputational spillovers, net of the penalty paid by drivers to the Platform.

Control variables. The data also include rich control variables, detailed below in

Section 2.1, about workers and the type of work performed.

Qualitative data. We conduct qualitative data collection to better understand DHH
worker experiences, building on recent studies of workers in organizations (Blader et al.,
2020). This includes: (1) interviews with 7 DHH workers about T'TS tool usage, outside job
opportunities, daily routines, and challenges; and (2) on-the-ground observations in which
one coauthor rode along with 3 DHH workers over several days and another delivered orders
wearing earplugs to simulate the DHH experience. These data help us interpret quantitative
patterns and identify barriers faced by DHH workers. Appendix H provides further detail;

we reference qualitative findings when discussing quantitative results.

1.3 Sample and Summary Statistics

Sample restriction. Our analysis sample is based on excluding weeks where drivers have

0 orders, as these are weeks where drivers are not working.

Summary statistics. Table 1 presents summary statistics for our 43,605 food-delivery

workers. Compared to non-disabled workers, DHH workers are slightly older (mean age 33

18The biggest determinant of this is a bonus the Platform pays to workers after their first week.
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vs. 30 for non-disabled) and more likely to be male (93% vs. 91%), but are similar in work
models: among both DHH and non-disabled workers, about 35% are team workers.

Panel C shows the distribution of disability severity among DHH workers, with 54%
having profound hearing loss (Level 1 in the Chinese system).!? Panel D of Table 1 compares
DHH and non-disabled workers in terms of geography and distance variables. DHH workers
are slightly more likely to be located in big cities than non-disabled workers.?’ DHH workers’
orders have slightly higher travel distance than non-disabled workers.

Table 2 provides summary statistics on outcome variables. Workers do an average of 152
deliveries per week. The standard deviation is large at 142, indicating considerable variation
in total deliveries. Peak-hour orders, which occur during high-demand times, account for
91 deliveries per worker-week, indicating that a substantial share of total orders happens
during peak times. Team-based workers complete significantly more deliveries on average
(212) compared to gig workers (73), reflecting the full-time nature of team-based work.

Average order duration in our data is about half an hour, with mean times of 3.4 minutes
for order acceptance, 12 minutes for pickup, and 14 minutes for delivery. Per 10,000 orders,
the late delivery rate is 416, meaning 4% of orders are substantially delayed.

Bad ratings, our measure of customer satisfaction, are much rarer. The bad rating rate
per 10,000 orders is 9.6, meaning only about 1 in 1,000 orders yields a bad rating. Across
driver-weeks, the median bad rating share is 0: most driver-weeks do not have bad ratings.?*

Workers spend an average of 40 hours online per week. The high standard deviation of
29 hours reflects wide dispersion across drivers. The median number of workdays per week
is 6, though the average is lower at 5.3, suggesting that while many workers work full weeks,
others participate part-time or intermittently. Average hours are 58 for team workers and
23 for gig workers, as seen in Appendix Table A.3.%2

The weekly attrition rate on the Platform is 8% for the new drivers we study, with a high
share quitting in the first few months. While such an attrition rate is high, it is comparable
to that in other low-skill jobs, e.g., the call-center workers studied in Burks et al. (2015). The
exit hazard decreases quickly, so there is a sizable share of workers who stay much longer.

Appendix Table A.3 presents summary statistics separately for gig and team workers.

19The share of drivers with profound hearing loss is higher in our sample than the overall Chinese pop-
ulation. A natural explanation is lower barriers to entry in gig work for people who are profoundly DHH,
rather than differential disclosure to the Platform. Appendix G discusses further.

290ne explanation is greater opportunities for DHH workers in large cities. Another is the historical
concentration of specialized deaf schools there. We do not observe schooling histories.

21The low incidence of bad ratings may reflect a cultural norm in China where customers generally do not
give bad ratings unless something has gone wrong, rather than as an expression of mild dissatisfaction.

22While hours on the Platform are higher than for US Uber drivers (Cook et al., 2021), they are very
typical for hours in middle-income and developing countries, where gig work often serves as a primary,
full-time source of income (Chen et al., 2024c; Adhvaryu et al., 2026).
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There is less variability in outcomes within each work model separately.

2 Pre-TTS Differences by DHH Status

Our analysis proceeds in two stages. First, in Section 2, we measure differences in outcomes
between DHH and non-disabled workers prior to the TTS tool (the “pre-TTS” period).
Second, in Section 3, we evaluate the impact of the tool on outcomes of DHH workers

(versus the comparison group of non-disabled workers) using a DiD approach.

2.1 Empirical Strategy

To compare outcomes between DHH and non-disabled workers in the pre-TTS period, we

regress each outcome Y;; on a DHH indicator and controls:
Yii = a+ B DHH; + Xy + €4, (2)

where 7 is a worker and t is a week; DHH; is a dummy for being DHH; X,; are controls;
and e; is an error. With the exception of heterogeneity analysis of TTS tool effects by
regional unemployment (where we block-bootstrap cluster by region), throughout the paper,
standard errors are clustered by worker, as DHH status varies by worker.

Our controls X;; include year-week fixed effects (capturing common shocks during the
outcome period), city-of-work fixed effects (roughly 300 cities), age fixed effects, gender, team
status (gig vs. team), and registration year-month fixed effects (capturing cohort differences
at entry). In our main specifications, we do not control for a driver’s average distance
between restaurant and customer—a measure of task difficulty—or for worker tenure, as
these variables represent mechanisms by which DHH and non-disabled workers may differ.?
In the Appendix, we show that controlling for travel distance has little effect on results.
However, not controlling for tenure is substantively important: as we discuss below, worker
efficiency and output improve with tenure, and DHH workers are less likely to quit, so higher
tenure is a way by which DHH workers benefit themselves and the Platform.

The purpose of equation (2) is to provide descriptive evidence on differences between
DHH and non-disabled workers. It is not to estimate the “causal effect” of being DHH.

In addition to overall differences, we also present outcome-tenure curves separately for

DHH and non-disabled workers. This allows us to analyze how outcomes vary with tenure,

23These variables can be argued to be “bad controls” if they are mechanisms by which the workers differ
(Angrist and Pischke, 2009). Still, it can be interesting to address the question of whether DHH and non-
disabled workers differ in efficiency at a given level of tenure or for particular routes.
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as well as to understand how DHH differences vary by tenure, e.g., whether differences
are persistent or whether there is convergence. To do this, we regress outcomes in levels
(non-transformed) on interactions between DHH status and worker tenure month indica-
tors, controlling for the same controls listed in equation (2). The excluded group is non-
disabled workers in month 1, and we plot the relevant regression coefficients added to the
excluded group mean, giving estimated average outcomes for each group at each tenure

month. Outcome-tenure curves are similar with no controls.

Functional form of dependent variable. For each variable besides late deliveries, bad
ratings, and attrition, we use an inverse-hyperbolic sine transform on y, so that coefficients
approximate percentage differences. Since we restrict our sample to weeks with positive
orders, most of our outcome variables do not have zeros, and we avoid the “log of zero”-
like problem with inverse hyperbolic sine (Chen and Roth, 2023). In line with Chen and
Roth (2023), we estimate non-transformed OLS models for late deliveries, bad ratings, and
attrition, and divide by a pre-TTS DHH mean to calculate percentage differences. Late
deliveries are analyzed per 10,000 orders, bad ratings as a weekly count, and attrition is

binary (so the non-transformed OLS model is a linear probability model).?!

2.2 Results

Figure 1 visually summarizes gaps between DHH and non-disabled workers across work
outcomes prior to the introduction of the tool. Each bar reports the percentage difference
associated with the DHH indicator estimating equation (2) with full controls. Our findings
are generally similar without control variables, as can be seen in Figure A.1, which plots raw

means over time for several outcomes for DHH and non-disabled workers.

Productivity: speed variables. Figure 1 shows that DHH workers take longer per
delivery than non-disabled workers, though differences vary considerably by stage of order
fulfillment. For the initial stage of order acceptance (i.e., from order initiation by the con-
sumer to order assignment or acceptance by the worker), DHH workers take 3.4% longer
than non-disabled workers. For the second stage of pickup (i.e., from order acceptance to
picking up the order at the restaurant), there is no difference between DHH and non-disabled

workers. DHH workers are actually 0.6% faster, but it is highly statistically insignificant.

24We analyze bad ratings as counts per week rather than per 10,000 orders: bad ratings are rare (most
driver-weeks have zero), and the per-order rate can produce outliers when a worker completes few orders in
a week. Figure 7 shows bad ratings per 10,000 orders evolving with tenure, before and after the T'TS tool.
For late deliveries, which are more common, per-10,000-orders is the natural metric and a standard industry
measure of delivery performance. In both cases results are highly robust: bad ratings results are similar
using the per-10,000-orders rate (Table A.7), and late delivery results are similar using counts (Table A.8).
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The largest gap occurs in the final stage, from leaving the restaurant to delivering the order
to the customer: DHH workers take 4.5% longer, which is about 40 seconds more. Overall,
DHH workers do 1.9% fewer orders per service hour than non-disabled workers.?

Figure 2 presents the tenure-productivity relationship for each of the three order stages.
Time spent in each stage declines with tenure for both groups, consistent with learning
by doing (Shaw and Lazear, 2008).2® For the first stage, order acceptance, differences are
present in the first three months of tenure, but the two lines converge starting in the fourth
month. In contrast, for the final stage, customer delivery, the gap is more persistent. That
is, not only is the DHH difference largest for delivery time, but it also takes much longer to
converge, and the average remains higher for DHH workers throughout.

The time numbers on each stage of the order fulfillment process are averages across
worker-orders. The Platform may be more concerned with more extreme events, like whether
an order is substantially late. Figure 1 shows that DHH workers have 9% more late deliveries,
defined as deliveries beyond the expected window, than non-disabled workers. This works
out to DHH workers having an extra 33 late deliveries per 10,000 orders.

A natural explanation for DHH workers being slower is communication challenges with
customers. Other possibilities could include communication challenges with restaurants or
differences in general driver behavior (e.g., DHH workers driving slowly or more cautiously).
However, communication challenges with customers directly explain why DHH drivers are
slowest on the final stage of the order.

This mechanism dovetails with what we observe in our qualitative fieldwork, especially
riding along with drivers. On most rides, DHH workers seem to go as fast as non-disabled
workers. However, there are occasional situations that require extensive communication with
customers, leading to substantial delays. In China, delivery workers are generally expected
to call the customer upon arrival, e.g., to coordinate the handoff or confirm delivery if the
food is left in a delivery cabinet or at the front desk. Prior to the TTS tool studied, DHH
workers who couldn’t speak had to rely on in-app messaging, which customers sometimes

don’t see, contributing to occasional but more pronounced delivery delays.

Productivity: quality. Our measure of work quality is bad customer ratings. DHH

250rders per service hour is calculated as ﬁ, where the denominator is the sum of average minutes
spent in each stage of an order. This measure doesn’t use our hours data, which capture time available for
work rather than time completing orders. Because drivers can handle multiple orders concurrently, the sum
of average stage times can exceed actual clock time spent delivering orders, so orders per service hour should
be interpreted as a processing-rate measure rather than literal orders per hour doing deliveries.

26This pattern is also consistent with differential attrition, which we discuss in Section 3.6. However, the
main pattern of order acceptance, pickup, and delivery time decreasing with tenure is also present when we
analyze outcomes in the first 12 months of workers who stay at least 12 months. This supports that apparent
first-year learning by doing is not driven by differential attrition.
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workers receive more bad ratings than non-disabled workers: 0.15 per week versus 0.10, a
gap of 47% relative to the non-disabled mean. Expressed as a fraction of the DHH pre-TTS
mean—consistent with how we scale our DiD estimates in Section 3—this corresponds to
31%, as shown in Figure 1. These differences are similarly strong for both gig and team
workers separately (Figure A.3). Although bad ratings are rare in absolute terms, these
are sizable percentage differences between DHH and non-disabled workers in the pre-TTS
period. They reinforce the above discussion on mechanisms pointing to challenges DHH
drivers face in communication with customers. Table A.7 provides additional context and
robustness checks on bad ratings results.

Qualitative work supports that communication challenges with customers are a natural
explanation for why DHH workers get more bad ratings. Customers may get frustrated if
communication is difficult, e.g. if the worker can’t place a call to locate the customer, the
customer may misinterpret the lack of spoken communication as rudeness. DHH workers
recounted situations where customers left bad ratings citing “not calling” or “not speaking
clearly.” Overall, results on speed and bad ratings support A2 in Section 1.1 of zp < zy.

The presence of bad ratings is a concern for the Platform. If customers are dissatisfied,
they may order less frequently, and the Platform could get a bad reputation. The Platform

itself noted this concern, which was one motivation for investing in calling technology.

Labor supply. Figure 1 shows that DHH workers work 4.9% more hours per week than
non-disabled workers, conditional on controls, equivalent to an extra two hours per week.
Because hours are missing for a substantial share of worker-weeks in the pre-TTS period
(Figure A.2), this estimate is imprecise (s.e. = 4.4%). However, days worked per week—
which does not suffer from missing data—points to the same conclusion: DHH workers work
4.3% more days per week (s.e. = 1.0%), equivalent to an extra 0.2 days per week. Together,
the two estimates suggest that the additional weekly hours come primarily from working
more days rather than longer hours per day.

Beyond working more hours and days, Figure 1 shows that DHH workers are 41% less
likely to quit the Platform than non-disabled workers, conditional on observables, in a linear
probability model. To dig further into this overall difference, panel (a) of Figure 8 presents
Kaplan-Meier survival curves for disabled and non-disabled workers separately. The raw
gaps in survival emerge starkly within the first month and remain even after a year.

These are substantial differences in hours and driver retention. To benchmark magnitudes
for retention, research across numerous firms shows that workers hired via employee referral
are less likely to quit than workers hired through other means (Hoffman and Stanton, 2025),
with differences around 10-15% for low-skill workers (Burks et al., 2015). Thus, the retention
difference by DHH status is roughly 3-4 times that associated with being referred. Appendix
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Figure A.3 shows that the tendencies of DHH workers to work more hours, work more days,
and quit less are all present when one looks separately at gig and team workers.

Our conceptual framework implies that DHH workers should work more if differences in
efficiency are small relative to differences in outside options. We believe this is exactly what
is occurring in our setting, where Figure 1 indicates that differences in efficiency are small,
at least for efficiency as defined in terms of overall speed. In our qualitative work, it was not
uncommon for DHH workers to work 6-7 days a week on the Platform, and these workers
also indicated having limited outside job opportunities. Our finding that DHH workers quit
less broadly aligns with Minor et al. (2018), who find that workers with criminal records are

less likely to quit, also seemingly because of worse outside options.

Total output. Combining the two offsetting forces—DHH workers being slightly slower
while working more hours—the net effect is that DHH workers deliver more orders per week
than non-disabled workers. DHH workers do 5.3% more orders than non-disabled workers,
equivalent to an extra 8 orders per week.

Panel (a) of Figure 6 shows orders as a function of worker tenure in the pre-TTS period.
The tenure-productivity curves in Figure 6 are obtained from the same specification used
to construct Figure 2. As with the speed variables, performance increases with tenure.
However, for total output, DHH and non-disabled workers have very similar numbers of
orders at a given tenure level. The advantage of DHH workers therefore arises not from
higher output conditional on tenure, but from their having longer tenure and lower quit
rates. In other words, DHH workers tend to operate at higher tenure levels of the learning
curve than non-disabled workers.

The output gap is largest in the team model. Among team workers, DHH workers com-
plete 8.7% more orders per week than non-disabled workers, about 18 additional orders.
Among gig drivers, the difference is 0.7% and statistically insignificant. A likely explana-
tion is greater support in the team model, where DHH workers can seek help from station

managers and teammates.

Income, wages, and profits. Figure 1 shows that, in line with doing more orders
per week, DHH workers earn 5.4% more in weekly gross income relative to non-disabled
workers.?” This increase is driven entirely by greater labor supply rather than higher pay
per unit of time: hourly wage rates for DHH workers are lower than those of non-disabled
workers, as also seen in Figure 1.

Not accounting for bad rating penalties, disabled workers earn 9.4% lower hourly wages.

When penalties from bad ratings are incorporated, the hourly wage gap widens slightly to

2TWeekly gross income is based on earnings received, and does not include penalties for bad ratings or
costs from e-bike rental, maintenance, or charging. We account for bad rating penalties in the hourly wage.
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10.2%. These estimates are broadly in line with those in Forth and Jones (2025), who es-
timate a disability hourly pay gap of 6.8% within firm for a representative sample of firms
in England and Wales. Overall, that DHH workers have more bad ratings only accounts for
about one-tenth of the 10% wage gap. Most of the pay gap reflects DHH workers having
similar income to non-disabled workers (in the sample with observed hours used to compute
wages) despite working more hours. To further benchmark these patterns, Table A.1 reports
DHH employment and wage gaps in the U.S. general labor market using CPS ASEC micro-
data from 2009-2023, defining DHH as reporting hearing difficulty and no other disability,
thus matching our Platform sample. Estimated hourly wage gaps range from 2.4% to 3.9%,
with the lower end from column (3), which controls for occupation and industry fixed effects
and is thus most analogous to our within-Platform analyses. DHH workers also face an
employment gap of 8-9 percentage points (pp) relative to non-disabled workers (Panel A).?

Turning last to Platform profits, DHH workers generate 12% more profit per week than
non-disabled workers. While DHH workers are slower and earn lower hourly wages, Platform
profits depend on total orders rather than speed per se, as shown in equation (1). Thus,
slower work reduces DHH workers’ own hourly wages rather than Platform profits. The
Platform also benefits from DHH workers’ longer tenure: a smaller share of their worker-

weeks occur in the first week, when onboarding costs are incurred.

Sources of profit differences. Panel A of Table 3 decomposes average pre-TTS profit
differences between DHH and non-disabled workers into its three components: orders, bad
ratings, and onboarding costs. For each component, we multiply its estimated percentage
difference between DHH and non-disabled workers by the component’s average value in CNY,
and report its share of the total CNY difference. The main source of DHH profitability is
they do more orders per week, accounting for 85% of the profit gap. Getting more bad ratings
works against DHH profitability, but bad ratings are rare. Higher DHH retention means the
Platform incurs onboarding costs in a smaller share of weeks than for non-disabled workers,

but this contribution to pre-TTS profits is limited, as onboarding costs are modest.

Heterogeneity in pre-TTS differences by DHH severity. Figure A.4 presents het-
erogeneity in pre-TTS outcome differences according to disability severity. We split by DHH
workers with profound HL (Level 1 in Chinese system; 54% of the sample) and DHH workers
with non-profound HL (Levels 2-4). Profound HL workers tend to obtain worse outcomes
than non-profound HL workers, though not all differences are statistically significant.

Starting with efficiency, profound HL workers get 48% more bad ratings than non-disabled

28The employment gap in Table A.1 is smaller than commonly cited U.S. disability employment gaps
because we exclude people with additional disabilities; defining DHH as anyone reporting hearing difficulty
yields an employment gap of roughly 25pp and hourly wage gaps of 3.7-6.2%.
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workers, whereas non-profound HL DHH workers get 14% more bad ratings than non-
disabled workers. There is no difference between non-profound HL workers and non-disabled
workers in late deliveries, whereas profound HL workers have 16% more late deliveries. Turn-
ing to labor supply, the overall DHH hours advantage is driven by non-profound HL workers,
who work 17% more hours per week than non-disabled workers. Profound HL workers work
12% fewer hours per week than non-disabled workers. Differences in total output, income,
and Platform profits are likewise driven by non-profound HL workers.

Both groups earn lower hourly wages than non-disabled workers, but, interestingly, the
wage gap is larger for non-profound HL workers (a 13% gap vs. a 7% gap). This reflects their
substantially higher hours. Profound HL workers may concentrate work in more lucrative

days or times, consistent with greater communication challenges.

3 Evaluating the TTS Tool

3.1 Origins of the Tool

The tool we study, “Intelligent Outbound Calling” (IOC), is a TTS calling feature on the
app to help DHH workers communicate better with customers. Many DHH workers face
challenges in speaking and being understood. Before the tool was introduced, such DHH
workers communicated with customers via text-based messages within the Platform’s app.
This posed challenges, as typed messages such as “Can you open the door for me?” or “I can’t
find the place, please allow me an extra five minutes” often went unnoticed or unanswered

by customers, resulting in delays, misunderstandings, and added stress for DHH workers.

Development of the tool. The tool was developed in-house at the Platform by around
3 software engineers during off time over several months. Both of the two major Chinese
food delivery platforms emphasize the use of technology for good as part of corporate social
responsibility, and engineers at the Platform are encouraged to spend time helping others.
In developing the tool, the Platform emphasized helping DHH workers as part of its broader
corporate social responsibility efforts. At the same time, the tool had the potential to increase

profits (e.g., by increasing productivity, reducing costly delivery errors).

How the tool works. Under the IOC feature, DHH workers make natural-sounding,
automated calls to customers. The IOC provides workers with a set of default messages, as
well as the option to create and customize messages tailored to specific situations. Appendix
Figure C.1 illustrates both the default messages offered by the Platform and examples of

customized messages used by a DHH worker.?? After the DHH worker selects a message,

29From our observations, custom messages often involve (1) difficulties locating the customer, such as
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the app initiates an automated voice call to the customer. Each call begins with a brief
introduction stating that the caller is DHH, followed by the selected message conveying the
worker’s issue or request, e.g., “Your food will be placed in a locker”. The tool is strictly
text-to-speech instead of speech-to-text, i.e., customers can respond in the app instead of
on the call. The feature is available only to DHH workers; neither non-disabled workers nor

workers with other disabilities can use it.

How the tool uses Al, and why AI matters. The IOC is built on Al-based TTS. The
tool’s effectiveness rests on a behavioral requirement: customers must answer an automated
call, listen to the message, and act on it (e.g., open the door, or note where the food was
left). What AT changes is whether customers are willing to listen and to act. Pre-AI TTS
systems—which generated speech from hand-coded rules or by splicing together fragments
of recorded speech—were intelligible but unmistakably robotic, lacking natural intonation,
rhythm, and pauses. Robotic calls are widely associated with telemarketing and fraud, a
salient concern in China, and customers routinely ignore them or hang up. Modern TTS
instead uses deep learning: neural networks trained on large corpora of human speech learn
to predict how natural speech should sound (Chen et al., 2024a), producing voices nearly
indistinguishable from human recordings in blind listening tests (Shen et al., 2018; Tan et
al., 2021). Research suggests Al voices are more pleasing to customers than traditional
robocalls (Shah et al., 2023; Arcot, 2025). A TTS accommodation for DHH drivers was thus
technically conceivable before Al, but became viable—natural enough for customers to listen
to and engage with—only once Al-based synthesis became widely available. Appendix D
provides background on the evolution of TTS technology and the role of Al

The advantages of the IOC tool include: first, enhanced customer responsiveness, as
customers are more responsive to phone calls compared to app notifications, and voice

«.

communication is perceived by the Platform as “warmer” than text, ensuring prompt and
higher-quality interactions; second, improved efficiency, since DHH workers can quickly ad-
dress common issues through pre-set messages without repeated typing, saving valuable
time especially during peak delivery hours or adverse weather; and third, personalization

and flexibility, as workers can customize messages to communicate unique situations.

Tool implementation and usage. The Platform announced the TTS tool to DHH
drivers through multiple in-app notifications, making awareness of the tool widespread. Our
administrative data do not record individual-level usage. However, the Platform informs us
that, to their knowledge, all DHH workers use the tool and that the tool is popular. This is

validated by our qualitative evidence: all 9 DHH workers whom we interviewed or worked

security or buzzer-code issues, or (2) notifications of where an order was left, such as in a food cabinet. One
worker we worked with also made polite requests to avoid bad ratings.
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alongside reported using the tool (details in Appendix H).

3.2 Overall Effects of the TTS Tool

Estimation strategy and graphical presentation of results. To assess the impact of
the tool, we estimate a DiD model that compares outcomes for DHH workers before and
after the introduction of the tool, relative to changes over the same period for non-disabled

workers, who do not receive access to the tool:
Y;t:(){—’—'yDHHZXPOStt‘l‘)\Z—f—(St—f—EZt (3)

where Post; is a dummy equal to 1 if the current week is on or after the introduction of the
TTS tool at time ¢y in mid 2022. ~ captures the differential change in outcomes for DHH
workers after the introduction of the tool relative to non-disabled workers. Under the parallel
trends assumption, 7 identifies the average treatment effect on DHH workers. Worker effects
A; capture fixed differences across workers while time effects 9, capture common shocks.
We present our baseline DiD results without time-varying controls, and show robustness to
time-varying controls in Section 3.6. Beyond overall DiD results, we (1) show event study
results analyzing how outcomes change month-by-month before and after the tool and (2)
compare outcome-tenure curves before and after the tool.

For analysis of employee attrition, we do not include worker fixed effects—as workers can
only quit once—and instead use the same controls as for equation (2).

The identifying assumption underlying equation (3) is that, absent the introduction of
the T'TS tool, outcomes for DHH and non-disabled workers would have evolved similarly over
time, conditional on controls. This could be violated if there are other policies or procedures
introduced for DHH workers around the event time window (for the event study analysis) or
in the sample period in general (for overall effects). We examine concerns about differential
trends using event studies.

Figure 3 summarizes DiD estimates of the tool’s impact across all outcomes. Each bar
shows an estimate of 7 from equation (3) and represents the percentage change in the outcome

for DHH workers. We analyze the same outcomes as in Figure 1.

Event study setup. Our event study uses a window of 6 months before and 10 months
after the introduction of the tool. We use all available data and bin observations outside
this window into the endpoints—i.e., all months more than 6 months before or more than
10 months after ¢, are pooled into boundary coefficients (Schmidheiny and Siegloch, 2023).
Because our analysis is based on new entrants to the Platform, the sample available at

each pre-period month shrinks as we go further from ¢y, mechanically widening confidence
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intervals in the early pre-period. We thus focus on this window to ensure a reasonably high
degree of statistical power for all event-time months shown. Section 3.6 discusses longer-run

effects beyond the 10-month post-period and shows that results are highly robust.

Productivity variables: speed. Figure 3 shows that the tool led to an improvement
in DHH worker speed, with orders per service hour increasing by 1.6%. Improvements are
concentrated in the final stage of order fulfillment, delivery from restaurant to customer,
where there was the largest initial disadvantage for DHH workers. Delivery time decreases
by 3.5% for DHH workers, closing roughly 3/4 of the pre-TTS gap of 4.5%. There is also a
small 0.8% reduction in order acceptance time and no meaningful effect on pickup time.°

In terms of magnitudes, the reduction in delivery time of 3.5% is equivalent to moving
about 6 months down the DHH delivery time tenure curve (panel (c) of Figure 2).

Panel (b) of Figure 4 shows event study estimates of the impact of the tool on delivery
time (i.e., the final stage). There are not systematic pre-trends, consistent with the identi-
fying assumption in DiD. In the first couple months of the tool, delivery time may actually
increase (though not significantly so), consistent with drivers taking a little time to use the
tool effectively. Effects on delivery time gradually turn negative, with effects seeming to
gradually increase in magnitude.

The impact of the tool on substantially late deliveries is even larger, with an 11% re-
duction for DHH workers. The IOC entirely closes the late delivery gap between DHH and
non-disabled workers. This is seen in raw means in panels (e) and (f) of Figure A.1. As
whether an order is classified as substantially late can hinge on a minute or two, modest
improvements in delivery speed—and reductions in communication-related stoppages—can
generate larger effects on late delivery rates.

As seen in Appendix Figure A.5, reductions in delivery time are pronounced and eco-
nomically similar for both gig workers and team workers. Reductions in late deliveries are
pronounced for team workers but not statistically significant for gig workers, possibly because
gig workers take many more orders after the IOC and are therefore more likely to experience
late deliveries, for example when carrying more orders simultaneously during peak hours,

which increases the likelihood of delivering late.

Productivity variables: quality. Figure 3 shows the tool has a large effect on bad
ratings, reducing them by 22%. This closes roughly 2/3 of the pre-TTS gap of 31%.%!

30The pre-TTS DHH order acceptance time gap is 3.4%, so the TTS tool closes about 20-25% of it, driven
by gig workers. Since gig workers (unlike team workers) have discretion over which orders to accept, the tool
may make them more willing to accept offers confidently.

31The sizable negative impact of the tool on bad ratings is robust across many methods, which is important
given that bad ratings are rare. For example, the tool reduces the chance of receiving any bad ratings in a
week by around 20%.
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As seen in Figure 7—which plots bad ratings over tenure—prior to the tool, there are
pronounced gaps between DHH and non-disabled workers that persist for most of a worker’s
first year of tenure on the Platform. After the T'TS tool, there is still an initial gap in the
first months of tenure, but the gap is much smaller, and the gap dissipates by around the
4th month of tenure. In terms of magnitudes, the impact of the tool is equivalent to moving
about 3 months down the tenure curve in bad ratings.

Panel (c) of Figure 4 shows effects on bad ratings over time in an event study. As for
delivery time (in panel (b)), there is no pre-trend. Effects appear to grow somewhat over
time, potentially reflecting adjustment costs in learning about the tool, though confidence
intervals are larger.

Overall, the productivity results suggest that the tool alleviates frictions at the delivery
stage: pickup time is unchanged, while delivery is faster and bad ratings decrease. Quali-
tative interviews (Appendix H.1) support this interpretation, with DHH workers reporting

fewer misunderstandings at delivery and greater comfort in interacting with customers.

Labor supply. Pre-TTS, DHH workers have greater hours and retention than non-
disabled workers, and Figure 3 shows that the tool further accentuates these differences.
The tool increases DHH weekly hours online by 10.6%, roughly tripling the pre-TTS hours
gap of 4.9%. The tool increases work days per week by 3.5%, which is significant, but most
of the increase in hours comes from an increase in hours per day. The tool further reduces
DHH attrition from the Platform by 21%, further expanding the pre-TTS gap of 41% by
half. As seen in the comparison of worker survival curves in Figure 8, the tool noticeably
increases the difference between the DHH and non-disabled survival curves. Effects on labor
supply and retention are present in both gig and team workers, as seen in Figure A.5. Overall
survival is somewhat lower for both groups in the post-period, possibly reflecting continued
growth in China’s delivery workforce, but the decline is smaller for DHH workers.

These effects are in line with the conceptual framework, which predicts that drivers
increase labor supply in response to an improvement in efficiency. While our intentionally
simple framework does not account for non-pecuniary work amenities, it is also possible
that the tool increases labor supply “directly” by making Platform work more pleasant
instead of simply by helping DHH workers make more money. Consistent with this, DHH
workers we interviewed and observed reported that the tool reduced misunderstandings with
customers and generally made work less stressful (Appendix H). We take up this possibility

in Section 3.4 when analyzing the worker welfare impacts of the tool.

DHH worker entry. In addition to the hours and retention of workers on the Platform,
we also examine the impact of the tool on entry of DHH workers onto the Platform, using

a group-by-week design (as entry cannot be analyzed in our worker-level panel). Appendix
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E.3 shows that the tool increases entry of DHH workers by 27.5%. Relative to the tool’s
effect on weekly income, this implies an entry elasticity of roughly 2.5, broadly in line with
quasi-experimental estimates of firm-level labor supply and recruitment elasticities (see the

Appendix for benchmarking details and caveats).

Total output. Figure 3 shows that the tool increases DHH weekly orders by 11%. Pre-
TTS, DHH workers do 5% more orders than non-disabled workers, so the tool extends this
initial advantage. Effects are present for team workers (+8%), but are especially large for gig
workers (+15%), though the difference by work model is not significant (p = 0.29). These
results suggest that the tool may be especially helpful in the more independent gig mode.
One possibility is that team DHH workers already had some support or workarounds in place
in the pre-TTS period, whereas gig DHH workers, with less support, benefit substantially.

As seen in panel (a) of Figure 4, effects are present directly after the TTS tool is intro-
duced, and seem to increase over time, consistent with effects on delivery speed and hours

building over time, with panel (a) of Figure 5 showing the event study for hours.*

Income, wages, and profits. Following the introduction of IOC, weekly gross income
earned by DHH workers increases by 11% relative to non-disabled workers. Hourly wages
also rise for DHH workers, though by a more modest magnitude of 3.6%. These estimates
imply that roughly one-third of the increase in weekly income is driven by higher hourly pay,
with the remainder attributable to increased hours worked. Given a pre-TTS disability pay
gap of 10.2%, these gains imply that the tool closes around one-third of the wage gap between
DHH and non-disabled workers. Wage gains tend to be concentrated among team workers;
gig workers see smaller hourly wage gains as their large increases in hours offset their income
gains (Figure A.6). We are not aware of other workplace interventions or technologies that
generate effects of comparable magnitude on disability wage differentials.??

From the Platform’s perspective, the profitability of DHH workers rises substantially
following the introduction of IOC. Net weekly profit generated per DHH worker increases by
17%, a sizable and statistically significant effect.

Sources of profit gains. Panel B of Table 3 applies the same approach—multiplying

each component’s estimated TTS-driven percentage change by its average CNY value—to

32Unlike for hours, effects on total output are not statistically significant within a couple months, but
take about 6 months to become statistically different from 0. This reflects, in part, that effects on delivery
speed are also a little slower to manifest, but we believe mainly, that there is more noise in orders completed
relative to hours, which are a pure choice variable. The event study coefficients on orders completed are
estimated to be positive relatively quickly, even if they are not statistically significant.

33Evaluating the expansion of work-from-home arrangements during the COVID-19 pandemic, Bloom et
al. (2026) show that disabled workers experienced larger wage declines in occupations with greater work-
from-home exposure, consistent with increased labor supply exerting downward pressure on wages. Gentry
(2025) finds that gaining access to Uber closes less than 2% of the disability pay gap.
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decompose the source of the gains in profitability for DHH workers. The main source of the
profit gains is making DHH workers do more orders as opposed to avoiding onboarding costs
or getting fewer bad ratings. Order volume alone accounts for 93% of the profit impact, with

reduced attrition and fewer bad ratings contributing only 5% and 2%, respectively.?*

3.3 Benefits and Costs to the Platform

While Figure 3 shows that the profitability of DHH workers increases, this does not account
for the costs of the tool itself. The Platform’s average profit per order is confidential and
varies with work type and order volume, which we incorporate directly in our worker-week
profit calculations based on equation (1). For the purpose of translating our estimates into
aggregate dollar magnitudes, we use a benchmark value of 7 CNY (= $1 USD) per order,
based on conversations with the Platform. Under this assumption, the 17% improvement
in DHH worker profitability implies roughly $163k USD per month in additional platform
profit.?> The Platform’s cost of the tool consists entirely of engineer time during development:
there are no per-use licensing or subscription costs, and the tool was built by three engineers
working off-hours over several months. We conservatively assume that each engineer spent
10 hours per week for three months, implying a total time investment of 390 hours—Iless than
0.2 annual FTE—and thus no more than about $20,000 USD in labor cost. Under a simple
comparison of benefits and costs, the tool pays for itself in less than a month: specifically,
in 20/163 months, or about 4 days.

In summing up the Platform benefits as above, we implicitly assume that additional
orders completed by DHH workers do not displace orders from non-DHH workers, corre-
sponding to an infinitely elastic labor demand curve at the Platform level. To relax this
assumption, suppose that a fraction ¢ of additional orders completed by DHH workers are
displaced from non-DHH workers. In this case, the net increase in platform profits is scaled
by (1 —d). Even under substantial displacement—e.g., 6 = 0.5, implying that half of addi-
tional DHH orders come at the expense of non-DHH workers—the tool would still generate
roughly $82k USD per month in additional profits and pay for itself in about 1 week. Even
with 0 = 0.75, the tool would still pay for itself in about 2 weeks.

34The onboarding component (5%) captures only the direct savings from paying the onboarding bonus
less often. It does not capture the contribution of retention to order volume: the TTS-induced reduction in
attrition also moves workers to higher-tenure points on the learning curve where they complete more orders
per week. Table 3 thus understates the full profit contribution of retention.

35There are on average about 1,600 DHH workers on the Platform per week, including both new and
experienced workers. Assuming 600 orders per month, we have 1,600%*600*0.17*$1 ~ $163k per month.
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3.4 Worker Welfare from the TTS Tool

We use a sufficient-statistic approach to estimate by how much the tool affects DHH welfare.
Starting with a simple baseline where we ignore any effect of the tool on the non-wage (i.e.,
amenity) value of working on the Platform, the increase in DHH workers’ hourly wage both
(i) raises the value of work on the Platform and (ii) allows substitution away from their
outside option. As detailed in Appendix E.4, by the Envelope Theorem, the change in DHH

welfare as a fraction of pre-TTS earnings Fj is:

AV

— j 1o 2
F = (€7w — 1) + 3 Th Yw . (4)
0 N——
inframarginal wage gain re-optimization gain

where 4, and 4, denote the DiD effects on hourly wages and on weekly hours, respectively.
The first term captures that hours the worker was already supplying now earn a higher
wage. The second term is a Harberger-style triangle: at the pre-TTS optimum, the marginal
off-Platform hour was worth exactly the pre-TTS Platform wage, so hours newly reallocated
to the Platform earn only the wedge between the new wage and their (rising) opportunity
cost. Under this calculation, DHH welfare increases by 3.9% relative to pre-TTS Platform
earnings, primarily driven by (i), as shown in Panel A of Table 4.

We can additionally account for potential changes in the amenity value of working on
the Platform. As detailed in Appendix E.4, our idea is to compare the implied labor supply
elasticity to the Platform (i.e., implied by the increase in hours relative to the increase in
wages) against an assumed “true elasticity,” with the difference assumed to reflect changes
in amenities. Based on other research on gig workers, we use true elasticity values of 1, 1.5,
and 2. We estimate the tool increases DHH welfare by 5.7% to 11.7% of pre-TTS Platform
earnings (Panel B of Table 4). These gains—3.9% in the baseline, and 5.7-11.7% accounting
for amenities—strike us as substantial: even the baseline is equivalent to roughly two weeks

of earnings per year.

3.5 Heterogeneous Treatment Effects of the TTS Tool

A central question regarding new technology deployment in the workplace is how treatment
effects vary across different workforce segments. For example, studies of generative Al among
software engineers and in professional writing tasks find larger gains for less-experienced or
lower-skilled workers (Cui et al., 2025; Noy and Zhang, 2023). We focus our analysis on four
key dimensions: pre-TTS tenure, pre-TTS productivity, disability severity, and local labor
market conditions. For each dimension of heterogeneity, we present estimates separately for

each half of the sample split at the median, and test for differences using interaction term
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models similar to those in equation (3). For late deliveries, bad ratings, and attrition, we

divide by a pre-TTS DHH mean within each subgroup to calculate percentage differences.

Pre-TTS tenure and productivity. We find no consistent evidence of heterogeneous
treatment effects based on pre-TTS tenure (Figure A.8) or pre-TTS productivity (Figure
A.9), with pre-TTS productivity measured in orders per week. Excluding pickup time, the
outcome where there was no effect of the tool, there is significant heterogeneity by pre-TTS
tenure or pre-TTS productivity for only 3 of 26 outcomes. That is, the tool’s effectiveness

does not systematically vary with a driver’s tenure or average productivity.

Disability severity. We observe substantial heterogeneity in effects based on severity
of disability. Figure 9 plots the coefficients for workers with profound hearing loss (meaning
Level 1, hearing loss of more than 90 decibels) versus those with non-profound hearing loss
(Levels 2-4), whom we refer to as profound HL and non-profound HL workers.? Profound
HL workers, who are 54% of DHH workers in our sample, cannot hear even shouted speech.

We observe substantial heterogeneity in effects based on severity of disability, usually
in the direction that profound HL workers benefit more. Orders per week increase by 6%
for non-profound HL workers, but by 16% for profound HL workers, with a p-value of 0.08
on the difference. Bad ratings decrease by 7% for non-profound HL workers, but decrease
by 40% for profound HL workers (p = 0.02). As seen in Figure A.4, pre-TTS, the bad
rating gap is largest for profound HL workers (and profound HL workers do 8% fewer orders
than non-profound HL workers), so the tool also helps close the pre-TTS gap by disability
severity within DHH workers. This suggests that the T'TS tool is most effective at reducing
communication frictions for those who face the steepest barriers.’

Relative to non-profound HL workers, profound HL workers also see substantially greater
gains in income (p = 0.08) and wages (p = 0.03). While statistical significance is sometimes
borderline on differences, the differences are economically quite sizable, e.g., wages go up by
around 1.3% for non-profound but by 7% for profound HL workers.

For attrition, profound and non-profound HL drivers show similar effects. While Impli-
cation 5 predicts profound HL workers to benefit more, one explanation for similar effects is
that profound HL workers have fewer outside work options regardless of the tool, whereas the

T'TS tool effectively tips the scales for non-profound HL who might otherwise have exited.

36Unlike our other heterogeneity dimensions, severity is defined only within DHH workers, so an indicator
Profound; for profound HL is absorbed by worker fixed effects A; and the standard four-term interaction
specification reduces to two terms: DH H; x Post; x Profound; and DH H; x Post;. The worker fixed effects
also address the standard concern that Profound; may be correlated with unobservables.

37Interestingly, non-profound HL workers exhibit larger improvements in delivery time and orders per
service hour. Profound HL workers’ gains instead appear in total output, as they complete more orders per
week despite similar increases in hours online.
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We split by profound and non-profound HL both because this is roughly a 50/50 split
(and good for statistical power) and because profound HL can be qualitatively different from
non-profound HL. However, results are broadly similar when we estimate dosage-response
heterogeneous treatment effects (Figure A.10). Heterogeneity by severity is also robust to
controlling for interactions of DH H; x Post, with age and gender, thus indicating that the

heterogeneity is not driven by demographics correlated with severity (Figure A.11).

Local labor market conditions. Figure A.12 examines heterogeneity in TTS effects
by local labor market conditions. Exploiting that our Platform operates nationwide, we split
China’s 31 provincial-level administrative regions into high and low unemployment regions,
where the 2021 average unemployment rates were 3.6% and 2.5%, respectively.

On the 13 variables where we detect significant positive effects of the tool (i.e., excluding
pickup time), in 6 of 13 variables, we observe a significantly more beneficial effect in low
unemployment rate regions. The tool has no effect on late deliveries in high unemployment
regions, while it reduces DHH late deliveries by 14% in low unemployment regions. Likewise,
there is no effect of the tool on DHH hours online, work days, or orders in high unemployment
regions, but sizable improvements in all these dimensions in low unemployment regions.
DHH driver income increases by 17% in low unemployment regions, but is not significantly
affected in high unemployment regions. Heterogeneity by regional unemployment is robust

to controlling for interactions of DH H; x Post; with age and gender (Figure A.13).

3.6 Threats to Identification and Robustness Checks
3.6.1 Threats to Identification

Existence of concurrent policy changes. Our event studies show no clear pre-trends. A
threat to identification would be if the Platform made other changes around the same time
as the TTS tool that differentially affected DHH workers. According to the Platform, there
were no changes made close to the introduction of the tool, and in fact, no other meaningful
changes for DHH workers over the 2021-2023 sample period.

Several of our quantitative results are strongly consistent with this. Suppose there was
another policy launched by the Platform (or another entity like the Chinese government) to
improve the productivity of DHH workers. Such a policy would likely show effects across
all stages of order fulfillment: order acceptance, pickup, and delivery. In contrast, the
effects of the tool are concentrated in the delivery stage—the only stage for which the tool is
designed—where communication with customers is required and where we observe the largest
improvements in speed. We do observe a smaller improvement in order acceptance, which

reduces the pre-TTS gap by roughly 1/4; this is consistent with DHH workers being more
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willing or confident to accept orders when customer communication is easier. There is no
effect on pickup, consistent with the tool not being used for communication with restaurants.

In addition, the observed heterogeneity by disability severity speaks to the plausibility
of the identification assumption. If there was an alternative Platform intervention that ben-
efited DHH workers, it would not necessarily bestow greater benefit on profoundly impaired

DHH drivers relative to non-profoundly impaired DHH drivers.

Improvements to DHH workers or declines for non-disabled workers? Could
our DiD estimates be driven by non-disabled outcomes getting worse instead of DHH out-
comes getting better? Several pieces of evidence speak against this. First, non-disabled
workers getting worse would not generate the observed heterogeneity by disability severity,
with larger T'TS benefits on more severely disabled workers. Second, raw means of various
outcomes (Figure A.1) suggest substantial improvements for DHH workers in levels.

One particular form of non-disabled workers getting worse would be if DHH workers
take delivery opportunities away from non-disabled workers. This is unlikely to be quanti-
tatively important for non-disabled worker outcomes because the share of DHH workers on

the Platform is small (i.e., less than 1% of workers on the Platform).

Missing data on hours. As noted above, we have significant missing data on hours.
Figure A.2 plots the missing rate by calendar time. Hours is missing for all workers before
week tg—46 where t is the week of TTS implementation. In tg—46, hours become available for
gig workers, and then become available for team workers in week ¢y — 4 of 2022. Missingness
rates are similar between DHH and non-disabled workers and appear to reflect Platform
data-keeping practices rather than endogenous selection.®

Because of the missing hours data, our estimates regarding hours-based outcomes, namely;,
hours online and wages, rely on a different sample than other outcomes.?* To ensure that
our constellation of results is not being driven by different samples, we redo our main results
from Figure 3 while restricting the sample to observations where hours are non-missing. As
seen in Figure A.14, our main conclusions are unchanged in this sample.*’ In the restricted
sample, the tool drives significant improvements: orders per week increase by 13%, weekly

income rises by 13%, and delivery time decreases by 2.6%.

Accounting for regional trends. DHH workers are more likely to live in Eastern

38 Among team workers, hours missingness is extremely similar for DHH and non-disabled workers, whereas
among gig workers, it is slightly higher for DHH workers than non-disabled workers (Figure A.2, panel (b)).
However, as seen in Figure A.5, our main DiD results are robust when restricted to team workers, and we
cannot reject that TTS effects on hours and wages are the same for gig and team workers.

390rders per service hour relies on the data on time spent on different parts of the production process.

40Tn the restricted sample, the TTS tool has a negative effect on late deliveries and bad ratings, but the
effect is no longer statistically significant, reflecting the smaller sample with hours data.
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China and big cities than non-disabled workers. If regions in Eastern China experience
different shocks than other areas (e.g., different lockdown policies), this could potentially
confound our analyses. To address this, we re-do our analyses while adding region-month
fixed effects (where we have 31 regions and 3 years of data). Our results are highly robust

to this, indicating that such trends do not drive our results (Appendix Figure A.14).

Matching DiD. Beyond regions, DHH and non-disabled workers vary slightly in terms
of observable characteristics. While our event studies strongly support the parallel trends
assumption, for robustness (exploiting our large sample of non-disabled workers), we perform
matching where we match each DHH worker to a single non-disabled worker, matching
exactly on entry year, work model (gig or team), city, 5-year age bin, and gender. Using
the resulting sample of 2,354 DHH and 2,354 non-disabled workers, we re-do our DiD in the
matched sample. Our results are also highly robust to this (Appendix Figure A.14).

3.6.2 Alternative Mechanisms and Interpretations

Differential attrition. Since the tool increases DHH worker retention, a concern is that
this could “bias” our estimates of effects on DHH non-attrition outcomes like productivity
variables, hours, and wages. Given that productivity increases with tenure (see Figures 2,
6, and 7), if the tool boosts DHH worker retention, then DHH workers will be more likely
to be in higher-productivity parts of the learning-by-doing curve.

If we take the perspective of the Platform, our baseline DiD estimates should not be
“corrected” for possible differential attrition, as it is an important mechanism by which
the T'TS tool affects outcomes. The Platform cares about the overall effect of the tool on
outcomes, not the impact of the tool on particular workers.

At the same time, we are still interested in how the tool affects outcomes separate from
affecting retention, and such estimates might be more relevant for DHH workers themselves
(i.e., how much will the tool affect my productivity). To shed light on this, and “shut
down” differential attrition, we pursue two approaches. First, we perform our DiD analysis
restricting the sample to a panel of “stayer” workers, who are observed working at least

1.4 As shown in Figure A.15,

one week both before and after the introduction of the too
the results are quantitatively and qualitatively consistent with our baseline findings. We
continue to observe significant improvements across key metrics: weekly orders and income

rise by 10%, while bad ratings fall by 20%. These strong effects are similar to our baseline

41'We cannot pursue a fully balanced panel approach over 2021-2023, as our sample consists exclusively
of workers joining the Platform. A fully balanced panel would require analyzing only the DHH and non-
disabled workers who join the Platform in January 2021 and then stay throughout the whole data period,
and such a sample is too small for reasonable analysis.
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estimates, indicating that differential attrition is not a central driver of the DiD estimates.
Rather, the tool increases worker productivity directly in addition to increasing retention.
Second, we use inverse probability weighting (Wooldridge, 2002), which proceeds in two
stages. In the logit first stage, we predict a worker’s probability of remaining on the Platform
each week as a function of DH H; x Post;, time-invariant worker characteristics, and year-
week fixed effects. Second, we re-do our DiD estimates weighting by the inverse of the
predicted probability of remaining each week. Our non-attrition variables all show sizable
effects from the tool under inverse probability weighting (Figure A.15, bottom panel). This

supports that the tool increases productivity directly.

The role of late deliveries and bad ratings in load assignment. As noted in
Section 1, late deliveries and bad ratings can affect the set of orders workers are assigned
or able to select. Beyond direct productivity improvements, an alternative mechanism is
that the Platform algorithm assigns treated workers easier or higher-quality orders as their
performance metrics improve. In that case, observed gains in delivery speed, orders, hours,
or income would reflect task reallocation rather than improved customer communication.
This is a question about mechanisms rather than identification.

We address this concern in two ways. First, we re-estimate our main DiD specification
while controlling for task difficulty, proxied by the distance between the restaurant and cus-
tomer. As shown in Figure A.14, the estimated effects are very similar to the baseline results,
indicating that changes in trip distance do not explain the observed DiD gains. Second, we
conduct a mediation analysis controlling for late deliveries and bad ratings (Appendix E.5).
The estimated effects of the T'TS tool on orders are largely unchanged, suggesting that re-
ductions in late deliveries and bad ratings account for little of the overall increase in orders.

Overall, the results suggest that reductions in late deliveries or bad ratings, or the re-

sulting reallocation of tasks, are unlikely to drive our other key DiD findings.

Salience or sympathy. Could it be that our DiD effects reflect salience or sympathy
of hearing impairment as opposed to improved communication? It is highly unlikely that
salience and sympathy could explain the full constellation of results. Pre-TTS, customers
were sent a notification that their driver was DHH, though more customers would be aware
of this after a call. While sympathy could make customers less likely to give bad ratings,
it is less clear how this reduces delivery times. Moreover, there is no reason why salience
or sympathy would generate larger effects for DHH workers with profound HL relative to
non-profound HL, as customers were not notified of drivers’ level of hearing loss. This
interpretation is also consistent with our qualitative observations: during a coauthor’s three
days riding alongside DHH workers and over a hundred orders, no customer appeared to

make any accommodation for the driver being DHH — for example, no one opened a door
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preemptively or waited downstairs after receiving an IOC call.

Reference dependence / income targeting. Could the pre-TTS difference simply
reflect that DHH workers target income, doing more hours to make up for lower efficiency?
This is inconsistent with our results by DHH severity, where profound HL workers have both

lower efficiency and fewer hours than non-profound HL workers.

3.6.3 Long-run Effects and External Validity

Longer-run persistence of effects. The other major food delivery platform in China
introduced a similar calling tool for DHH workers later in the same year, after our Platform.
Because the market is largely dominated by these two platforms, the period in which only
our Platform offers the tool raises the possibility of cross-platform spillovers (e.g., worker or
customer reallocation). To address this, we re-estimate our DiD results excluding the period
in which the tool is available on our Platform but not on the other platform. The estimates
are very similar (Figure A.16). This suggests our results are unlikely to be driven by the
temporary presence of the tool on only one platform.*? The subsequent adoption of a similar
tool by the other platform also supports the tool being broadly valuable for DHH workers.
Beyond considering adoption of the other Platform, we also assess whether effects persist
further into the future. While our main event study graphs cover 10 months after the
TTS tool, we extend them to 16 months, pushing toward the edge of our data. As seen in

Figure A.7, effects continue to grow and remain significant and robust.

Accounting for the transition period. Like many new technologies, usage of the tool
was not immediately at 100%. According to the Platform, there was a transition period of a
few months as DHH drivers learned about the tool and how best to use it. This is supported
by the event study graphs, which often show more muted impacts in the first few months
that increase over time. Since we are primarily interested in longer-run effects of the tool, we
re-do our DiD analyses excluding the first 4 months following the policy change. The results
(Figure A.16) confirm that our main findings are robust to this exclusion and often become
larger. The reduction in bad ratings intensifies from 22% to 25%, the increase in output per
hour grows from 1.6% to 2.1%, and the increases in weekly orders and income each grow from
11% to 13%. Thus, our baseline DiD estimates, which include the first several months of the

tool being available, may be a conservative lower bound on the tool’s longer-run effects.

Could COVID outbreaks or lockdown policies limit external validity or threaten

identification? Chinese cities instituted lockdowns at different times at various periods in

420ur DiD results are also qualitatively robust restricting to the months where only our Platform offers a
calling tool for DHH workers.
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2021 and 2022. As shown in Figure A.16, our DiD results are robust to excluding worker-
week observations from regions-weeks affected by COVID outbreaks. Results are also similar

if we control for whether a COVID outbreak is occurring instead of excluding those periods.

Would the tool have equally benefited non-disabled workers? The tool is only
introduced to DHH workers, raising the question of whether non-disabled workers would
benefit as much. The heterogeneity results by disability severity suggest this is unlikely.
DHH workers with non-profound HL benefit substantially less than those with profound HL,
suggesting that non-disabled workers might also benefit less, or possibly not at all. The
Platform’s decision not to roll out the tool to non-disabled workers is also consistent with

the view that benefits for non-disabled workers would be smaller or negligible.

3.7 What the TTS Tool Does Not Address

Although the tool substantially improves communication between DHH workers and cus-
tomers, some workplace outcome gaps remain. Qualitative evidence helps clarify the types
of situations that allow such gaps to persist. Our qualitative data were collected in summer
2024, around two years after the tool was introduced. Consistent with what the Platform
told us, in the workers we interviewed or worked alongside (7 interviewed and 3 accompanied
during deliveries, with one worker appearing in both), all 9 of them used the TTS tool. Thus,
the remaining gaps do not reflect limited adoption of the tool.

Instead, the evidence points to communication frictions that the TTS tool does not
fully resolve. These include difficulty locating customers’ exact locations, locations with
complex layouts (e.g., buildings with multiple entrances), and customer instructions that
remain ambiguous without verbal clarification. A coauthor working alongside a DHH worker

experienced the following, as recorded in his field notes, where “I” denotes the coauthor:

The [DHH] worker followed the customer’s instructions to contact the apart-
ment complex management via the intercom. After the system connected, no
one spoke on the other side. Although I heard the door unlocking sound, the
door did not automatically pop open, and there was no visible indication that it
had unlocked. The worker continued waiting by the intercom until I eventually
walked over and pulled the door open.

A second situation arose while the coauthor was accompanying the same DHH worker, illus-

trating how written instructions may remain unclear in the absence of verbal communication:

One order was delivered to an urban village [chengzhongcun in Mandarin],
but the address was inaccurate. Upon arriving, the worker used the intelligent
outbound call to contact the customer, who messaged back, “I'm upstairs.” How-
ever, it was unclear what the customer meant by “upstairs.” I then heard the
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customer shouting from inside a factory behind us, but by that time, the worker
had already started riding in the opposite direction. I stopped the worker, in-
forming him that the customer was inside the factory, and we managed to find
the customer. In such situations, a worker with a hearing disability could waste
significant time locating the exact address. Later that afternoon, we encountered
a similar issue with an order delivered to a construction site.

The tool helps initiate contact when customers might otherwise not notice or respond to
messages. However, ambiguity in customers’ directions and physical delivery environments

can persist when clarification would normally rely on real-time verbal communication.

4 Discussion and Conclusion

By 2050, roughly 10% of the world’s population will have disabling hearing loss (World Health
Organization, 2025). While DHH workers face intense labor market challenges including
lower earnings and employment, research has often struggled to identify policies or tools
that can benefit DHH workers or disabled workers in general (Derbyshire et al., 2024).

We comprehensively examine the relative workplace outcomes of DHH food-delivery
workers in China, and analyze how DHH workers are affected by a disability-focused T'TS
tool. Before the tool is introduced, DHH workers are more likely to be late and get bad cus-
tomer ratings, though they also work more hours, deliver more orders, and are substantially
less likely to quit, patterns consistent with our conceptual framework where disabled workers
have worse outside options. While DHH workers earn greater profit for the Platform on a
per-worker basis, they earn about 10% less per hour.

The introduction of a simple tool based on modern TTS substantially enhances DHH
worker performance. Work speed improves, driven by faster completion of the final stage of
order fulfillment—delivery to customers—where the tool is used. Orders rise and customer
complaints fall. Retention, already higher for DHH workers, increases further. The tool
decreases the disability wage gap by one-third and increases DHH worker profitability.

These large benefits occur even though the new TTS tool was relatively inexpensive and
straightforward. Far from being a limitation, the simplicity of the tool illustrates that even
relatively modest Al-enabled interventions can meaningfully reduce barriers faced by disabled

workers, without requiring large language model or autonomous conversational capabilities.

External validity on our first research question: how might disabled work-
ers’ relative outcomes vary across disabilities and jobs? In our framework, relative
differences in labor supply, total output, and profits depend on efficiency gaps relative to

outside-option gaps. In Chinese food delivery, hearing loss imposes a relatively small effi-
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ciency penalty (apart from bad ratings, which are rare), so the outside-option gap dominates:
DHH workers work more, quit less, and are more profitable. The balance can flip: workers
with profound hearing loss face larger efficiency penalties and work fewer hours than non-
disabled workers. Thus, the advantages we document in labor supply, output, and profits
may be weaker when disabled workers have better outside options—e.g., where disability
insurance is more generous—or face larger efficiency penalties. Norms and institutions may
also matter. For example, in US food delivery, there is much less expectation that workers

call customers, potentially reducing efficiency gaps between DHH and non-disabled workers.

External validity on our second research question: for which other disabilities
and jobs might technologies like the TTS tool narrow gaps? We speculate that one
reason the tool was especially beneficial in our setting is that hearing loss creates a relatively
localized bottleneck. Food delivery work in China does not require a lot of speaking, but
speaking can be especially useful in one part, i.e., for communicating with customers. By
contrast, we would expect smaller benefits from a tool like ours in jobs where a disability may
affect many complementary aspects of work (e.g., for DHH physicians). Still, we believe that
in many other jobs, a person’s disability creates a localized bottleneck that a modern TTS
tool or another Al-enabled accommodation might be useful for.** Across disabilities, where
TTS itself does not apply, this logic suggests which technologies could play the analogous
role. Many human faculties involve prediction, the core function of modern AI (Agrawal et
al., 2018). In the context of deafness, Al predicts how “natural” speech should sound. For
visual impairment, Al tools such as Seeing Al and OrCam MyEye use images and video
to predict what is nearby and narrate the environment (Granquist et al., 2021). Al may
also enable smart wheelchairs for people with mobility impairments (Giansanti and Pirrera,
2025), smart glasses to help people with autism spectrum disorder interpret emotional cues
(Iannone and Giansanti, 2024), and brain—computer interfaces (e.g., Neuralink) that restore
greater control to people with paralysis. Future work could evaluate such technologies.

Our results on T'TS effects are specific to food delivery work, a job with short, frequent
interactions with customers, decentralized work, limited educational requirements, and heavy
use of smartphones. Other jobs sharing these features include ride-hailing (e.g., Uber, Lyft,
Didi); package delivery and last-mile logistics; home services and on-demand repairs; field
sales and merchandising; and customer-facing retail or hospitality roles. It is possible that

TTS-style tools could be useful in such settings, though future research is needed.

43For example, a blind or low-vision person might be fine with most aspects of knowledge work, but face a
bottleneck in accessing visual information: she or he could benefit from an Al tool like Seeing Al. Likewise,
someone with dyslexia may perform well in most aspects of a marketing job, but face a localized bottleneck
related to spelling or drafting written text, and AI writing tools could be useful for this.
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Public policy implications. An important policy question is whether governments
should subsidize disability accommodation—e.g., by encouraging applications of Al-enabled
technologies to different disabilities. In our particular setting, we estimate that it was pri-
vately beneficial for the Platform to introduce the T'TS tool, with benefits much larger than
costs. On the Platform, the sizable number of DHH workers increases the return to imple-
menting the tool. More broadly, firms may have incentives to implement similar technologies,
without subsidies, when the disability is common and per-worker gains are high. However,
public support may be warranted when there is a wedge between social and private benefits—
when an accommodation would generate substantial gains for disabled workers that firms
do not capture, but private returns are too small to induce adoption, as may occur for rarer
disabilities. Separately, while news stories often emphasize adverse aspects of Al like job

loss, Al-enabled tools like ours may help reduce inequality (Acemoglu et al., 2026).

The value of data. Separate from its analysis of a modern TTS tool, our paper
illustrates the value of granular administrative data in understanding the contributions of
disabled workers. In analyzing DHH worker performance, one might naturally focus on speed
of work. While DHH workers are slower, they also work more hours and quit much less,
consistent with having worse outside options. We speculate that some organizations might
“under-notice” this “loyalty benefit” of disabled workers. Big data within organizations can

illuminate the ways in which disabled workers do or do not benefit organizations.
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Figure 1: Pre-TTS Differences in Workplace Outcomes Between DHH and Non-Disabled Workers
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Main notes: This figure visually summarizes gaps between DHH and non-disabled workers during the pre-TTS period. For each outcome, each bar
represents a percentage difference associated with being a DHH worker. Each bar graph comes from estimating equation (2) with a different outcome,
with the coefficient shown in the bar and the 95% confidence interval accounting for clustering by driver shown in the line. For all outcomes except
late deliveries, bad ratings, and attrition, percentages are derived from an inverse hyperbolic sine transformation of the dependent variable; these
coeflicients approximate log differences and are interpretable as percent changes. For late deliveries, bad ratings, and attrition, the plotted value is a
non-transformed OLS coefficient divided by the pre-TTS DHH mean, giving the percent difference relative to the pre-TTS DHH baseline. See column
1 of Table A.5 for the underlying regressions plotted here. The data are from 16,912 workers and have 180,375 worker-weeks.

Efficiency notes: In the green bars, Order Acceptance Time is time from order placement to a worker accepting it, Pickup Time is time from accepting
the order to receiving the food from the restaurant, and Delivery Time is time from pickup to customer delivery. These times are measured in minutes
per order averaged over the week for each worker. Late Deliveries is the number of late deliveries per 10,000 orders. Bad Ratings is the number of bad
ratings in a week. Orders per Service Hour measures orders completed per service hour, and is calculated as 60/(t1 + t2 + t3), where the denominator
is the sum of average minutes spent in each stage of an order.

Labor supply notes: In the purple bars, Hours Online is total hours the worker was online and available for orders, Work Days is number of days the
worker was active in that week, and Attrition is a dummy for exiting the Platform.

Total output notes: In the blue bars, Orders is the total number of delivery orders completed by a worker in a given week. We also show Orders
results separately for team and gig workers.

Income, wages, and profits notes: In the orange bars, Income is a driver’s weekly gross earnings. Since hours data are missing for some drivers, we
also show results on income restricted to drivers with non-missing hours in Income (hours sample). Hourly wage is equal to income divided by hours.
Hourly wage excluding penalties is similar to Hourly wage, but excludes bad ratings penalties from income. Profits is profit for the Platform.
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Figure 2: Pre-TTS Tenure-Productivity Curves: Time Spent on Different Parts of the Order on Months of Tenure
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Notes: This figure examines how mean worker speed at different stages of the delivery process varies with worker tenure on the Platform. It plots
time spent per order at different stages across each month of a worker’s tenure, separately for DHH and non-disabled workers. The three time
measures (order acceptance time, pickup time, and delivery time) are defined as in Figure 1. Each point on a curve represents the estimated average
time at a given tenure month, obtained from the specification described in the main text. The red solid line corresponds to DHH workers, and the
blue dashed line corresponds to non-disabled workers. The first month for non-disabled workers is normalized to zero; we then rescale all coefficients
by adding back the average time for non-disabled workers in their first month. Thus, at “Month 1,” the figure shows the average per order time for
workers in their first month of tenure. Error bars indicate 95% confidence intervals, with standard errors clustered at the worker level. The sample is
workers in the pre-TTS period, restricting to worker-weeks during the first 12 months of worker tenure.
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Figure 3: The Impact of the TTS Tool on the Outcomes of DHH Workers
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Notes: This figure shows DiD estimates of the impact of the TTS tool on DHH workers. Each bar reports the percentage change in outcomes for
DHH workers relative to non-disabled workers following the tool’s introduction. Positive values indicate improvements for DHH workers relative to
non-disabled workers (e.g., higher output or earnings). For duration-based outcomes and negative performance indicators (e.g., delivery times, bad
ratings), negative values represent improvements. Error bars denote 95% confidence intervals, with standard errors clustered by workers. Outcome
definitions and outcome categories follow Figure 1. Percentages are calculated as in Figure 1: inverse hyperbolic sine regressions (with coefficients
shown) for most outcomes, and non-transformed OLS coefficients divided by the pre-T'TS DHH mean for late deliveries, bad ratings, and attrition.
See column 1 of Table A.6 for the underlying regressions plotted here. The sample is the full sample of drivers summarized in Table 1, so the maximum
sample size is 480,070 worker-weeks from 43,605 workers. Of these workers, 11,724 are singletons (i.e., appear in the data for only one week). For
outcomes other than attrition, which are estimated with worker fixed effects using reghdfe in Stata 17, singleton observations are perfectly absorbed
by the worker fixed effects and do not contribute to estimation, and reghdfe drops them. Attrition models do not include worker fixed effects, so
singletons contribute there. Throughout the paper, we report sample sizes prior to any exclusions from reghdfe. As noted in Figure A.15, our results
are robust to restricting to drivers working at least one week pre- and post-TTS.
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Figure 4: Event Study Analysis: Effects of the TTS Tool on Productivity
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Notes: This figure presents an event study analysis of the introduction of the TTS tool. The x-axis shows event time in months relative to the
intervention, with 0 denoting the first month in which the tool is in effect. The underlying data are weekly; months are defined as 4-week periods,
anchored on the exact week of implementation. The event study window covers 6 months before and 10 months after the intervention; observations
outside this window are pooled into the boundary coefficients at —7 and 410 (estimated but not plotted). Dots show the event study coefficients, and
whiskers show the 95% confidence intervals accounting for clustering by driver. The y-axis shows the change in outcomes for DHH workers relative
to non-disabled workers, in percentage terms, relative to the omitted month —1 (the month before the tool’s introduction); under parallel trends,
post-period coefficients give the effect of the TTS tool on DHH workers. Percentages are calculated as in Figure 3. The sample used here is the full
sample of drivers summarized in Table 1.
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Figure 5: Event Study Analysis: Effects of the T'T'S Tool on Hours, Income, Wages, and Profits
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Notes: This figure is similar to Figure 4, but examines the effects of the TTS tool on DHH workers’ hours online, income, wages, and on Platform
profits from DHH workers. All these variables are defined in the main text and also described in Figure 1. Dots show the event-study coefficients, and
whiskers show the 95% confidence intervals, accounting for clustering by worker. The y-axis is defined as in Figure 4: it shows the change in outcomes
for DHH workers relative to non-disabled workers, in percentage terms, relative to the omitted month —1, with post-period coefficients giving the
effect of the TTS tool under parallel trends. The sample used here is the full sample of drivers summarized in Table 1.
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Figure 6: Tenure-Productivity Curves on Number of Orders Completed, Before and After the TT'S Tool
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Notes: This figure examines how the productivity trajectory of new workers over their first year differs before and after the introduction of the TTS
tool. The figure plots the average number of orders completed as a function of months of tenure. Error bars show 95% confidence intervals accounting
for clustering by worker. The red solid line corresponds to DHH workers, and the blue dashed line corresponds to non-disabled workers. Tenure
profiles are constructed following the same cohort-based approach as Figure 2, but are split by whether workers had access to the TTS tool from
the start of their tenure. The TTS tool was implemented in mid 2022 at time tq. Panel (a), Pre-TTS tool, displays tenure profiles for workers who
entered the Platform prior to the T'TS tool, and we include their observations until #y3. For example, if someone joins the Platform at time ty — 2,
we include two months of tenure for this worker, corresponding to months ¢y — 2 and tg — 1. Panel (b) consists of workers who enter the Platform
after the TTS tool is introduced. In Panel (a), the sample includes 176,221 worker-week observations from 16,912 workers, of whom 1,515 are DHH
and 15,397 are non-disabled. In Panel (b), the sample includes 183,193 worker-week observations from 26,693 workers, of whom 2,769 are DHH and
23,924 are non-disabled. We restrict to worker-weeks during the first 12 months of worker tenure.



Figure 7: Tenure-Productivity Curves in Bad Ratings, Before and After the TTS Tool
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Notes: This figure is similar to Figure 6, but the outcome is bad customer ratings, measured in terms of bad ratings per 10,000 orders. Error bars
show 95 percent confidence intervals accounting for clustering by worker. The samples in each panel are the same as in Figure 6. Appendix Figure
A.17 shows that results are similar when the dependent variable is a worker’s weekly count of bad ratings instead of ratings per 10,000 orders.



Figure 8: Survival Curves: Before and After the T'TS Tool
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Notes: This figure is similar to Figure 6, but shows survival curves as the outcome. The y-axis reports the fraction of workers remaining active on

the Platform (i.e., not exited) and the x-axis reports the number of weeks since initial registration. The samples in each panel are the same as in
Figure 6.



Figure 9: Heterogeneous Treatment Effects of the T'T'S Tool by Disability Severity
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Notes: This figure examines how impacts of the TTS tool vary according to disability severity. Each
dot-and-whisker plot is calculated using a regression where DHH workers of a given severity are compared
to non-disabled workers. Each dot or square represents the treatment effect of the TTS tool on DHH
workers of a given severity. The whiskers show 95% confidence intervals accounting for clustering by driver.
The p-values shown are from tests of whether there is a differential effect by disability severity. Each
p-value is calculated from one regression with two key interaction terms, Profound DHH; x Post; and
Non-profound DHH, x Post;, testing whether the two interactions are different, where Profound DHH; and
Non-profound DHH, are dummies for having profound hearing loss (HL) and non-profound HL,
respectively. As described in Section 1, severity follows the official Chinese four-level classification (GB/T
26341-2010), where Level 1 is profound HL, corresponding to more than 90 decibels of HL, and Level 4 is
moderate (41-60 decibels of HL). Severity level is based on a worker’s government certificate of disability.
The sample here is the full sample of drivers summarized in Table 1.
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Table 1: Mean Characteristics of DHH and Non-disabled Workers

DHH Non-Disabled Full P-Value of
Workers Workers Sample Difference

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

Panel A: Worker Demographics

Age 32.8 30.3 30.5 0.00
Male 92.6% 90.8% 91.0% 0.00
Panel B: Work Model

Team worker 35.4% 36.4% 36.3% 0.18
Gig worker 64.6% 63.6% 63.7% 0.18
Panel C: Disability Severity for DHH Workers

Level 1: Profound hearing loss 53.6%

Level 2: Severe hearing loss 16.5%

Level 3: Moderate-Severe hearing loss 14.2%

Level 4: Moderate hearing loss 15.7%

Panel D: Distance & Geography Variables

Driver is in a big city 36.6% 32.3% 32.7% 0.00
Driver is in Shanghai 7.27% 5.58% 5.75% 0.00
Driver is in Beijing 3.60% 3.36% 3.38% 0.40
Driver is in Eastern China 64.2% 58.2% 58.8% 0.00
Avg. distance bwn. restaurant and customer, in km 2.24 2.16 2.17 0.00
Unique restaurants served, per week 73 65 66 0.00
Number of workers 4,284 39,321 43,605

Number of worker-weeks 70,301 409,769 480,070

Notes: This table provides summary statistics on food-delivery workers on the Platform, both deaf or hard of hearing (DHH) and non-disabled. We
use data from the whole sample period of 2021-2023. Column (1) shows DHH worker averages; (2) shows non-disabled worker averages; (3) is the
full sample average. Column (4) reports the p-value for the difference in means between DHH and non-disabled workers. The unit of observation is
a worker for demographics. In Panel A, age is age upon joining the Platform. In Panel B, Team worker and Gig worker are dummies for a driver’s
work model, also called their registration type. Panel C reports the distribution of disability severity among the DHH workers in column 1. Severity
follows the official four-level classification (GB/T 26341-2010). Level 1 is profound hearing loss, meaning loss of greater than 90 decibels; Level 2 is
severe hearing loss of 81-90 decibels; Level 3 is moderately severe hearing loss of 61-80 decibels; and Level 4 is moderate hearing loss of 41-60 decibels.
Level 4 is the lowest level of severity to have a certificate of disability in China. Severity is based on government medical certificates of disability,
which are provided by drivers to the Platform. Big cities cover the top 10 cities in China by population: Chongqing, Shanghai, Beijing, Chengdu,
Guangzhou, Shenzhen, Wuhan, Tianjin, Xi’an, and Suzhou. Eastern China provinces include: Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang,
Fujian, Shandong, Guangdong, and Hainan. Location information is missing for 2,904 workers in the full sample (about 7%).
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Table 2: Descriptive Statistics for Key Outcome Variables, All at the Worker-Week Level

Mean Median Std. Dev.  Obs.  Workers
(1) (2) (3) (4) (5)

Panel A: Efficiency/productivity: Quantity and Quality
Order Acceptance Time: minutes from customer payment to order acceptance 3.37 2.48 9.20 464,717 42,281
Pickup Time: minutes from order acceptance to restaurant pickup 11.97 11.47 6.86 464,850 42,293
Delivery Time: minutes from restaurant pickup to customer delivery 14.18 13.44 5.10 465,546 42,367
Late Deliveries per 10k orders 416.44  134.23 816.42 480,070 43,605
Bad Ratings per Week 0.093 0.00 0.365 480,070 43,605
Week where worker gets at least one Bad Rating, 0 or 1 0.076 0.00 0.265 480,070 43,605
Good Ratings per Week 9.32 6.00 12.30 480,070 43,605
Week where worker gets at least one Good Rating, 0 or 1 0.816 1.00 0.387 480,070 43,605
Panel B: Labor Supply on the Platform
Hours Online, in hours per week 40.42 37.85 29.19 343,733 34,965
Work Days per week 5.31 6.00 2.13 480,070 43,605
Driver attrites from the Platform, 0 or 1 0.077 0.00 0.267 456,192 40,567
Panel C: Total Output
Total Orders 152.39  127.00 141.52 480,070 43,605
Peak Hour Orders 90.92 76.00 88.42 480,070 43,605
Total Orders, restrict to Team drivers only 212.35  205.00 146.18 272,986 15,828
Total Orders, restrict to Gig drivers only 73.35 42.00 85.28 207,084 27,777
Panel D: Income, Wages, and Profits
Driver Income, in CNY per week Confid. Confid. Confid. 480,070 43,605
Driver Income, restrict to weeks with hours data, in CNY per week Confid. Confid. Confid. 343,733 34,965
Hourly Wage, in CNY per hour Confid. Confid. Confid. 342,061 34,909
Hourly Wage, excluding any bad rating penalties from income, in CNY per hour Confid. Confid. = Confid. 342,061 34,909
Platform Profits from a driver, in CNY per week Confid. Confid. Confid. 480,070 43,605

Notes: This table summarizes weekly work outcomes for workers on the Platform. We use data from the whole sample period of 2021-2023. The
unit of observation is a worker-week. Outcome definitions and grouping into the four categories are the same as in Figure 1. The “Confid.” marking
indicates that certain summary statistics cannot be shared due to confidentiality requirements. An observation in column 4 is a worker-week. The
attrition outcome has fewer observations than other outcomes because it excludes the last 7 weeks of 2023: since attrition is defined as 8 consecutive
weeks of no activity, the last week in which an attrition decision can be observed is the 8th-to-last week of the sample. Appendix Table A.2 presents
summary statistics separately for DHH and non-disabled workers. Appendix Table A.3 presents summary statistics separately for gig and team

workers.



Table 3: Sources of Pre-TTS Profit Differences and of Profit Impact of the TTS Tool

Component Share
Panel A: Sources of Pre-TTS Profit Differences
Orders 85%
Bad Ratings -4%
Onboarding 19%
Panel B: Sources of Profit Impact
Orders 93%
Bad Ratings 2%
Onboarding 5%

Notes: Profit has three components as in equation (1): profit from orders (order revenue minus wage pay-
ments), penalty from bad ratings, and onboarding cost. To assess the relative importance of each component,
we convert all three to a common CNY scale. For each component j, we multiply the estimated percentage
difference Bj—from Figure 1 for Panel A and from Figure 3 for Panel B—by the component’s signed average
profit contribution g; (negative for bad-rating penalties and onboarding costs) to obtain an implied CNY
impact Ay; = Bj -y;. Bach component’s share is its implied CNY impact divided by the sum across all three
components.

Table 4: Worker Surplus from the TTS Tool: Sufficient-Statistic Calculations

Worker surplus,
% of pre-TTS earnings

Panel A: Excluding amenity changes

Baseline 3.9 (1.5)
Workers present pre- and post-TTS 3.6 (1.6)
Panel B: Including amenity changes

n=1 11.7 (4.1)
n=15 7.7 (2.7)
n=2 5.7 (2.0)
Panel C: By disability severity, excluding amenity changes
Profound HL 7.4 (2.4)
Non-profound HL 1.3 (1.8)

Notes: The table reports the welfare gain to DHH workers from the TTS tool, expressed as a percent of their
pre-TTS weekly earnings, with delta-method standard errors in parentheses. Each entry applies equation (4)
to the effects of the TTS tool on hourly wages and on weekly hours online, estimated separately for each row;
the overall effects are reported in Figure 3 and those by disability severity in Figure 9. The estimates for
workers present pre- and post-TTS—i.e., restricting to workers with at least one week of data both before
and after the tool—are from column 5 of Appendix Table A.6. Panels A and C assume the tool benefits
workers only through the higher hourly wage—i.e., that it does not change the amenity value of Platform
work—so that the entire increase in hours is movement along a fixed labor supply curve to the Platform;
this makes these estimates lower bounds on the welfare gain. Panel B allows the tool to also raise the
non-pecuniary value of Platform work, such as by reducing stress and difficult customer interactions. Here
1 denotes the elasticity of weekly hours on the Platform with respect to the hourly return to Platform work:
our wage and hours estimates imply 1 = 2.9, above existing estimates for ride-hail drivers and other workers
with flexible hours, which mostly lie between about ong and two (see Appendix E.4), and Panel B attributes
the excess increase in hours to improved amenities.



Web Appendix for “Empowering Inclusive Work”
by Yanyou Chen, Mitchell Hoffman, Huilan Xu, and Zhe Yuan

The Web Appendix is organized as follows. Appendix A provides additional figures and
tables (with a guide at the start). Appendix B reviews prior work, largely from outside
economics, on the productivity of disabled workers. Appendix C gives details on the TTS
tool. Appendix D provides background on the evolution of text-to-speech (TTS) technology,
and describes the critical role of Al in T'TS. Appendix E presents additional analysis: a
derivation of Implication 5 (Section E.1), effects on good ratings (Section E.2), DHH worker
entry (Section E.3), welfare calculations quantifying how much DHH workers gain from the
TTS tool (Section E.4), and a mediation analysis (Section E.5). Appendix F describes
hearing loss levels in China. Appendix G discusses potential nondisclosure of DHH status.
Appendix H presents qualitative data on DHH workers.

A Appendix Figures and Tables

Organization. Appendix A figures and tables are grouped into six themes. The themes

roughly follow the order of the main text.

Gaps between DHH and non-disabled workers in the US

Table A.1 \ DHH employment and wage gaps, U.S. labor market

Summary statistics

Tables A.2-A .4 By DHH status; by work model (gig vs. team); by DHH severity

Figure A.1 Raw means over time, DHH vs. non-disabled workers

Figure A.2 Missingness rates for hours data over time

Pre-TTS differences in outcomes (Section 2)

Figure A.3 Pre-TTS differences by work model

Figure A.4 Pre-TTS differences by severity of hearing loss

Table A.5 Pre-TTS differences in tabular form

TTS tool treatment effects and event studies (Section 3.2)

Figure A.5 Main DiD estimates by work model

Table A.6 Extended DiD results: subsamples and specifications

Figure A.6 Event studies by work model

Figure A.7 Event study extended through month 15 post-adoption (months 0-15)

Heterogeneous treatment effects of the TTS tool (Section 3.5)

Figure A.8 By pre-TTS tenure

Figure A.9 By pre-TTS productivity

Figure A.10 Robustness on HTE by disability severity: dosage-response model

Figure A.12 By regional unemployment

Figures A.11, A.13 Robustness on HTE by disability severity and regional unemployment: control-
ling for interactions with age and gender

Robustness checks on impact of TTS tool (Section 3.6)

Figure A.14 Hours sample, matched sample, and additional control variables

Figure A.15 Differential attrition

Figure A.16 Longer-run effects and external validity

Tables A.7, A.8, A.9 | Additional results and robustness: bad ratings; late deliveries; attrition

Figure A.17 Tenure-productivity curves for bad ratings, counts instead of ratings per 10k
orders

A-1



Table A.1: DHH Employment and Wage Gaps in the U.S. General Labor Market
(CPS ASEC 2009-2023)

(1) (2) (3)
Demog. + Demog. + Year Demog. + Year + State
Year FE + State FE + Occ. + Ind. FE

Panel A: Employment (Linear Probability Model)

DHH —0.0836*** —0.0853*** —
(0.0049) (0.0049)

Mean employment rate, non-disabled workers 0.743

Observations 1,540,314

Panel B: Log Hourly Wage (OLS, conditional on employment)

DHH —0.0386*** —0.0348*** —0.0244***
(0.0082) (0.0082) (0.0073)
Observations 983,347

Notes: CPS ASEC microdata from 2009-2023, accessed via IPUMS (Flood et al., 2024); sample restricted to working-age adults aged 1864 (the
CPS disability questions were introduced in mid 2008, so 2008 is not usable). Each observation is a worker (one per person per survey year). DHH
equals 1 if the respondent reports hearing difficulty (DIFFHEAR) and no other difficulty on the five remaining CPS disability questions, and 0 for
the non-disabled comparison group (those reporting no difficulty on any of the six questions, DIFFANY = No). This hearing-only definition matches
our Platform sample, which excludes workers with multiple disabilities. Defining DHH more broadly as anyone reporting hearing difficulty, without
excluding other reported disabilities, yields larger gaps (e.g., an employment gap of 25 percentage points in column (2) of Panel A, and hourly wage
gaps of 6.2% in column (1) and 3.7% in column (3) of Panel B), reflecting that 41% of working-age respondents with hearing difficulty report an
additional disability. Panel A estimates a linear probability model for employment. In Panel B, hourly wages are constructed as annual wage and
salary income divided by weeks worked times usual weekly hours; the top and bottom 1% of the weighted hourly wage distribution are trimmed
before taking logs. Column (1) controls for age, age squared, gender, education categories, race/ethnicity indicators, and year fixed effects; column (2)
further adds state fixed effects; column (3) further adds occupation and industry fixed effects. Column (3) is omitted for Panel A because industry
is only observed for employed workers, making industry fixed effects inapplicable in an employment regression. All regressions are weighted by CPS
ASEC person weights (ASECWT) to produce population-representative estimates. Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, ***
p < 0.01.
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Table A.2: Summary Statistics for Key Outcomes at Worker-week Level: DHH vs. Non-disabled Workers

DHH Workers Non-disabled Workers
Mean Median SD Obs. Mean Median SD Obs.
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Efficiency/productivity: Quantity and Quality
Order Acceptance Time, in minutes 3.96 2.98 10.34 69,444  3.27 2.38 8.97 395,273

Pickup Time, in minutes 11.47 10.94 413 69,462 12.05 11.55 7.23 395,388
Delivery Time, in minutes 14.42 13.85 4.93 69,498 14.14 13.36 5.13 396,048
Late Deliveries per 10k orders 426.81 147.06 811.01 70,301 414.67 131.93 817.34 409,769
Bad Ratings per 10k orders 11.53 0.00 83.23 70,301 9.30 0.00 95.88 409,769
Week with a Bad Rating, 0 or 1 0.09 0.00 0.29 70,301  0.07 0.00 0.26 409,769
Panel B: Labor Supply on the Platform

Hours Online, in hours per week 45.02 46.07 29.05 54,984 39.54 36.16 29.13 288,749
Work Days per week 5.57 7.00 218 70,301  5.26 6.00 2.12 409,769

Driver attrites from Platform, 0 or 1 0.05 0.00 0.22 66,622  0.08 0.00 0.27 389,570

Panel C: Total Output
Total Orders 161.10  141.00 126.66 70,301 150.90 124.00 143.86 409,769
Peak Hour Orders 96.19 85.00 77.27 70,301 90.02 74.00 90.16 409,769

Panel D: Income, Wages, and Profits
Driver Income, in CNY per week Confid. Confid. Confid. 70,301 Confid. Confid. Confid. 409,769

Hourly Wages Confid. Confid. Confid. 54,675 Confid. Confid. Confid. 287,386
Platform Profits from a driver Confid. Confid. Confid. 70,301 Confid. Confid. Confid. 409,769
Workers 4,284 39,321

Notes: This table is similar to Table 2 in the main text, but provides summary statistics separately for DHH workers and for non-disabled workers.
Summary statistics use the full sample period, including both pre- and post-TTS observations.
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Table A.3: Summary Statistics Comparing Gig vs. Team Workers

Gig Workers Team Workers

Mean Median SD Obs. Mean Median SD Obs.
(1) (2) (3) (4) (5) (6) (7) (8)
Panel A: Efficiency/productivity: Quantity and Quality
Order Acceptance Time, in minutes 4.17 3.29 3.65 206,131 2.74 2.01 11.85 258,586

Pickup Time, in minutes 11.06 10.65 3.55 206,201  12.69 12.07 8.57 258,649
Delivery Time, in minutes 16.69 16.24 5.45 206,237 12.19 11.84 3.76 259,309
Late Deliveries per 10k orders 517.33 140.85 981.70 207,084 339.91 132.16 653.86 272,986
Bad Ratings per 10k orders 15.60 0.00 135.09 207,084  5.09 0.00 41.15 272,986
Week with a Bad Rating, 0 or 1 0.07 0.00 0.26 207,084  0.07 0.00 0.26 272,986
Panel B: Labor Supply on the Platform

Hours Online, in hours per week 22.83 15.55 21.54 172,695 58.17 61.83 24.83 171,038
Work Days per week 4.25 4.00 2.23 207,084 @ 6.11 7.00 1.65 272,986

Driver attrites from Platform, 0 or 1 0.12 0.00 0.32 195,834  0.05 0.00 0.21 260,358

Panel C: Total Output
Total Orders 73.35 42.00 85.28 207,084 212.35 205.00 146.18 272,986
Peak Hour Orders 42.87 22.00 54.47 207,084 127.38 125.00  91.75 272,986

Panel D: Income, Wages, and Profits
Driver Income, in CNY per week Confid. Confid. Confid. 207,084 Confid. Confid. Confid. 272,986

Hourly Wages Confid. Confid. Confid. 171,184 Confid. Confid. Confid. 170,877
Platform Profits from a driver Confid. Confid. Confid. 207,084 Confid. Confid. Confid. 272,986
Panel E: Worker Characteristics

Age 30.8 30.1

Male 90.2% 92.3%

Driver is in a big city 34.8% 26.4%

Workers 27,777 15,828

DHH Workers 2,769 1,515

Non-disabled Workers 25,008 14,313

Notes: Panels A-D are similar to Table 2 in the main text, reporting worker-week-level summary statistics separately for gig and team workers. The
“Confid.” marking indicates that certain statistics cannot be shared due to confidentiality requirements. Panel E reports worker-level
characteristics, similar to Table 1 in the main text, averaged across workers within each group. Summary statistics use the full sample period,
including both pre- and post-TTS observations.
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Table A.4: Summary Statistics Comparing Profound DHH Workers vs. Non-Profound DHH Workers

Profound DHH Workers Non-profound DHH Workers

Mean  Median SD Obs. Mean  Median SD Obs.
(1) (2) (3) (4) (5) (6) (7) (8)
Panel A: Efficiency/productivity: Quantity and Quality
Order Acceptance Time, in minutes 3.72 3.11 2.97 34,218 4.19 2.85 14.22 35,226

Pickup Time, in minutes 11.69 11.15 3.74 34224 11.25 10.75 4.46 35,238
Delivery Time, in minutes 14.98 14.30 4.83 34,244 13.87 13.33 497 35,254
Late Deliveries per 10k orders 448.67 161.29 82742 34444 405.80 132.45 794.38 35,857
Bad Ratings per 10k orders 12.29 0.00 91.38 34,444  10.80 0.00 74.55 35,857
Week with a Bad Rating, 0 or 1 0.10 0.00 0.30 34,444  0.08 0.00 0.28 35,857
Panel B: Labor Supply on the Platform

Hours Online, in hours per week 46.47 50.20 28.88 26,430 43.68 41.98 29.15 28,554
Work Days per week 5.52 7.00 2.08 34,444  5.63 7.00 2.26 35,857

Driver attrites from Platform, 0 or 1~ 0.06 0.00 0.23 32,759  0.04 0.00 0.21 33,863

Panel C: Total Output
Total Orders 170.65 160.00 126.29 34,444 151.92 122.00 126.35 35,857
Peak Hour Orders 104.88  100.00 78.88 34,444  87.85 71.00 74.75 35,857

Panel D: Income, Wages, and Profits
Driver Income, in CNY per week Confid. Confid. Confid. 34,444 Confid. Confid. Confid. 35,857

Hourly Wages Confid. Confid. Confid. 25,068 Confid. Confid. Confid. 27,207
Platform Profits from a driver Confid. Confid. Confid. 34,444 Confid. Confid. Confid. 35,857
Panel E: Worker Characteristics

Age 31.1 34.9

Male 90.4% 95.0%

Driver is in a big city 42.2% 31.4%

Workers 2,295 1,989

Notes: Panels A-D are similar to Table 2 in the main text, reporting worker-week-level summary statistics separately for DHH workers with
profound hearing loss (Level 1; >90 dB) and non-profound hearing loss (Levels 2-4), who together constitute the full DHH sample. The “Confid.”
marking indicates that certain statistics cannot be shared due to confidentiality requirements. Panel E reports worker-level characteristics, similar to
Table 1 in the main text, averaged across workers within each group. Summary statistics use the full sample period, including both pre- and
post-TTS observations.



Figure A.1: Comparison of Raw Means Between DHH and Non-disabled Workers
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Figure continues on the next page.
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Figure A.1: Comparison of Raw Means Between DHH and Non-disabled Workers (continued)
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Figure A.1: Comparison of Raw Means Between DHH and Non-disabled Workers (continued)
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Notes: This figure compares raw means of outcomes for DHH workers (red) and non-disabled workers (dark
blue, dashed). The left panels show results for all workers. There are 43,605 workers in total, including 4,284
DHH workers and 39,321 non-disabled workers. The right panels show results for workers who remained
continuously active on the platform (i.e., did not exit) from month —6 before the TTS implementation to
month 7 after the TTS implementation. This sample includes 779 workers in total, with 107 DHH workers
and 672 non-disabled workers. Bad ratings are shown in two ways (following footnote 24 in the main text)
as a weekly count (panels (e) and (f)), consistent with the main analysis, and as bad ratings per 10,000
orders (panels (g) and (h)), which normalizes by order volume. Since these are raw means, we show Hours
Online separately for gig and team workers (panels (i)—(1)). Hours data become available for gig workers
at week ty — 46 and for team workers only at week ty — 4, where ty is the week of TTS implementation
(see Figure A.2). Showing the two groups in a single pooled series would therefore conflate differences in
outcome levels with differences in coverage periods. This is not a concern for our DiD analyses, where work
model fixed effects ensure the comparison is always made within work model. The apparent increase in
hours around ¢y for team workers (panels (k) and (1)) reflects that hours data are only available for the final
few weeks of month —1, so the pre-TTS data point is an average over an incomplete month rather than a
true behavioral change. For confidentiality, the income variable (panels (m) and (n)) and the hourly wage
variable (panels (o) and (p)) are demeaned using the sample average, with the same value subtracted for
both DHH and non-disabled workers. Income is in CNY per week and hourly wage is in CNY per hour.



Figure A.2: The Share of Worker-Weeks with Missing Hours Data Over Time
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(b) Share of worker-weeks with missing hours, split by work model and DHH status

Notes: This figure shows the share of worker-weeks with missing hours data over time. The dotted vertical
line shows when the TTS tool is implemented. Panel (a) shows the overall share of missing hours data over
time. As seen in panel (b), which shows missing rate broken down by work model (gig or team) and DHH
status, hours data become available for gig workers at week to— 46, and then for team workers at week tg—4,
where t; is the week of TTS implementation. -



Figure A.3: Pre-TTS Differences Between DHH and Non-disabled Workers: Gig and Team Workers Separately
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Notes: This figure reproduces the analysis in Figure 1, but splits the sample by gig workers and team workers. As discussed in the main text, gig
workers operate individually, exercise full discretion over their working hours, and decide which orders to accept. We plot pre-TTS differences for
DHH gig workers vs. non-disabled gig workers, as well as pre-TTS differences for DHH team workers vs. non-disabled team workers. Each bar is
estimated from a separate regression in the corresponding subsample (gig or team workers). The p-values shown are from tests of equality between
gig and team workers. For example, looking at orders, among gig workers, DHH workers do 0.7% more orders than non-disabled workers, whereas
among team workers, DHH workers do 8.7% more orders than non-disabled workers, and the difference is not statistically significant (p = 0.13).

The p-values are based on pooled regressions with interaction terms that test equality of the underlying OLS coefficients across groups. For
outcomes estimated using IHS transformation (orders, delivery time, hours online, income), the tests are conducted on IHS coefficients; for outcomes
estimated in levels (late deliveries, bad ratings, and attrition), the tests are conducted on level coefficients. Because the plotted coefficients are scaled
by group-specific pre-TTS means, the p-values need not correspond exactly to visual differences in the bars.
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Figure A.4: Pre-TTS Differences Between DHH and Non-disabled Workers: Splitting by Severity of Disability
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Notes: This figure reproduces the analysis in Figure 1, but splits DHH differences by severity of disability. As discussed in Section 1 of the main
text, profound hearing loss (Level 1 in the Chinese system) is loss of more than 90 decibels. Non-profound hearing loss is loss of 41-90 decibels. The
p-values shown are from tests of equality between profound and non-profound HL workers. We divide the raw coefficients by the pre-TTS DHH mean
within each severity level to obtain the percentages shown.



Table A.5: Pre-TTS Differences Between DHH and Non-disabled Workers

Control for
Avg. Distance

Gig Team from Restaurant
Baseline Workers Workers to Customer
(1) (2) (3) (4)
Panel A: Efficiency
Order Acceptance Time 0.034** 0.081*** -0.020 0.032**
(0.016) (0.030) (0.014) (0.015)
Pickup Time -0.006 -0.014 -0.001 -0.007
(0.009) (0.013) (0.013) (0.009)
Delivery Time 0.045*** 0.022 0.055*** 0.041***
(0.011) (0.014) (0.015) (0.010)
Late Deliveries 0.087** 0.107** 0.095* 0.087**
(0.035) (0.048) (0.053) (0.035)
Bad Ratings 0.313*** 0.310*** 0.351*** 0.313***
(0.058) (0.081) (0.083) (0.058)
Orders per Service Hour -0.019** -0.017** -0.015 -0.017**
(0.009) (0.008) (0.015) (0.009)
Panel B: Labor Supply
Hours Online 0.049 0.045 0.060* 0.049
(0.044) (0.049) (0.034) (0.044)
Work Days 0.043*** 0.024 0.051*** 0.043***
(0.010) (0.019) (0.008) (0.010)
Attrition -0.414*** -0.284*** -0.630*** -0.414***
(0.041) (0.047) (0.071) (0.041)
Panel C: Total Output
Orders 0.053** 0.007 0.087*** 0.053**
(0.026) (0.048) (0.024) (0.026)
Panel D: Income, Wages, and Profits
Income 0.054** 0.007 0.089*** 0.054**
(0.026) (0.048) (0.026) (0.026)
Hourly Wage -0.102%** -0.115%** 0.010 -0.088***
(0.020) (0.022) (0.020) (0.019)
Hourly Wage Excluding Penalties -0.094*** -0.107*** 0.012 -0.080***
(0.020) (0.022) (0.020) (0.019)
Profits 0.118*** 0.098 0.112%** 0.118***
(0.040) (0.073) (0.032) (0.040)
Mazimum worker-weeks in column 180,375 77,016 103,359 180,375
Workers 16,912 10,019 6,893 16,912

Notes: Standard errors clustered by worker in parentheses. Each coefficient here is from a separate regression. Each regression follows the procedure in Section 2.1. For all
outcomes besides late deliveries, bad ratings, and attrition, we use an inverse-hyperbolic sine transform on y. For late deliveries, bad ratings, and attrition, the coefficients
shown here are the OLS regression coefficients divided by the pre-TTS DHH mean, so that the coefficients here can be interpreted as percentage differences. Significance levels:
* p<0.1, ** p<0.05, *** p<0.01. Column 1 is the baseline specification using the full panel. Column 2 restricts the sample to gig workers only. Column 3 restricts the sample
to team workers only. Column 4 uses the same specification as Column 1 but additionally controls for the average distance from restaurant to customer, where average distance
is measured at the worker-week level.
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Figure A.5: Impact of the TTS Tool on DHH Worker Outcomes: Gig and Team Workers Separately
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Notes: This figure reproduces the analysis in Figure 3, focusing exclusively on gig or team workers. As discussed in the main text, gig workers operate
individually, exercise full discretion over their working hours, and decide which orders to accept. The p-values shown are from tests of equality between
gig and team workers in the impact of the TTS tool. For example, the TTS tool raises the orders of gig workers by 15.1%, raises the orders of team

workers by 7.7%, and the difference is statistically insignificant (p = 0.29).



Table A.6: The Impact of the TTS Tool on the Outcomes of DHH Workers: Extended Results

Workers Restrict to Control for
_ Exclude Present Observations ~ Avg. Distance
Gig Team First 4 Both Pre-TTS with Hours from Restaurant
Baseline Workers Workers ~ Months Post-TTS & Post-TTS Data to Customer
(1) (2) (3) (4) (5) (6) (7)
Panel A: Efficiency
Order Acceptance Time -0.008** -0.010* 0.003 -0.010* -0.006 -0.001 -0.009**
(0.004) (0.005) (0.005) (0.006) (0.004) (0.004) (0.004)
Pickup Time -0.004 0.002 -0.006 -0.005 -0.006 0.001 -0.005
(0.004) (0.005) (0.005) (0.005) (0.004) (0.004) (0.004)
Delivery Time -0.035***  -0.025***  -0.040*** -0.051%** -0.035*** -0.026*** -0.037**
(0.004) (0.006) (0.006) (0.006) (0.004) (0.005) (0.004)
Late Deliveries -0.112%** -0.019 -0.193*** -0.148*** -0.135*** -0.011 -0.112%**
(0.038) (0.055) (0.055) (0.044) (0.045) (0.036) (0.038)
Bad Ratings -0.218%** -0.126 -0.269*** -0.252%** -0.197*** -0.086 -0.218***
(0.068) (0.110) (0.088) (0.083) (0.063) (0.073) (0.068)
Orders per Service Hour 0.016*** 0.009* 0.016*** 0.021*** 0.015%** 0.009** 0.017***
(0.004) (0.005) (0.005) (0.005) (0.004) (0.004) (0.004)
Panel B: Labor Supply
Hours Online 0.106*** 0.133** 0.072*** 0.136*** 0.100*** 0.106*** 0.106***
(0.034) (0.056) (0.025) (0.046) (0.035) (0.034) (0.034)
Work Days 0.035*** 0.069*** 0.017 0.040*** 0.033*** 0.051*** 0.035***
(0.012) (0.026) (0.011) (0.015) (0.012) (0.015) (0.012)
Attrition -0.210***  -0.188*** -0.125 -0.193*** Not app- -0.119** -0.210***
(0.052) (0.067) (0.089) (0.054) licable (0.053) (0.052)
Panel C: Total Output
Orders 0.105*** 0.151** 0.077** 0.129*** 0.101%** 0.128*** 0.105***
(0.031) (0.062) (0.032) (0.038) (0.031) (0.036) (0.031)
Panel D: Income, Wages, and Profits
Income 0.106*** 0.152** 0.078** 0.132*** 0.102*** 0.130*** 0.106***
(0.031) (0.062) (0.033) (0.039) (0.032) (0.036) (0.031)
Hourly Wage 0.036** 0.026 0.046*** 0.027 0.034** 0.036** 0.036**
(0.014) (0.023) (0.016) (0.019) (0.015) (0.014) (0.014)
Hourly Wage Excluding Penalties 0.036*** 0.025 0.046*** 0.033* 0.035** 0.036*** 0.036***
(0.014)  (0.022)  (0.015) (0.019) (0.014) (0.014) (0.014)
Profits 0.168*** 0.183** 0.140*** 0.244*** 0.184*** 0.200*** 0.168***
(0.043) (0.092) (0.039) (0.051) (0.040) (0.058) (0.043)
Mazimum worker-weeks in column 480,070 207,084 272,986 427,612 184,450 343,733 480,070
Workers 43,605 27,777 15,828 40,821 3,397 34,965 43,605

Notes: This table provides extended results on the impact of the TTS tool on DHH workers. Each coefficient reported is from a separate DiD regression. Standard errors
clustered by worker in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01. N varies by outcome; see Table 2 for outcome-specific observations. Column 1 is the
baseline specification that appears in Figure 3. Column 2 restricts the sample to gig workers only. Column 3 restricts the sample to team workers only. Column 4 excludes the
first four months of data after the introduction of the TTS tool. Column 5 restricts the sample to workers who have at least one week of data both pre- and post-TTS; we do
not analyze attrition in column 5 because we are analyzing a sample that is present both before and after TTS implementation. Column 6 restricts to observations with hours
data. Column 7 adds a control for average distance between restaurant and customer, where average distance is measured at the worker-week level.



Figure A.6: Event Study Analysis: Splitting by Gig vs. Team Workers
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Notes: This figure replicates the event studies in Figure 4 and Figure 5, but conducts the analysis separately
for team workers and gig workers. Dots show the event-study coefficients, and whiskers show 95% confidence
intervals clustered at the worker level. The blue dots are for team workers, and the orange squares are for gig
workers. Hours worked data are missing for team workers prior to 1 month before the TTS tool introduction.
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Figure A.7: Event Study Analysis: Robustness to Extended Post-Period
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Notes: This figure replicates the event studies in Figure 4 and Figure 5 by extending the analysis through
month 15 post-adoption (months 0-15). Dots show the event study coefficients, and whiskers show the 95%
confidence intervals accounting for clustering by driver.
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Figure A.8: Heterogeneity in Effects of the TTS Tool by Pre-TTS Tenure
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Notes: This figure presents heterogeneous treatment effects of the TTS tool by pre-TTS worker tenure. For
each outcome, we estimate our main DiD model separately for workers within that group. The p-values
shown are tests for equality of treatment effects between groups and are estimated using a standard
triple-interaction model (including all three double interactions). The p-value is a test of whether the
coeflicient on DH H; x Post; X z; equals zero, where z; is the heterogeneity characteristic of interest, in this
case, pre-TTS tenure. Pre-TTS tenure is categorized as Low or High using a median split across workers,
with tenure measured as of the date of TTS implementation, ¢tg. The sample consists of workers who are
present at tg. There are observations from 482 DHH workers and 2,995 non-disabled workers.
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Figure A.9: Heterogeneity in Effects of the TT'S Tool by Pre-TTS Productivity
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Notes: This figure is similar to Figure A.8, but splits by pre-TTS productivity. To construct the
productivity measure, we first estimate worker fixed effects from a regression of the inverse hyperbolic sine
of weekly orders on worker and year-week fixed effects, using only pre-TTS observations. We then regress
these estimated worker fixed effects on an indicator for team (versus gig) configuration, so that the
resulting residuals capture productivity variation net of systematic differences between team and gig
workers. Workers are classified as high- (low-) productivity if their residual falls above (below) the sample
median. The p-values are defined as in Figure A.8. The sample consists of worker-weeks from 1,515 DHH
and 15,397 non-disabled workers.

A-18



Figure A.10: Robustness on Heterogeneity in the Effects of the TTS Tool by Disability
Severity: Dosage Response Model
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Notes: This figure is similar to Figure 9 in the main text. The difference is that instead of splitting up
DHH workers by profound and non-profound hearing loss, we estimate a dosage response model. Each dot
shows the dosage-response coefficient; the p-value tests whether it equals zero. The original Level 1 (most
severe, > 90 dB hearing loss) to Level 4 (least severe, 41-60 dB) is transformed using Severity = 5 — Level.
The figure plots the coefficient on the triple interaction of DH H; x Post; x Severity,. Whiskers indicate
95% confidence intervals clustered by driver.
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Figure A.11: Robustness on Heterogeneity By Disability Severity: Control for Other Inter-
actions
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Notes: This figure presents a robustness check on heterogeneity by disability severity. It presents analyses
similar to those in Figure 9, but also controls for triple interactions, DHH Xx Post X Female and DHH x
Post x Age, as well as relevant double interactions. This helps address whether our heterogeneity by
severity is standing in for heterogeneity by demographics. The coefficients plotted here are the triple
interactions DH H; x Post; x Profound;. The p-values test whether each plotted triple-interaction
coefficient equals zero. A coefficient different from 0 indicates a differential effect by disability severity.
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Figure A.12: Heterogeneity in the Effects of the T'T'S Tool by Regional Unemployment Level
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Notes: This figure presents heterogeneous treatment effects by regional unemployment level. It is similar to
Figure A.8, but instead splits the sample by regional unemployment rate. Regions are divided into high-
and low-unemployment regions using the median unemployment rate as the cutoff. For each outcome, we
estimate our main DiD model separately for workers in high- and low-unemployment regions, with the two
resulting coefficients plotted. The p-values are tests of whether TTS effects are equal in high- and
low-unemployment regions, based on the triple interaction DH H; x Post; x Low-Unemployment Region,.
The sample includes 31 provincial-level administrative regions (“regions”) in mainland China. Unlike for
other heterogeneity analyses, standard errors are block-bootstrap clustered by region (with 500
replications), reflecting that we study a characteristic that varies by region. We employ the
block-bootstrap cluster since the number of clusters at 31 is relatively small. The sample consists of
worker-weeks from 3,982 DHH and 36,719 non-disabled workers. The sample size is smaller than in our
main analyses because region is missing for some workers. Information on unemployment is from the 2021
China Labour Statistical Yearbook. Low-unemployment regions are Qinghai, Xinjiang, Shanxi, Hunan,
Jiangsu, Anhui, Guangdong, Guangxi, Zhejiang, Tibet, Shanghai, Jiangxi, Shandong, Chongqing, and
Hubei. High-unemployment regions are Hebei, Hainan, Beijing, Heilongjiang, Jilin, Fujian, Henan, Gansu,
Shaanxi, Sichuan, Tianjin, Inner Mongolia, Yunnan, Ningxia, Liaoning, and Guizhou.



Figure A.13: Robustness on Heterogeneity in the Effects of the TTS Tool by Regional
Unemployment Level: Control for Other Interactions
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Notes: This figure presents a robustness check on heterogeneity by regional unemployment. It presents
analyses similar to those in Figure A.12, but also controls for triple interactions, DHH x Post x Female
and DHH x Post x Age, as well as relevant double interactions. This helps address whether our
heterogeneity by regional unemployment is standing in for heterogeneity by demographics. The coefficients
plotted here are the triple interactions DH H; x Post; x Lower Unemployment Region;, where
Low-Unemployment Region, is a dummy for being in a lower unemployment region. The p-values test
whether each plotted triple-interaction coefficient equals zero, with inference conducted as in Figure A.12.
A coefficient different from 0 indicates a differential effect by regional unemployment level.
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Figure A.14: Figure 3 Robustness: Checks on Hours Sample, Matched Sample, and Controls
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Notes: The top panel replicates the baseline analyses in Figure 3. The 2nd panel restricts the sample to
observations with hours data, since hours are missing for many worker-weeks (see Figure A.2); the resulting
sample contains 343,733 worker-week observations from 34,965 workers. The 3rd panel adds a worker-
week-level control for the average restaurant-to-customer distance per order. This variable proxies for order
difficulty, since longer-distance orders may require more travel time, involve greater delivery-time uncertainty,
and take workers farther from dense restaurant areas or into less familiar delivery locations. This specification
uses the same sample as the baseline. The 4th panel adds region-month dummies. The 5th panel performs
the DiD analysis using exact matching, matching each DHH worker to one non-disabled worker based on
entry year, work model (gig or team), city, 5-year age bin, and gender, leaving 2,354 DHH and 2,354 non-
disabled workers. A-23



Figure A.15: Robustness of Figure 3: Robustness Checks on Differential Attrition
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Notes: The top panel replicates the baseline analyses in Figure 3. The middle panel restricts the sample to
drivers observed for at least one week both before and after the introduction of the T'TS tool; this restricted
sample includes 184,450 worker-week observations from 3,397 workers. The bottom panel estimates the
main DiD specification using inverse probability weights to account for differential attrition. Specifically,
we first estimate each worker’s probability of remaining in the sample using a logit model as a function
of DHH; x Post;, several time-invariant worker characteristics (namely, DHH status, gender, age (entered
linearly), and team status (gig vs. team)), and year-week fixed effects. We then weight observations by the
inverse of the predicted probability. Because attrition is defined using eight weeks of subsequent data, it
is undefined in the final weeks of the sample; for those weeks, we fill in each worker’s missing weight with
their mean weight over the post-tool period. Our conclusions are unchanged if we instead drop observations
with missing weights, and also under alternative first-stage specifications (e.g., replacing linear age with
age dummies and adding city and registration year-month fixed effects). The inverse probability weighting
specification uses the baseline sample of 480,070 worker-week observations from 43,605 workers. Attrition is
not analyzed in the middle or bottom panels, as we use strategies there to address concerns about differential
attrition, and analyzing attrition there would be circular.
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Figure A.16: Robustness of Figure 3: Robustness Checks Related to Longer-run Effects and
External Validity
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Notes: The top panel replicates the baseline analyses in Figure 3. The second panel excludes the first four
months after the introduction of the TTS tool, yielding 427,612 worker-week observations from 40,821 work-
ers. The third panel excludes worker-week observations from regions-weeks affected by COVID outbreaks,
leaving 234,004 worker-week observations from 28,303 workers. Under China’s “Dynamic Zero-COVID” pol-
icy, restrictions were localized rather than synchronized nationwide, so their timing and stringency varied
across regions and within regions. Oftentimes, only part of a region would have a COVID outbreak, so we
are being conservative in excluding region-weeks with any outbreak. We identify affected region-weeks using
official government announcements and verify the timing with contemporaneous news reports. The bottom
panel excludes the period when the TTS tool was available on our Platform but not yet on the other major
food delivery platform. Since China’s food delivery market is largely dominated by these two platforms, this
restriction addresses the possibility that temporary cross-platform spillovers, such as worker or customer
reallocation, affect our estimates. This restricted sample includes 391,839 worker-week observations from
38,164 workers.
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Table A.7: Bad Ratings: Pre-TTS Differences, DiD Estimates, and DiD Robustness Checks

(D (2) 3)
Panel A: Pre-TTS Means

Non-disabled DHH
Workers Workers
Mean 0.10 0.15
Panel B: Pre-TTS Difference, Raw and Scaled
OLS coefficient OLS coefficient
OLS, divided by divided by
raw coefficient non-disabled mean DHH mean
DHH 0.047*** 0.470*** 0.313***
(0.009) (0.087) (0.058)
Observations 180,375 180,375 180,375

Panel C: DiD Estimate, Raw and Scaled
OLS coefficient

OLS, divided by
raw coefficient DHH mean
DHH x Post —0.032*** —0.218***
(0.010) (0.068)
Observations 480,070 480,070

Panel D: DiD Robustness, Dependent Variable = Bad Ratings per Week
OLS; coefficient divided

OLS; coefficient by pre-TTS DHH mean,
divided by controlling for
pre-TTS DHH mean Poisson completed orders

DHH x Post —0.218"** —0.185*** —0.239***

(0.068) (0.071) (0.068)
Observations 480,070 480,070 480,070
Panel E: DiD Robustness, Dependent Variable = Bad Ratings per 10,000 Orders

OLS OLS, order-weighted

DHH x Post —2.350** —2.197***

(1.024) (0.568)
Observations 480,070 480,070

Notes: Panel A reports pre-TTS means for non-disabled and DHH workers. Panel B reports the regression-
adjusted pre-TTS difference (DHH vs. non-disabled) from estimating equation (2): the raw OLS coefficient
in levels, the coefficient divided by the non-disabled pre-TTS mean, and the coefficient divided by the DHH
pre-TTS mean. Panel C reports the baseline DiD estimate from equation (3): the raw OLS coefficient and
the coeflicient divided by the DHH pre-TTS mean. Panels D and E examine robustness of the DiD results
to alternative estimation methods, functional forms, and control variables. Each DiD coefficient is from
a difference-in-differences specification using the same fixed effects as in the main text. Standard errors
clustered by worker in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table A.8: Late Deliveries: Pre-TTS Differences, DiD Estimates, and DiD Robustness
Checks

(1) (2) (3)
Panel A: Pre-TTS Means

Non-disabled DHH
Workers Workers
Mean 4.79 5.11
Panel B: Pre-TTS Difference, Raw and Scaled
OLS coefficient OLS coefficient
OLS, divided by divided by
raw coefficient non-disabled mean DHH mean
DHH 0.497* 0.104** 0.097**
(0.275) (0.057) (0.054)
Observations 180,375 180,375 180,375

Panel C: DiD Estimate, Raw and Scaled
OLS coefficient

OLS, divided by

raw coefficient DHH mean
DHH x Post —0.853* -0.167*
(0.497) (0.097)
Observations 480,070 480,070

Panel D: DiD Robustness, Dependent Variable = Late Deliveries per Week
OLS; coefficient divided

OLS; coefficient by pre-TTS DHH mean,
divided by controlling for
pre-TTS DHH mean Poisson completed orders

DHH x Post —0.167* —0.164* —0.255"*

(0.097) (0.094) (0.103)
Observations 480,070 480,070 480,070
Panel E: DiD Robustness, Dependent Variable = Late Deliveries per 10,000 Orders

OLS OLS, order-weighted

DHH x Post —51.15"** —40.60**

(17.09) (17.28)
Observations 480,070 480,070

Notes: Panel A reports pre-T'TS means for non-disabled and DHH workers. Panel B reports the regression-
adjusted pre-TTS difference (DHH vs. non-disabled) from estimating equation (2): the raw OLS coefficient
in levels, the coefficient divided by the non-disabled pre-TTS mean, and the coefficient divided by the DHH
pre-TTS mean. Panel C reports the baseline DiD estimate from equation (3): the raw OLS coefficient and
the coefficient divided by the DHH pre-TTS mean. Panels D and E examine robustness of the DiD results
to alternative estimation methods, functional forms, and control variables. Each DiD coefficient is from
a difference-in-differences specification using the same fixed effects as in the main text. Standard errors
clustered by worker in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table A.9: Attrition: Pre-TTS Differences and DiD Estimates

(0 (2) (3)
Panel A: Pre-TTS Means

Non-disabled DHH
‘Workers Workers
Mean 0.076 0.056
Panel B: Pre-TTS Difference, Raw and Scaled
OLS coefficient OLS coefficient
OLS, divided by divided by
raw coefficient non-disabled mean DHH mean
DHH —0.023*** —0.301*** —0.414***
(0.002) (0.030) (0.041)
Observations 180,375 180,375 180,375

Panel C: DiD Estimate, Raw and Scaled
OLS coefficient

OLS, divided by
raw coefficient DHH mean
DHH x Post —0.012*** —0.210***
(0.003) (0.052)
Observations 456,192 456,192

Notes: Panel A reports pre-T'TS means for non-disabled and DHH workers. Panel B reports the regression-
adjusted pre-TTS difference (DHH vs. non-disabled) from estimating equation (2): the raw OLS coefficient
in levels, the coefficient divided by the non-disabled pre-TTS mean, and the coefficient divided by the DHH
pre-TTS mean. Panel C reports the baseline DiD estimate from equation (3): the raw OLS coefficient and
the coefficient divided by the DHH pre-TTS mean. Panels A and B are based on the pre-TTS sample of
180,375 worker-weeks, whereas Panel C is based on the full attrition sample of 456,192 worker-weeks (the
attrition outcome excludes the final weeks of 2023; see the notes to Table 2). Significance levels: * p<0.1,
** p<0.05, *** p<0.01.
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Figure A.17: Robustness of Figure 7: Tenure-Productivity Curves in Bad Ratings, Before and After the TTS Tool (Count of
Bad Ratings instead of Ratings per 10,000 Orders)
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Notes: This figure is similar to Figure 7, but the outcome is number of bad ratings. Error bars show 95 percent confidence intervals accounting for
clustering by worker. The samples in each panel are the same as in Figure 7.



B Prior Evidence on Productivity of Disabled Workers

This appendix reviews prior evidence on the workplace performance of disabled relative to
non-disabled workers, and discusses why comparisons based on measured individual produc-
tivity at scale have not previously been feasible.

What existing reviews conclude. Systematic reviews find little quantitative evidence
on the productivity of disabled workers. Lindsay et al. (2018) review two decades of empir-
ical studies on the benefits of hiring people with disabilities: of the 39 studies they include,
only nine report evidence related to productivity, and these generally rely on self-reported or
perception-based measures, with the main exception being a small company report (Kaletta
et al., 2012). A more recent review reaches similar conclusions (Saha et al., 2023). Re-
searchers across fields have noted the gap directly. Narayanan and Terris (2020) observe
that the existing literature does not study the productivity implications of employing dis-
abled workers using microdata. In vocational rehabilitation, Cimera (2002, 2006) proposes
an accounting framework for measuring the employer costs and benefits of hiring workers
with disabilities—closely anticipating the profitability question we study—but notes that no
study had carried out such an analysis.

The closest existing studies. Prior evidence falls into five categories.

Employer surveys and ratings. Graffam et al. (2002) survey 643 Australian employers,
each rating one employee with a disability against a hypothetical “average” employee, finding
lower ratings on speed and quality of work but better attendance and lower recruitment and
compensation costs.! A related literature studies employer attitudes and hiring intentions—
rather than ratings of realized performance—typically finding that employers associate hiring
workers with disabilities with reliability and corporate social responsibility, while also citing
concerns about skill and cost (Piramanayagam and Seal, 2021; Dean et al., 2022). Relatedly,
studies of customer responses to disabled frontline employees in retail and hospitality settings
generally find favorable or neutral reactions, moderated by service failures (Rosenbaum et
al., 2017; Madera et al., 2020).

Small-sample studies. Hernandez and McDonald (2010) compare 95 workers with dis-
abilities to 219 workers without disabilities across 13 US firms using supervisor performance
ratings, tenure, and absence records, finding similar performance ratings and longer average
tenure for workers with disabilities; Brickey and Campbell (1981) document longer tenure
among 17 fast-food workers with intellectual disabilities at one firm; Seva (2020) conducts
a two-day time study of four workers with autism at one Philippine firm; and Kaletta et al.
(2012), a company report, studies lift-truck (forklift) safety for 430 drivers (131 with a dis-
closed disability, including 21 who are deaf or hard of hearing), finding fewer safety incidents
among drivers with disabilities.

Team-level operational data. Using daily production data from a single work-integration
social enterprise (a nonprofit whose mission is employing disabled workers), Narayanan and
Terris (2020) and Zhang et al. (2023) relate the mix of disability types within apparel-
manufacturing teams to team output; these studies do not measure individual productivity

Various websites refer to internal DuPont surveys from 1990 indicating broadly similar supervisor ratings
for disabled and non-disabled workers, but we have been unable to locate the underlying report.
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and do not compare disabled with non-disabled workers (the share of non-disabled workers
on a team enters only as a control variable).

Other labor-market outcomes. Some quantitative studies examine outcomes other than in-
dividual productivity. Zwerling et al. (1997) use household survey data to compare occupational-
injury risk among workers with and without disabilities. Other studies examine disability-
related wage gaps using household surveys or linked census and payroll records (Malo and
Pagan, 2012; Liao et al., 2024; Forth and Jones, 2025). These studies sometimes interpret
portions of the wage gap as reflecting productivity-related characteristics, but they do not
observe worker output. At the firm level, Jing et al. (2022) relate an inferred measure of dis-
abled employment to accounting measures of firm performance among publicly listed Chinese
companies. They do not measure the productivity of individual disabled and non-disabled
workers.

Studies based on small-scale interviews. There are also many studies using small-scale
interviews. In the human-computer interaction literature, scholarship uses interviews to
examine challenges faced by DHH workers on gig platforms, including Uber (Lee et al., 2019)
and food delivery in China (Chen et al., 2024b). The Uber study is based on interviews with
five drivers, supplemented by qualitative analysis of in-app feedback, while the China study
relies on interviews with six couriers and four station managers. Neither analyzes large-scale
administrative data nor estimates the impact of any tool or technology.

Why large-scale productivity comparisons may not have been previously fea-
sible. Two data constraints reinforce one another. First, mainstream employers may not
record disability status in a form that can be linked to individual output: disclosure is volun-
tary, and information about disabilities and accommodations is often confidential. Second,
it is often hard to obtain worker-level productivity data from firms. Our setting resolves
both of these constraints. Disability status is verified by a government-issued certificate at
registration, and the Platform’s app records worker output and speed at each stage of the
delivery process.

C Details on TTS Tool: Intelligent Outbound Calling

The TOC feature is integrated into the delivery app. Workers can select from predefined
default messages or input customized messages relevant to specific situations. These text
messages are converted into audio through an advanced T'TS system and sent to the customer
via a cellphone call that appears to originate from the worker’s phone number.

Panel (a) of Figure C.1 displays the default message menu provided by the app. Workers
can quickly select an appropriate option, preview the automatically generated message, and
initiate the automated call instantly.

For situations not covered by the standard messages, workers have the flexibility to
create and store personalized messages. Panel (b) of Figure C.1 illustrates the menu with
customized additions, showing messages a worker has added alongside the defaults to address
real-world delivery challenges.

Appendix D provides background on the TTS technology underlying the IOC, and on
why Al-based speech synthesis is central to the tool’s effectiveness.
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Figure C.1: Screenshot of the Intelligent Outbound Calling Feature

Please select the reason for contact Edit

\The rider urgently needs to contact you.

Your order cannot be delivered in person,
and the rider urgently needs to contact you.

¢ Delivery Notification Your food will be placed in a locker.  Unable to contact

The delivery has arrived. Where are you?
Please select the reason for contact Edit

The door downstairs can‘t be opened.
The rider urgently needs to contact you.

Security won't let the rider in. Food is placed at the gate.
Your order cannot be delivered in person, Please give a good review.
and the rider urgently needs to contact you.

The delivery has arrived. Can't go up with the elevator.
Your food will be placed in a locker.  Unable to contact = +Add Food is placed in the elevator.

Delivery arrived, placed in the delivery cabinet.

Automatically Generated Message (Preview) Pleaseigive a;good review.

Hello, this is from the platform. Due to the rider delivering Delivery arrived. Please give a good review.

your order being a hearing-impaired rider, they urgently need to
contact you. Please communicate with the rider as soon as possible
via in-app messages or text messages to avoid delays in Automatically Generated Message (Preview)
receiving your food or goods.

Hello, this is from the platform. Due to the rider delivering

(a) Default Message Menu your order being a hearing-impaired rider, they urgently need to
contact you. Please communicate with the rider as soon as possible
via in-app messages or text messages to avoid delays in
receiving your food or goods.

(b) Menu with Customized Additions

Notes: Panel (a) shows the default message menu for the Intelligent Outbound Calling feature. Panel
(b) shows the menu with customized additions from one of the DHH workers we worked with, illustrating
messages they added alongside the defaults. The request for “Please give a good review” is likely a polite
way of asking to avoid a bad rating.

D Text-to-Speech Technology and the Role of Al

This appendix provides background on text-to-speech (TTS) technology to clarify the sense
in which the IOC is an Al-based tool. See Tan et al. (2021), Taylor (2009), and Vapi (2025)
for further general discussion and chronology.

Six decades of intelligible but robotic speech. Synthetic speech long predates
modern Al. Mechanical speaking machines date to the 18th century, and Bell Labs demon-
strated the first electronic speech synthesizer, the VODER, in 1939 (Klatt, 1987). From the
1970s onward, rule-based “formant” synthesizers such as MITalk and DECtalk—the latter
famously providing Stephen Hawking’s voice—made TTS practical for accessibility appli-
cations (Klatt, 1987). In the 1990s and 2000s, two approaches dominated: concatenative
synthesis, which stitches together fragments of recorded human speech (Hunt and Black,
1996), and statistical parametric synthesis (Zen et al., 2009). Each had characteristic arti-
facts: audible “joins” between fragments in the former, and muffled or buzzy speech in the
latter (Tan et al., 2021). Thus, across four decades of TTS systems, synthetic speech re-
mained intelligible but unmistakably machine-like—a listener could nearly always tell within
moments that the voice was not human.
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The neural TTS breakthrough. Deep learning changed this discontinuously. Rather
than following hand-coded rules or splicing recorded fragments, neural T'TS systems infer
from large corpora of recorded speech what natural speech sounds like—its prosody, into-
nation, and pauses—an instance of prediction, the core function of modern AI (Agrawal
et al., 2018). In 2016, researchers at Google DeepMind introduced WaveNet, a deep neu-
ral network that generates raw audio waveforms, producing speech that human listeners
rated as “significantly more natural sounding than the best parametric and concatenative
systems for both English and Mandarin” (van den Oord et al., 2016)—the latter being the
language relevant in our setting. In 2017-2018, the Tacotron systems replaced the tradi-
tional multi-stage synthesis pipeline with neural networks trained end-to-end (Wang et al.,
2017). Tacotron 2 achieved a mean opinion score (MOS) for naturalness of 4.53, compared
to 4.58 for professionally recorded human speech (Shen et al., 2018); that is, raters scored
the synthetic voice within a hair of a professional human recording. Distillation methods
soon made these models fast enough for large-scale commercial use (van den Oord et al.,
2018), and by around 2020, neural TTS was deployed in commercial voice assistants and
offered at very low marginal cost per call by major cloud providers, including, for Mandarin,
by China’s leading technology companies. Progress has continued since, with recent systems
achieving formal “human parity” in naturalness relative to human recordings (Chen et al.,
2024a).

Why Al-driven naturalness matters for the IOC. An IOC call succeeds only if
the customer, upon picking up, keeps listening to an automated call and then acts on its
message. Robotic-sounding calls fare poorly on the first step: once customers hear a robotic
voice, it triggers the heuristics they use to screen out telemarketing and scam robocalls, both
widespread in China, and they routinely hang up. Naturalness also matters for the second
step. The IOC is strictly one-way—the customer cannot talk back, and replies, if needed, are
sent by in-app message—so the call is not a conversation but a single spoken message that
must, on its own, come across as clear and credible enough to act on (Shah et al., 2023; Arcot,
2025). Our fieldwork (Appendix H) points the same way: the DHH workers we accompanied
used the IOC on nearly every order, the calls were generally effective at prompting customers
to act (e.g., opening access-controlled doors), and after a call the worker could typically leave
the order at the designated spot with no further interaction. By contrast, when a coauthor
simulated the pre-TTS experience—delivering orders while wearing earplugs and relying on
in-app messages—customers often ignored the messages or replied only after several minutes,
and direct phone calls placed without speaking left customers audibly confused and irritated.

The timing of the IOC also reflects this technological trajectory. The tool was developed
and launched in mid-2022, roughly two years after near-human neural TTS had become
cheap and widely available. We cannot directly observe how a version of the IOC built
on pre-neural TTS would have performed. However, to our knowledge, no such tool was
deployed on delivery platforms in the pre-neural era, and both major Chinese food-delivery
platforms introduced T'TS calling tools for DHH workers only in 2022, after neural TTS had
matured.
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E Additional Analysis and Discussion

E.1 Derivation of Implication 5 in Conceptual Framework

This section derives Implication 5. Let j € {PD, NPD} index profoundly and non-profoundly
disabled workers. As in Section 1.1, group j has efficiency z; and outside option r;, chooses
Platform time share h; = 1 — Tf (wz;)~", earns hourly wage wz; and income wz;h;, and
generates profits Az;h;. The severity extension in Section 1.1 assumes zpp < zypp and
rpp < Tnpp, and—because the TTS tool resolves the simpler communication situations
that challenge profoundly disabled workers—that the tool’s efficiency gains are larger for
profoundly disabled workers: gpp > gnpp, Where g; denotes the tool-induced percentage
increase in group j’s efficiency, g; = Aln z;.

Pre-TTS differences. These follow exactly as in Section 1.1, with PD and NPD in
place of D and N: zpp < zypp implies lower efficiency and wages, while rpp < rypp and
zpp < znypp push labor supply in opposite directions, leaving h;—and hence output, income,
and profits—ambiguous.

Effects of the tool. The tool’s percentage effect on each outcome follows from dif-
ferentiating with respect to Inz;. For hourly wages, Aln(wz;) = g;. For hours, using
h =1- ('LUZJ) ﬁ7

Oh, 1 — h
= )7 = pB(1 —h, — Alnh; = !
9ln 2, ﬁr (wz;) B — hy) nh;~f h,

9j-

For output, income, and profits, which share the common structure of a constant multiplying
zjhy,

1—h;
Aln(z;h;) =~ g, <1 + ]> :
hj
The wage effect, g;, is larger for profoundly disabled workers by assumption. Each
remaining effect is the product of g; and a term that is increasing in 1 — h;, the share of
time off the Platform. Therefore, if

gep > gyvpp and  hpp < hypp,

the tool’s percentage effects on wages, hours, output, income, and profits are all strictly
larger for profoundly disabled workers. The condition on baseline hours is needed because,
as shown above, the assumptions on r; and z; have offsetting effects on 1 — h;; absent the
condition, larger effects for profoundly disabled workers require the gap in efficiency gains
to be sufficiently large (formally, for hours, gpp ZZD > gNPD hZN;D)

The intuition for the baseline-hours condition is as follows. The tool’s effect on hours is
the product of the size of the efficiency gain and the responsiveness of hours to that gain.
Responsiveness is greater for workers who work less on the Platform: they have more time
available to reallocate, and, because the outside option is concave, the off-Platform hours they

give up are their least valuable ones. If profoundly disabled workers worked more than non-
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profoundly disabled workers at baseline, their larger efficiency gain and lower responsiveness
would push in opposite directions, and the ranking of effects would depend on magnitudes.
The baseline-hours condition rules this out: profoundly disabled workers then have both the
larger gain and at least as much responsiveness, so all effects are unambiguously larger.

Is this sufficient condition likely to hold? Empirically, profound HL workers work about
25% fewer hours on the Platform than non-profound HL workers in the pre-TTS period
(Figure A.4). This is consistent with hpp < hypp, with the caveat that h; is the share of total
work time spent on the Platform, and total work time is unobserved; the observed ordering
maps into hpp < hypp unless profoundly disabled workers’ total work time is substantially
lower. Moreover, the condition is sufficient rather than necessary, so Implication 5 does not
hinge on it.

E.2 Impact of TTS Tool on Good Ratings of DHH Workers

This section examines how the TTS tool affects the number of good ratings received by DHH
workers. As discussed in the main text, our main text analyses focus on bad ratings because
bad ratings are much more important to the Platform and have monetary consequences
for workers. By contrast, based on our interviews with the Platform, good ratings do not
generate direct practical benefits for workers. We apply the same empirical framework used
in the main text: column (1) reports the pre-TTS difference specification from equation
(2), and column (2) reports the overall treatment effect using the difference-in-differences
specification from equation (3). Table E.1 presents the results.

Table E.1: Pre-TTS Differences and Impact of the TTS Tool on Good Ratings of DHH
Workers

(1) (2)
Pre-TTS Difference DiD Result

DHH,; 0.165%**
(0.038)
DHH; x Post; 0.006
(0.051)
Observations 180,375 480,070

Notes: Column (1) reports pre-TTS differences in good ratings between DHH and
non-disabled workers. Column (2) reports DiD estimates of the impact of the TTS
tool on good ratings for DHH workers relative to non-disabled workers. As for bad
ratings, we estimate non-transformed OLS models and divide by the pre-TTS DHH
mean to calculate percentage differences. Standard errors clustered by worker in
parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Column (1) shows that, prior to the introduction of the TTS tool, DHH workers receive
16.5% more good ratings than non-disabled workers in the pre-TTS period. In comparison,
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our main results on bad ratings show that DHH workers also received 31.3% more bad
ratings before the T'TS tool was introduced. Together, these findings suggest that DHH
workers receive more customer feedback of both types, which likely partly reflects that they
complete more orders. Column (2) shows that the TTS tool did not have a statistically
significant effect on good ratings for DHH workers relative to non-DHH workers.

Taken together, these results suggest that while DHH workers were already receiving more
good ratings prior to the T'TS tool, the tool itself did not further improve this dimension of
customer feedback. This contrasts with our findings for bad ratings in the main text, where
the TTS tool meaningfully reduced negative feedback. One interpretation is that the TTS
tool mainly operates by reducing downside communication failures, rather than shifting the
upper tail of customer satisfaction. Importantly, the null effect of the T'TS tool on good
ratings (column 2) suggests that customer sympathy for DHH workers is not driving our
main results: if sympathy were the mechanism, we would expect good ratings to improve
alongside the reduction in bad ratings, which we do not find.

E.3 Impact of TTS Tool on Entry of DHH Workers

This section examines how the introduction of the TTS tool affects the entry of DHH workers
onto the Platform. Our analysis in the main text is based on workers who join the Platform
and complete at least one order. However, if the T'T'S tool makes work on the Platform more
attractive for DHH workers, it could also spur more DHH workers to join.

We cannot observe the set of DHH workers potentially interested in working on the
Platform. Instead, we collapse the data by disability type (DHH or non-disabled) and year-
week. We have 3 years of data, so 3*52 = 156 year-weeks, and there are two disability types,
so we have 312 observations. We then estimate a model very similar to equation (3):

Yy =a+~v-DHH,; x Post; +6- DHH, + & + €. (E.1)
where ¢ denotes group (i.e., DHH or non-disabled) and ¢ denotes time in year-weeks; Yy is
the inverse hyperbolic sine of the number of new entrants on the Platform in group g during
year-week t, where, in line with our sample construction, a worker counts as an entrant upon
registering and completing at least one week of work;? and DHH, is a dummy for being
DHH. We are interested in estimates of ~.

Table E.2 presents the regression results. The TTS tool increases the number of DHH
registrations on the Platform by 27.5%.

Benchmarking the entry response. To benchmark this magnitude, we relate the
entry response to the tool’s effects on worker pay. The T'TS tool raises DHH weekly income
by about 11% (Figure 3), so the entry response implies an elasticity of entry with respect
to income of roughly 2.5. This is broadly in line with quasi-experimental estimates of firm-
level labor supply and recruitment elasticities, which generally fall between about 1.5 and 5:
Sokolova and Sorensen (2021) report a median direct estimate of 1.4 in a meta-analysis; Dal

20ur data include the universe of DHH entrants but a random sample of non-disabled entrants. Because
the sample was drawn uniformly over the sample period, sampled counts are proportional to true entry, and
the proportionality constant is absorbed by the group effect ¢ in equation (E.1), leaving v unaffected.
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Table E.2: Impact of the TTS Tool on Entry of DHH Workers: DiD Results

(1)
DHH, x Post, 0.275%
(0.110)

Observations 312

Notes: An observation is a year-week x disability type (i.e.,
DHH or non-disabled). Robust standard errors in parentheses.
¥ p < 0.01, ** p < 0.05, * p<0.1.

Bo et al. (2013) estimate an experimental application elasticity of 1.8; Bassier et al. (2022)
estimate separation-based elasticities around 4; Emanuel and Harrington (2024) estimate
recruitment elasticities of 3.2-4.2; and Azar et al. (2022) estimate a firm-level application
elasticity of 4.8. Relative to the tool’s 3.6% effect on hourly wages alone, the implied elasticity
is larger (roughly 7.6), suggestive that DHH workers value the tool beyond its effect on pay,
e.g., due to reduced communication stress.

Caveats. Two caveats apply to the entry analysis. First, unlike our main results, this is
a group-by-week design without worker fixed effects; identification requires that entry flows
of DHH and non-disabled workers would have trended similarly absent the tool. Second, the
elasticity benchmarks above are estimated from wage variation holding job attributes fixed,
whereas the TTS tool changed pay, amenities, and awareness of the Platform’s accommoda-
tions together; the implied elasticities should thus be viewed as a summary lens rather than
as structural estimates.

E.4 How Much Do Workers Gain? Welfare Calculations Based

on the Conceptual Framework

The DiD estimates show that the TTS tool raises DHH workers’ weekly income by about 11%
(Figure 3). This section uses the conceptual framework from Section 1.1 to ask how much
of that income gain constitutes a welfare gain for workers. The distinction matters because
roughly 2/3 of the income gain reflects increased hours, and hours have an opportunity cost:
time reallocated to the Platform was previously spent on other valued activities.

A sufficient-statistic result. In the framework, a worker chooses the share of work
time on the Platform, h, to maximize wzh + R(1 — h), where R(-) is a concave return to
off-Platform time; the functional form in Section 1.1 is a special case, but nothing below
depends on it. Let 4, and 4, denote the DiD estimates of the T'TS tool’s effects on hourly
wages and on weekly hours (both approximately log points). By the envelope theorem,
dV/d(wz) = h, where V is the worker’s indirect utility. To second order, the welfare gain as
a share of pre-TTS weekly earnings Ejy is given by equation (4) of the main text, restated
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here for convenience:

AV

— j 1o 2
o (7 —1) + 3w
0 N—— N——
inframarginal wage gain re-optimization gain

The interpretation of the two terms is given in the main text. Notably, equation (4) requires
no knowledge of the outside-option parameters r and [, of the worker’s time endowment,
or of how off-Platform time is spent. It requires only that workers freely choose their hours
and that the piece rate w is unchanged by the tool.

Results. Panel A of Table 4 applies equation (4). In the baseline, workers gain the
equivalent of 3.9% of pre-TTS weekly earnings (SE 1.5), of which 3.7 percentage points
is the inframarginal wage gain and 0.2 percentage points the re-optimization term. Thus,
while weekly income rises by roughly 11%, worker surplus rises by roughly 4%: most of the
hours-driven income gain is compensated reallocation of time rather than surplus. Results
are nearly identical using the panel of workers present both pre- and post-TTS (3.6%),
indicating composition changes are not driving the calculation.

Accounting for amenities. Panel A treats the entire hours response as movement
along a stable labor supply curve to the Platform. However, our implied hours elasticity
of 2.9 seems fairly high relative to existing estimates. Chen et al. (2019) estimate driver-
level labor supply elasticities for Uber drivers and find that the vast majority lie between
one and two (p. 2769). Using experimental week-long reductions in Uber’s commission,
Angrist et al. (2021) estimate an intertemporal substitution elasticity of about 1.2, in line
with experimental estimates for Uber drivers in Caldwell and Oehlsen (2022) and for other
workers with flexible hours (Fehr and Goette, 2007).3 A natural interpretation, supported by
our qualitative evidence (Appendix H.1), is that the T'TS tool also raised the non-pecuniary
value of Platform work for DHH workers—reducing stress and difficult customer interactions.

Suppose the true hours elasticity is 7 and the tool raises the effective return to Platform
time (wage plus amenity value a) rather than the wage alone. The observed hours response
then reveals Aln(wz + a) = 45,/n, and the welfare gain becomes (e7*/7 — 1) + 14,,(9,/n).
Panel B reports results for n € {1,1.5,2}, spanning the range of estimates above: the
implied amenity is worth 1.8-7.5% of the hourly wage, and total worker surplus is 5.7-11.7%
of pre-TTS earnings. Under the amenity interpretation, Panel A is a lower bound on worker
gains. A force that could push in the opposite direction—workers targeting income and
supplying hours beyond the point where the marginal hour is worth its opportunity cost—is
inconsistent with our heterogeneity results by disability severity, as discussed in Section 3.6.

Heterogeneity by severity. Because equation (4) applies group by group, welfare
gains by disability severity follow directly from the severity-specific wage and hours estimates
(Figure 9): 7.4% of earnings for workers with profound hearing loss versus 1.3% for those
with non-profound hearing loss (Panel C of Table 4). The surplus from the TTS tool is
concentrated among the workers facing the steepest communication barriers.

3These estimates are identified from transitory wage variation, whereas the TTS tool raises the return
to Platform work persistently. If responses to temporary changes exceed responses to permanent ones, the
elasticity relevant here would be below one to two, which would make the implied amenity value larger.
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Entry margin. The calculations above measure gains to incumbent workers: equa-
tion (4) is evaluated using the DiD estimates of wage and hours effects, and Table 4 shows
that results are similar when estimates are based only on workers present both before and
after the TTS tool. Workers drawn onto the Platform by the tool—entry rises by 27.5%
(Appendix E.3)—are not assigned any welfare gain in these calculations. Since such workers
were previously unwilling to join, their gains from the tool are plausibly smaller than in-
cumbents’ gains, though still positive. Accounting for entry would therefore raise aggregate
DHH surplus while somewhat lowering the average gain per worker.*

Discussion and caveats. Taken together, these calculations imply that DHH workers
gain the equivalent of roughly 4-12% of weekly earnings from the TTS tool, alongside the
Platform’s 17% gain in per-worker profits: the benefits of the tool are shared between the
Platform and its workers, with worker gains concentrated among the profoundly deaf. Two
caveats apply. First, the welfare gains are weekly flows during our sample period and do not
incorporate longer-run effects. Second, for team workers, the accelerating piece-rate schedule
implies part of the wage gain reflects movement along the pay schedule rather than higher
z.

E.5 Mediation Analysis

We run a mediation analysis to examine whether the treatment’s effect on order volume
operates through algorithmic reallocation. As discussed in the main text, the Platform’s
algorithm looks favorably upon drivers with fewer bad ratings and fewer late deliveries. If this
is the primary channel, the TTS tool would raise orders mainly by improving late deliveries
and bad ratings, which the algorithm then rewards—with observed gains in order volume
reflecting task reallocation rather than a direct increase in worker capacity. We examine
two potential mediating channels: late deliveries and bad ratings.” For each channel, we
estimate (i) the total effect of the TTS tool on orders, (ii) the effect of the TTS tool on the
mediator, and (iii) the effect of the T'TS tool on orders when controlling for the mediator.
Results are reported in Table E.3.

Column 1 of Table E.3 gives the baseline total effect: the treatment increases the IHS-
transformed number of orders by 0.105. Column 2 shows that the treatment reduces late
deliveries by 51.15 per 10,000 orders, and column 4 shows that it reduces bad ratings by 2.350
per 10,000 orders. Columns 3 and 5 re-estimate the baseline orders regression controlling
for each mediator in turn. The treatment coefficient attenuates only slightly to 0.103 when
controlling for late deliveries (column 3), implying that the late delivery channel accounts
for about 1.6% of the total effect. The coefficient is essentially unchanged at 0.105 when
controlling for bad ratings (column 5), implying that the bad ratings channel accounts for
less than 0.2% of the total effect.

Consistent with the algorithm penalizing late deliveries and bad ratings, both mediators
are negatively associated with orders (columns 3 and 5). However, controlling for either

4Workers whom the tool induces to remain on the Platform are incumbents, so their gains are already
reflected in the calculations above.

5We analyze late deliveries and bad ratings each in terms of a ratio per 10,000 orders, doing so to avoid
a “reverse causality” issue where someone has lots of bad ratings due to working more orders in a week.
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Table E.3: Mediation Analysis: Is the Effect on Orders Driven by Algorithmic Reallocation?

Late Bad
Dep. Var.: Orders  Deliveries Orders Ratings Orders
(1) (2) (3) (4) (5)

DHH,; x Post, 0.105**  —51.15™* 0.103*** —2.350** 0.105***

(0.0307) (17.09) (0.0307) (1.024) (0.0307)
Late Deliveries
(per 10k orders) —3.24 x 1075*

(4.30 x 107°)
Bad Ratings
(per 10k orders) —8.68 x 107%***
(3.34 x 1079)

Observations 480,070 480,070 480,070 480,070 480,070

Notes: Standard errors clustered by worker in parentheses. Significance levels: * p<0.1, ** p<0.05, ***
p<0.01. Column 1 reports the baseline DiD treatment effect on orders following equation (3). Columns 2
and 4 use late deliveries and bad ratings, respectively, as the dependent variable with the same controls.
Columns 3 and 5 re-estimate the baseline orders regression adding late deliveries and bad ratings, respectively,
as additional controls. Late deliveries and bad ratings are measured per 10,000 orders.

of these does little to diminish the treatment effect of the T'TS tool on orders. The domi-
nant mechanism linking the TTS tool to higher order volume therefore lies outside of bad
ratings and late deliveries. This supports that algorithmic reallocation is not an important
mechanism for our treatment effect on orders.

F Further Information on Hearing Loss Levels

Below is an English translation of Section 5.3 of GB/T 26341-2010, done by ChatGPT on
1/25/26. Note that drivers with HL of 40 dB or less are not issued a certificate of disability.

e 5.3.2 Hearing Disability Level I. The structure and function of the auditory system are
extremely severely impaired. The average hearing loss of the better ear is greater than
90 dB HL. Speech communication cannot be carried out relying on hearing. There are
extremely severe limitations in activities such as understanding and communication,
and extremely serious barriers exist in participation in social life.

e 5.3.83 Hearing Disability Level II. The structure and function of the auditory system
are severely impaired. The average hearing loss of the better ear is between 81 and 90
dB HL. There are severe limitations in activities such as understanding and commu-
nication, and serious barriers exist in participation in social life.

e 5.53.4 Hearing Disability Level III. The structure and function of the auditory system are
moderately to severely impaired. The average hearing loss of the better ear is between
61 and 80 dB HL. There are moderate limitations in activities such as understanding
and communication, and moderate barriers exist in participation in social life.
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e 5.3.5 Hearing Disability Level I'V. The structure and function of the auditory system are
moderately impaired. The average hearing loss of the better ear is between 41 and 60 dB
HL. There are mild limitations in activities such as understanding and communication,
and mald barriers exist in participation in social life.

G Potential Nondisclosure of DHH Status

This Appendix discusses the issue of potential nondisclosure of DHH status by workers to
the Platform, which determines whether a worker is classified as DHH in our data.

Why workers disclose. As noted in Section 1 of the main text, based on our qualitative
work and understanding of the Platform, essentially all certified DHH workers disclose their
disability to the Platform, for two main reasons.

First, it is difficult to hide, especially for team workers. In the team work model, drivers
have managers, and a worker’s manager would need to know if they are DHH. Drivers in both
work models (gig and team) also generally receive calls from customer service or customers,
and the Platform must decide whether those calls should go through.

Second, DHH workers have a strong personal incentive to disclose their disability so that
the Platform can accommodate them. People with disabilities in China are accustomed
to disclosing their disability to employers and the government in order to receive potential
accommodations. For example, if DHH workers do not disclose their status to the Platform,
customers cannot be informed of their disability and may be less understanding in unexpected
situations. Figure G.1 shows the screen from the registration process where workers can
disclose their DHH status.

Comparison of severity between our data and the broader population. Table
G.1 compares the distribution of hearing loss severity in our Platform sample to that among
registered disability certificate holders in China. Workers with profound hearing loss (Level
1) account for 54% of DHH workers on the Platform, compared to 26% among certificate
holders overall in 2012.9

Table G.1: Distribution of Hearing Loss Severity

Source Level 1 Level 2 Level 3 Level 4
Registered certificate holders (2012)  26% 24% 23% 26%
Our Platform sample 54% 16% 14% 16%

Notes: This table compares disability severity prevalence between the overall Chinese population and our
data, which covers new DHH workers on the Platform between 2021-2023.

In principle, an analyst might try to use quantitative tests to detect nondisclosure of
DHH status on the Platform, but this is extremely difficult. One might compare the share

6The 2012 data are from the China Statistical Yearbook on the Work for Persons with Disabilities. In
more recent publications, severity levels are reported for all disability types combined rather than separately
for hearing loss.
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Figure G.1: Screen During Registration Process where Workers Indicate Disability Status
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Notes: This figure shows the original text, as well as text translated into English.

of DHH workers in our data to population shares, overall or by severity. However, such
comparisons also reflect selection of DHH workers onto the Platform. While the share of
drivers with profound HL is higher in our sample than in the population, we believe this
primarily reflects selection based on outside options. As in many countries, DHH workers
face substantial discrimination and barriers to employment, particularly those with profound
HL, leading many to gravitate toward gig work.

Implications of potential nondisclosure. How would any nondisclosure of DHH sta-
tus affect interpretation of our results? Any nondisclosure that is fixed over time (presumably
the most natural kind) would not affect the main DiD results on the impact of the TTS tool,
since these specifications include worker fixed effects. Moreover, undisclosed DHH workers
would not receive the T'TS tool—which was rolled out only to workers who disclosed their
DHH status—and would thus remain in the control group throughout, creating no treatment
misclassification. It would only affect the pre-TTS comparisons, potentially making DHH
workers appear less productive if higher-performing DHH workers were less likely to disclose
their status.”

A different issue would arise if the TTS tool itself affected disclosure of DHH status.
While this is theoretically possible, none of our qualitative data or conversations with the
Platform suggest that the TTS tool made workers more likely to disclose their disability.®

"That is, it would work against finding that DHH do well for the Platform in terms of output and profits.
8In our data, DHH status is measured as of a person’s last record in the dataset. If someone disclosed
their DHH status as a result of the TTS tool, they would be classified as DHH for the full period of our
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H Qualitative Data

H.1 Interviews

We sought to better understand how DHH workers interact with the T'T'S tool, how frequently
they use it, and, more broadly, their daily routines, work practices, and the challenges
they encounter. Thus, we conducted a group interview in summer 2024 with seven DHH
workers, all team workers from a station in Hangzhou. Workers were recruited through the
station manager, who asked for volunteers to discuss the experiences of DHH workers in food
delivery. To facilitate communication with DHH workers, we hired a translator proficient in
sign language. Workers were seated around a long table. Two coauthors took notes, along
with representatives of the Platform. Workers received compensation from the Platform,
around 300-400 CNY for their time. The group interview lasted around 1.5 hours.

Table H.1 summarizes the demographics of the workers interviewed. As shown in Table 1,
most workers on the Platform, both DHH and non-disabled, are men. Our interview sample
also consists entirely of men, but it is somewhat younger than the overall DHH worker
population on the Platform. We therefore view it as broadly similar in gender composition,
while noting that it skews younger in age. The DHH workers interviewed varied in severity
— some had profound hearing loss and some had non-profound hearing loss — though we
did not record the exact severity level for each interviewee. These workers had disclosed
their disability to the Platform.

Table H.1: Summary of Interviewee Demographics

Age Hometown Tenure on Platform Marital Status Gender
22 Fujian Province 1+ years Single Male
26 Chongging Municipality 3 years Single Male
27 Chongqing Municipality 4 years Single Male
24 Henan Province 3 months Single Male
25 Henan Province 3+ months Single Male
24 Henan Province 1+ years Single Male
23 Henan Province 1+ years Single Male

None of the 7 drivers wore hearing aids to the interview. This is consistent with our
general observation that drivers on the Platform do not typically wear hearing aids while
working. This is for multiple reasons, including: (1) hearing aids being costly, (2) hearing
aids amplifying background noise (e.g., wind and traffic) and being uncomfortable while
working, and (3) hearing aids being less helpful for some drivers with profound hearing loss.

TTS tool usage, user experience, and worker stress. During the interviews, a

data. Our effects are identified from within-person changes in outcomes for DHH workers.
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representative of the Platform asked if workers were aware of the IOC tool and did they use
it. All workers answered Yes to both questions. DHH workers were also asked what they
thought about the tool, and they reported that the tool is useful for them.

DHH workers reported that the T'TS tool was especially useful for questions of where
to leave the food, how to get into the building, and whether to knock on the customer’s
door (e.g., some customers could penalize drivers for unwanted knocking with a bad rating).
This reduced misunderstandings and incidents (e.g., customers getting angry), and it also
reduced time waiting around for a customer’s response. Workers are often quite anxious
about bad ratings and late deliveries, and helping with these outcomes makes workers feel
more comfortable and reduces stress related to these outcomes.

While some drivers interviewed had joined the Platform after the introduction of the T'T'S
tool, two drivers had started pre-TTS. These drivers reported that there were significant
bottlenecks pre-TTS, such as not being able to reach out to customers upon delivery.

Outside job opportunities. The interviews suggested to us that DHH workers often
lack strong outside options. When we asked the DHH workers interviewed about what
other jobs they could do, they mentioned jobs such as assembly line work and food service
work. Some explicitly said that there were not many other jobs available to them. A few
also mentioned that they hoped to save money from food-delivery work so that they could
eventually open a small business, such as a grocery store, in their hometown.

In addition to asking about TTS tool usage and outside options, we list five other main
questions we asked, as well as summarize the answers of the 7 DHH worker respondents.
These are based on the notes taken by coauthors.

Q: What specific challenges have you encountered during deliveries?
A: Workers highlighted several challenges:

e One worker described an incident where a customer interaction required mediation by
the station manager due to communication barriers. Despite the manager’s assistance,
the worker received a negative review, significantly affecting his morale and leading
him to consider leaving the job.

e Workers reported examples of situations where customers left bad ratings after com-
munication issues, citing reasons such as “not calling” or “not speaking clearly.”

e Another worker expressed frustration with having multiple deliveries classified as signif-
icantly late deliveries (i.e., beyond the expected time windows). Such labels negatively
impacted his performance record.

e A worker mentioned taking proactive measures during deliveries to reduce confusion,
such as sending a pre-written explanatory message to customers with the station’s
contact information to address issues caused by delays or miscommunications.

Q: During pickup, do you encounter communication barriers?

A: In general, DHH workers felt much better about pickup relative to delivery. How-
ever, workers reported experiencing occasional communication barriers during pickups. Four
respondents described needing to repeatedly remind restaurant staff—often two to three
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times—due to communication difficulties, while non-disabled riders typically resolve issues
swiftly by shouting a single instruction that kitchen staff immediately understand. To re-
mind kitchen staff about orders they needed to get, some DHH workers would bang on a
counter and show their phones to the workers. Some workers perceived that non-disabled
riders tend to receive meals faster because their vocal presence exerts greater urgency on
kitchen staff.”

Q: Have you experienced forced stops during deliveries?

A: Four workers reported that switching between Platform apps, such as moving from
navigation to the order interface, frequently results in forced stops. One rider specifically
noted that managing two phones simultaneously—one dedicated to navigation and another
to orders—necessitated frequent stops, causing significant disruptions.

Q: Do you receive advance notifications about potentially overdue orders?
A: All workers acknowledged receiving in-app reminders, but due to the nature and pace
of their work, they rarely had sufficient time to read or react to these notifications.

Q: Do you have access to rest facilities or water during work?
A: Workers reported using specialized restroom-locating maps to find nearby public
facilities for quick rest and water. They seldom return to the station for breaks.

H.2 Fieldwork

To deepen our understanding of challenges faced by DHH delivery workers, we undertook
immersive fieldwork alongside them. Since the field notes cover some topics not relevant to
the present research (e.g., how workers swap electric motorcycle batteries, discounts restau-
rants offer to delivery workers), for brevity, we omit some of these from the Appendix. We
conducted two practical explorations:

1. One coauthor spent several days directly observing 3 DHH workers by accompanying
them full-time, seated on the back seat of an electric motorcycle during their delivery
shifts. This hands-on approach enabled us to closely observe and document DHH
workers’ TTS tool use, daily routines, and difficulties they encounter. The first was
a pilot, during which we worked for around an hour as a starting point, whereas the
other two sessions lasted about 11-12 hours each.

2. To gain first-hand insight into the communication challenges faced by DHH workers,
a different coauthor conducted his delivery work wearing earplugs to mimic hearing
impairment (see Panel (b) of Figure H.1), at the invitation and encouragement of the
station manager.

While waiting for orders during off-peak hours, workers would often gather in certain
areas, such as a specific place in the plaza. Among the DHH workers we met there, both gig
workers and team workers had disclosed their disability status to the Platform.

In the text that follows, the first person “I” refers to the perspective of a coauthor instead
of a subject. All photographs were taken by the author group. Images were converted

9While workers perceived communication barriers during pickup, this did not translate into a statistically
significant pickup-time difference in our quantitative analysis (see Figure 1).
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to black-and-white to anonymize the color of the Platform’s uniforms, and all Platform-
identifying information was removed to preserve anonymity. To protect their anonymity,
worker faces are obscured, whereas coauthor faces are retained.

Fieldwork Records, July 1, 2024, Hangzhou

Subject: Male, 26 years old, 3 years of employment, non-profound hearing loss
Duration: Around 1 hour (3:00 PM to 4:00 PM); 3 orders delivered
Observations:

1. During the pilot, we observed that upon arrival at, or near, the delivery destination,
the worker usually used the TTS tool to place a call to the customer. Sometimes
the screen displayed a notification that the customer did not answer the call; in those
situations, the worker used the function “initiate IOC” to call multiple times.

2. In cases where there were multiple orders to be delivered to one place, the worker could
use the TTS tool to simultaneously send out I0Cs for multiple orders.

3. There was one case in which we noticed that the worker paid particular attention to
traffic safety. During a delivery, we were about to enter a small tunnel. The worker
stopped at the entrance, honked the horn first, even though he himself could not hear
it, and then entered the tunnel cautiously.

Fieldwork Records, July 2, 2024, Hangzhou

Subject: Male, 27 years old, 3 years of employment, non-profound hearing loss
Duration: 10 hours 50 minutes (10:00 AM — 8:50 PM), 33 orders delivered
Observations:

1. In total, the worker delivered around 33 orders during the hours observed, and I ob-
served that he used the T'TS tool for all deliveries. He was quite familiar with the tool
and used it smoothly. I also briefly discussed his experience with the TTS tool with
him, communicating through a chat app similar to WhatsApp. The worker explained
that communicating with customers at the final delivery stage had become much more
effective. In most cases, after using the IOC feature, he only needed to drop off the
food at the designated location, without further interaction or communication.

2. Delivery workers tend to gather at a common meeting point after completing their
orders. For instance, we were near Hangzhou 303 Life Plaza, where many workers
frequently returned. Workers tend to avoid orders exceeding 4 km, and after delivering
such “distant orders,” they usually navigate back to common gathering points.

3. A common tactic I noticed was workers pressing multiple elevator buttons when making
deliveries. For instance, if a worker had to deliver to the 20th floor, he would also press
buttons for the 21st and 22nd floors. This reduces waiting time on the way down.
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Figure H.1: Immersive Fieldwork with Delivery Workers

(b) Coauthor delivering orders with earplugs to simulate hearing impairment
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4. Over the course of a day, I noticed that many of the deliveries were from the same
restaurants or to the same apartment complexes. The worker often made repeated
trips to the same locations throughout the day.

5. During the lunchtime peak hours, the worker was handling six orders simultaneously,
which led to a delay in one of the deliveries. After this delay, the number of orders
assigned to them decreased significantly. One reason for the delay was that the second
order was held up due to the restaurant’s slow preparation and packaging process. The
authors confirmed with the Platform that no additional time is granted for subsequent
orders the worker is simultaneously carrying in such situations. Another cause was the
worker’s decision to wait for the delayed order instead of collecting food for the other
orders from nearby restaurants in the same mall. The worker could have optimized
their pickup sequence to avoid unnecessary waiting.

6. The top-performing worker at this station managed to complete approximately 2,823
orders in a month, earning around 20,000 CNY ($2,800 USD). However, this required
working over 16 hours a day. At times, the worker would fall asleep on their electric mo-
torcycle between orders, waking up only when the next one was assigned. Occasionally,
they would even fall asleep while waiting at traffic lights.

Fieldwork Records, July 7, 2024, Hangzhou

Subject: Male, 24 years old, 1 year of employment, profound hearing loss
Duration: 12 hours 20 minutes (7:45AM — 8:05PM), 75 orders delivered
Observations:

1. T observed that the worker used the TTS tool for most orders. For some orders,
customers had left specific remarks when placing the order, such as “no need to contact
me, just leave the order at the front door.” (around 2 - 5% based on my observation).
In these cases, the worker did not use the IOC feature. Instead, he simply took a photo
of the food upon delivery and uploaded it to the app as proof of delivery.

2. At 7:45 AM, we started the day. The worker provided me with a full set of sun pro-
tection gear, including a sun-protection suit and a neck gaiter. The temperature that
day ranged from 38-40C. Figure H.3 shows equipment required for working outdoors.

3. Around 9 AM, we received an order for a large watermelon. However, the mall where
the order was placed didn’t open until 10 AM, so we had to pick it up from a locker
in the underground parking lot. The security guard wouldn’t allow us to ride the
motorcycle down to the parking lot, so we had to run from the garage entrance to the
basement, grab the watermelon, and run back up to avoid a late delivery.

4. Later in the morning, we received an order for McDonald’s. The Platform indicated
that the food should be picked up from a collection locker. When we entered the store,
a staff member in the kitchen shouted, “The food is on the counter,” but the worker
didn’t hear and went straight to the locker. After unsuccessfully entering the pick-up
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10.

code several times, the worker finally went to the counter to communicate with the
staff and retrieve the meal.

The intelligent outbound call is frequently used when workers request customers to
open doors, and it is generally very effective. However, there was one exception during
our deliveries. In this case, when we arrived at the destination, the worker followed
the customer’s instructions to contact the apartment complex management via the
intercom. After the system connected, no one spoke on the other side. Although I
heard the door unlocking sound, the door did not automatically pop open, and there
was no visible indication that it had unlocked. The worker continued waiting by the
intercom until I eventually walked over and pulled the door open.

. One order was delivered to an urban village [chengzhongcun in Mandarin], but the

address was inaccurate. Upon arriving, the worker used the intelligent outbound call
to contact the customer, who messaged back, “I'm upstairs.” However, it was unclear
what the customer meant by “upstairs.” I then heard the customer shouting from
inside a factory behind us, but by that time, the worker had already started riding
in the opposite direction. I stopped the worker, informing him that the customer was
inside the factory, and we managed to find the customer. In such situations, a worker
with a hearing disability could waste significant time locating the exact address. Later
that afternoon, we encountered a similar issue with an order delivered to a construction
site.

There was another incident where a restaurant incorrectly packed an order. The cus-
tomer ordered noodles and tomatoes, but the restaurant forgot to include the tomatoes.
The restaurant called the worker during delivery; as the worker couldn’t hear the caller,
the phone was passed to the accompanying coauthor to handle the conversation. We
were already halfway to the destination, and returning would have delayed the delivery,
so I explained to the restaurant that we were near the destination and couldn’t return.
I suggested they contact the customer to explain the situation.

In general, when a situation requires in-depth communication with restaurants or cus-
tomers, a worker with a hearing disability still faces difficulties and takes significantly
more time to resolve the issue compared to a non-disabled worker. While these types
of problems are difficult to address, they occur rarely. In most cases, the intelligent
outbound calls are sufficient to assist workers.

The worker I worked with mentioned, “I typically start running orders at 7 AM and
take a break around 3 PM. Then I go back online from 4 PM until 8 or 9 PM.” My
observations and experiences working alongside different full-time workers were similar.
According to them, to earn a decent income, they need to work 10-13 hours a day.

Below is a summary of orders that I found particularly difficult for workers to deliver:

e Some residential complexes have very slow elevators (there are many residents,
but very few elevators).

e Some older complexes do not have elevators.
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e Security guards at certain complexes do not allow workers to enter with electric
motorcycles.

e Apartments in large residential complexes can be difficult to navigate.

e Delivering to urban villages is particularly challenging, as the locations are difficult
to find and often require climbing stairs without elevators.

Fieldwork Records, July 2024, Hangzhou

Subject: None. Coauthor delivering by himself wearing earplugs

Duration: Part-time, multiple days; 3-5 orders per session

Observations: For the coauthor who delivered orders while wearing earplugs, he worked
part-time over multiple days and delivered 3-5 orders each time entirely on his own. He used
the T'T'S tool for all orders and found it highly effective.

Because customers expect to receive phone calls upon delivery, the inability to communi-
cate by phone can create significant difficulties for DHH workers. Thus, to better understand
this challenge, on some early orders the coauthor also tried both in-app messaging and direct
phone calls without speaking, intentionally simulating the communication constraints faced
by DHH workers before the TTS implementation. In-app messages were often ignored by
customers or answered only after a delay, usually several minutes, which was particularly
frustrating because the worker needed to continue delivering other orders. Direct phone
calls without speaking were also uncomfortable for the coauthor. Customers would often
say “hello?” multiple times and, based on their tone, appear to get increasingly impatient.
After T'TS implementation, the direct in-app phone call feature was replaced by the TTS
tool for DHH workers; thus, the coauthor used direct phone calls only to understand the
communication environment faced by DHH workers before the T'T'S tool became available.

In this context, the IOC feature was very helpful and easy to use at the delivery stage.
As a new worker, the coauthor was unfamiliar with many delivery destinations and often
arrived close to the expected arrival time. As a result, saving even one minute, or sometimes
just a few seconds, by using the TTS tool instead of waiting for in-app message responses
or making direct phone calls significantly reduced stress and helped prevent late deliveries.
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Figure H.2: Concurrent Orders During Peak Hours

Notes: This figure illustrates multiple orders being simultaneously handled by a delivery worker during peak hours. Experienced
workers typically manage 6-10 concurrent orders during peak hours. The maximum number of orders a rider can handle
simultaneously is set by the Platform’s algorithm, considering factors like tenure and past performance. Further details on the
assignment algorithm are discussed in Section 1.

Figure H.3: Essential Equipment for Outdoor Work

Notes: Figure H.3 illustrates the necessary protective gear for outdoor delivery work, including a sun-protection suit, helmet,
and neck gaiter. Typical summer temperatures in the focal city range from 38C-40C. Complete sun-protection equipment is
essential, and workers must remain well-hydrated to avoid heat-related illnesses.
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