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Abstract
Accuracy and precision are central values in the AI communities
and the technology sector. This paper provides empirical evidence
on the construction and organizational management of technical
accuracy, demonstrating how technology companies’ preoccupa-
tion with such values leads to harm. Drawing on nine months of
multi-sited ethnographic fieldwork in China, we document how AI
trainers’ everyday work practices, challenges, and harms stem from
clients’ demands for high levels of technical accuracy. We introduce
the concept of precision labor to unpack the labor dimension of
constructing and performing accuracy in AI training. This concept
highlights the hidden and excessive labor required to reconcile the
ambiguity and uncertainty involved in this process. We argue that
precision labor offers a new lens to illuminate three critical aspects
of AI training: 1) the negative health and financial impacts of hidden
and excessive labor on AI workers; 2) emerging harms, including
workers’ subordinate roles to machines and financial precarity;
and 3) a conceptual contribution to contexts beyond AI training.
This contribution re-centers arbitrariness in technical production,
highlights the excessive demands of precision labor, and examines
the legitimization of labor and harm. Our study also contributes to
existing scholarship on the prevailing values and invisible labor in
AI production, underscoring accuracy as performative rather than
self-evident and unambiguous. A precision labor lens challenges
the legitimacy and sustainability of relentlessly pursuing technical
accuracy, raising new questions about its consequences and ethi-
cal implications. We conclude by proposing recommendations and
alternative approaches to enhance worker agency and well-being.
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1 Introduction
[Precision] connotes trustworthiness and elegance in the
actions or products of humans and machines. Precision
is everything that ambiguity, uncertainty, messiness,
and unreliability are not. It is responsible, nonemotional,
objective, and scientific. It shows quality. These “values
of precision” have become part of our heritage.
— M. Norton Wise, The Values of Precision

Accuracy and precision carry immense weight in the develop-
ment and deployment of modern technology. These concepts often
starkly contrast with ambiguity, uncertainty, and messiness [98].
They are closely associated with objectivity [51], scalability [87],
and intelligence [13], thereby serving as key tenets that legitimize
and monetize technology products. Despite their ubiquity, accuracy
and precision are difficult to pin down with unifying definitions.
Drawing on prior works [98], we propose that precision encom-
passes accuracy, and in contexts such as AI training, they can be
used interchangeably. As prevailing goals and values in commercial
technology production, a relentless pursuit of technical accuracy1
can pressure and harm workers. What does it take to achieve a high
level of technical accuracy? What are the harms resulting from
technology companies’ excessive focus on technical accuracy and
precision, and who incurs the greatest burdens in this process?
1We refer to accuracy as one of the central values in ML communities and use technical
accuracy to emphasize technical arrangements around accuracy on the ground, such
as strict accuracy standards, and performative accuracy to underscore the excessive
and performative aspects of labor involved in achieving arbitrary accuracy standards.
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This paper documents the construction and management of
accuracy and precision in AI training. This documentation uncovers
the emergence of new harms, excessive labor, and hidden labor in
AI training. We provide an ethnographic account of AI trainers2, a
relatively understudied but emergent category of laborers in China
— a pivotal site in global AI production [43].

AI training in China highlights the gaps and essential role of
human labor in enabling, facilitating, and sustaining the develop-
ment and maintenance of AI systems. In response to these gaps,
“AI trainer” has been established as an occupation. We use the
term to refer to AI workers who perform critical tasks behind the
scenes in the AI industry, including data collection and annota-
tion, AI-enabled system testing, operation, implementation and
maintenance, and training of other AI trainers. As this occupation
continues to evolve, its professional boundaries and characteristics
remain in flux. In its current stage, we observed that AI trainers’
work largely overlaps with data work [56] that produces machine
learning (ML) 3datasets. These tasks involve data generation, anno-
tation, and output evaluation and verification. However, the role
of AI trainers extends beyond that of traditional data workers [56]
in the AI data pipeline [60]. AI trainers work in different phases of
AI testing, implementation, and maintenance, which is part of un-
credited but essential “ghost work” [25]. Unlike ghost work, which
remains largely invisible within the AI industry, the professional-
ization of AI trainers as a stable tech workforce promises workers
greater visibility and recognition. Establishing AI trainers as a for-
mal occupation goes beyond merely elevating the status of data
workers; it is part of an ongoing institutionalization process. This
process involves multiple actors, informal rules, formal rules, and
structures that integrate AI trainers into the fabric of society. It
includes formalizing and standardizing the skills and expertise re-
quired by technology companies, offering training and certification
through authorized agencies, and creating mechanisms for social
mobility.4 These institutional arrangements could offer AI trainers
material benefits, such as higher income levels tied to occupational
titles and ranks, which already distinguish AI trainers in China
from those in other geographical contexts.

Previous literature has examined the hidden labor behind AI
technologies [20, 25]. With a specific focus on the human labor
required to produce ML datasets, existing work has investigated
work practices, workflows, and social and organizational contexts
[56, 57, 63, 67, 93, 101]. However, less attention has been given
to the construction and management of technical accuracy from
an organizational perspective. Labor in data production is often
outsourced through crowdsourcing platforms [73, 90] and business
process outsourcing companies (hereafter BPOs) [57, 93]. With

2The term AI trainer stems from National Occupational Skill Standard for Artificial
Intelligence Trainers in China [58].
3Among different subfields of AI, what has been prevailing in public narratives and
across diverse sectors in recent years is machine learning (ML), a specific and data-
driven statistical approach to AI. Specifically, the development of ML systems that
involve big data and larger classification systems requires massive data to train models,
which will identify patterns in data so that it can be further used to make predictions
and inform decision-making. Currently, the development of such ML systems still
requires extensive data to be annotated to be readable to machines. In this paper, we
use the terms AI and ML interchangeably.
4One area is formulating and implementing relevant skill-based household registration
(jineng luohu 技能落户) in the context of Chinese household registration system
(hukou户口制度), along with associated social benefits for qualified AI trainers.

diverse institutional arrangements [60], AI data annotation centers
in China and their hybrid management reflect the particularities of
the Chinese context, which we will elaborate on later in this paper.

By investigating accuracy and precision in commercial AI train-
ing, we show how these values are perceived, established, and
managed on the ground. We found that the high and sometimes
arbitrary accuracy standards set by the clients from technology com-
panies and managers demand excessive and hidden labor, which
harms the AI workers involved.

These harms include, but are not limited to, excessive training
and revisions to meet extremely high accuracy standards, perform-
ing emotional and relational labor, developingmachine-like thought
processes, and facing financial instability alongside strict organi-
zational control. An emerging form of managerial control in AI
production, termed hybrid management, manages workers by both
traditional factory-like criteria and gamified platforms, but they
receive the benefits of neither. Additionally, we introduce the terms
context-specific accuracy and unifying accuracy to foster a more
nuanced and context-sensitive understanding of AI training.

This work makes the following contributions. First, we build
upon prior research by introducing the concept of precision labor,
which is informed by feminist scholarship on work and invisible
labor with emotional [31], relational [3, 47], and immaterial [40]
dimensions, as well as care and repair work [36, 46]. Precision labor
refers to the hidden and excessive labor involved in erasing
the messy, ambiguous, and uncertain aspects of technology
production to present technology as objective, truthful, and
high-quality, even when such pursuit can be excessive, arbi-
trary, and harmful to laborers. Precision labor provides a new
lens for understanding the disproportionate impact of excessive
and hidden labor as well as emergent harms experienced by digital
labor communities. Second, we contribute an empirical understand-
ing of how accuracy and precision are perceived, established, and
managed in practice. This extends previous work investigating
dominant preferences and values in ML studies [5, 8, 28, 45, 70]
that focus on accuracy and precision. Our empirical findings illumi-
nate how these values are constructed and legitimized, and suggest
alternative approaches to promote worker agency and well-being.
Third, we build on prior work on standard procedures and layered
controls that shape data production [57] by incorporating machines
as an additional layer of control and source of epistemic authority.
Finally, we provide empirical insights on AI data annotation centers
in China and their hybrid management. This contributes to global
research on the challenges and power dynamics of data production
[10, 57, 73, 90, 93].

2 Background and Related Work
2.1 Data Work and AI Training as Collaborative

Practices
Researchers in social computing and related fields have long been
interested in interrogating data practices [22, 62, 64, 76], . This
research has revealed how data are constructed and crafted [15,
37, 63, 67]. The routine data practices, workflows, negotiations,
and power dynamics between different actors involved shape the
process of data production and the produced datasets [57, 68]. For
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example, Miceli et al. [57] situate different actors in the standardiza-
tion procedures and hierarchical structure within business process
outsourcing companies. They not only control data quality but also
impose their own interpretations of data. Gray et al. [26] and Whit-
ing et al. [97] center data worker communities and identify their
collaborative activities to manage administrative tasks, share use-
ful information about tasks and requesters, and support others to
complete tasks. Shifting the attention from technical workflows to
the interactions with clients, Kross and Guo [38] identify the labor
required to establish trust, accommodate clients’ needs and con-
straints, co-framing problems, bridge gaps between data scientists’
and clients’ expertise, and provide clients with emotional support.
Posada [73] further shows how local networks of data workers in
Venezuela protect workers against the economic and social risks
of disembedded markets and insufficient regulation. These collabo-
rative activities also require adapting to organizational structures
[85] and are conditioned by inter-organizational dynamics [68, 79].

Moreover, the trends of developing and applying (semi-)automation
and AI-assistance technologies and tools in AI training and data
production actually introduce nonhuman actors to data production
process [14, 92]. The introduction of new actors has given rise to
increasing research on how human-machine collaboration affects
data practices [1, 94]. For instance, Ashktorab et al. [1] highlighted
the additional labor, such as rechecking data when the quality of AI
assistance decreases. Wang et al. [94] reported data scientists held
mixed attitudes about the usefulness of automation tools. They felt
the tools could enhance their efficiency and help produce “good
enough” work to meet clients’ requests, but also doubted the quality
of work that existing automated systems and tools could deliver.

AI training’s labor and collaborative practices are often rendered
invisible by “an industry-wide strategy to de-emphasize the human
factor in AI production” [65], to the extent that depict such work as
ghost work. This echoes an increasing body of literature on the hid-
den and often unrecognized and underpaid labor in data production
[16, 29, 35, 54, 69, 77, 86]. The strategic invisibility of labor imposed
by technology companies not only perpetuates precarious working
conditions for workers, but also conceals human subjectivity and
intervention in data production [65]. As Passi and Jackson [67]
aptly stated: “It takes work to make data work.”

This paper explores collaborative practices in the production
of ML datasets and AI training, and contributes to the growing
literature on global data production [42, 57, 73, 90, 93] by adding
a case in an understudied context: China. In China, AI training
heavily depends on a local workforce, unlike in other countries
where data work is often outsourced to a global workforce or as-
signed by international clients. While the outsourcing of data work
in China is organized in varying ways (e.g., through crowdsourcing
platforms [100], BPOs [99], or a combination of the two), AI data
annotation centers (such as our field sites) have emerged as a signif-
icant site for data production. AI data annotation centers may work
with major tech companies or leading AI data platforms, receive
support from local governments, and expand their operations into
developing regions, including urban cities and rural villages. In this
context, institutionalizing AI training as a specific profession not
only acknowledges the surging demand for this growing workforce

5, but also seeks to standardize skills, build a professional workforce,
and foster workers’ career aspirations. We define a specific form of
hidden and excessive labor, driven by clients’ preoccupation with
accuracy and precision, which we refer to as precision labor.

We argue that the pursuit of accuracy and precision in data pro-
duction can be pushed to such an extreme that it leads to excessive
labor and harms AI labor communities. Moreover, our research in-
forms the ongoing discussion about human-machine collaboration
in data production [1, 94] through the lens of data workers. While
data scientists may perform part of data work [63], they are inter-
nal research team members and are trusted for their authority and
credibility over the data practices. In contrast, AI trainers, located
in the external sourcing process and at the lower end of the AI
value chain, are blamed for introducing bias. They are subject to
the judgments of actors with more epistemic authority, and their
expertise remains underappreciated [56, 57]. Instead of a generative
and collaborative human-machine relationship, this study shows
that AI trainers are subordinated to machines, and that machine
evaluation and output constitute an additional layer of control and
source of authority in data production.

2.2 Accuracy and Precision in and Beyond AI
Training

Accuracy and precision are crucial scientific values [39], among
what Longino [49] refers to as epistemic values that “are taken to
conduce to truth or rational belief”. As Wise [98] puts it: “Precision
is... responsible, nonemotional, objective, and scientific.” However,
accuracy and precision, as ubiquitous constructs, are difficult to
pin down with unifying definitions. Historically, the notion that
“precision implies accuracy” has been recognized and well estab-
lished [98]. In line with this perspective and for the purposes of
this paper, we propose that precision encompasses accuracy and,
in specific contexts (such as AI training), the terms can be used
interchangeably.

In the guise of being clear, objective, and unquestionable, accu-
racy and precision are often used to justify using and promoting
technical products. For instance, accuracy is used to justify the US’s
growing investment in automated targeting systems. Suchman [83]
points out that the accuracy of weapons striking targets can be im-
proved since ambiguity persists in how weapons identify legitimate
targets. What is a “legitimate target” is always constructed and
shaped by politics. Similarly, in the context of AI deployment, high
accuracy is used to justify and promote the use of AI products [28].
However, improved outcomes from accuracy metrics do not resolve
the ambiguity and uncertainty in how problems are defined and
targeted objects are constructed and measured, such as in emotion
recognition [81] and risk assessment [27].

While accuracy and precision can be presented as unambiguous
and incontestable facts, upon closer inspection, they are contextual
and subject to human discretion, disciplinary conventions, cultural
values, and the social and political shaping of technologies [51, 98].
Wise [98] also emphasizes the politics of establishing precision, as

5In 2024, AI trainers have been included in the list of occupations of short supply
and high demand in several Chinese provinces (e.g. Hubei province) and cities (e.g.
Guangzhou, Shanghai, Beijing). For example: 朝阳首发重点产业紧缺人才目录
https://rsj.beijing.gov.cn/xwsl/mtgz/202409/t20240906_3791215.html

https://rsj.beijing.gov.cn/xwsl/mtgz/202409/t20240906_3791215.html
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the process of reaching a collective consensus on what is perceived
as true and certain is shaped by power dynamics. Centering the
production of scientific knowledge, Longino [48] further proposes
the term “empirical adequacy” over accuracy to highlight context
specificity, as well as the flexibility and subjectivity in interpret-
ing accuracy, which is susceptible to socio-political influences and
practical feasibility.

Accuracy, together with efficiency, universality, impartiality, and
scale, is among the prevailing preferences and values in ML commu-
nities associated with “success” and “progress” [5, 78]. The accuracy
performance metric is a salient evaluation criterion for the perfor-
mance of models and AI products. It involves “performative, sim-
plified, normative, and rhetorical numbers to convince others” [28].
Grill further demonstrates the process of producing and construct-
ing accuracy and uncovers how ignorance is strategically produced
to conceal the contingency and flexibility in the production of ac-
curacy and the resulting disproportionate harms to marginalized
communities.

Accuracy of datasets has long been regarded as an important
dimension of data quality [2, 18, 96], yet does not have a widely
recognized definition [18, 91]. Data quality requires a variety of
accuracy metrics with different definitions and operationalizations
[18], and is also specific to contexts and application scenarios [7,
66]. Moreover, accuracy in data production is usually defined and
standardized by clients, requiring rigorous and excessive labor
from workers to comply [57]. Clients monopolize the goal and
measurement of accuracy, and workers “usually obey everything
that [clients] say” in cases of uncertainty [57].

In line with previous literature that examines and questions
the values in ML studies [5, 28, 45, 70], we examine how accuracy
and precision shape data production and AI training practices. We
contribute to existing work that deconstructs accuracy [28, 83] by
describing the processes to construct and manage to ensure accu-
racy and precision. We also present the extensive labor necessitated
to perform them in AI training. Echoing existing work on precari-
ous working conditions in data production [57, 89], we show the
disproportionate harms for workers to achieve such accuracy and
precision standards. We also highlight how excessive labor becomes
normalized and legitimized in the name of accuracy. We question
whether the goal of high data quality can adequately justify the
obsession with accuracy and precision in producing commercial
ML data. We also call for weighing the pursuit of accuracy against
the resulting harm to workers and fostering sustainability within
the ML data sector.

3 Field Sites and Methods
Ethnography is particularly apt for studyingwork and labor because
it highlights the “interpretative flexibility of technological artifacts”
[72]. It allows us to understand the intricacies, significance, and
politics surrounding AI training and data work. On a micro level,
ethnography “systematically restores the value of individual expe-
rience, and takes seriously the notion that how individuals perceive
the world” [82]. This project combines multi-sited in-person field-
work [53] and virtual ethnography [84], as interlocutors and AI
data annotation centers are distributed across different regions of

China, and diverse digital systems are embedded in workers’ every-
day lives. To explore Chinese AI trainers’ motivations, aspirations,
and everyday professional experiences, and understand the effects
of AI on their work experiences, we relied on multi-sited ethno-
graphic fieldwork conducted in two business process outsourcing
companies located in underdeveloped regions in China. The first
BPO, which we pseudonymize as XiaochangA6, is nestled in an AI
data annotation center at a technology park in Central China. It
specializes in producing ML datasets and provides tailored services
that align with the strategic AI-related goals of DachangX7, one
of China’s leading AI companies. The second BPO, XiaochangB, is
located in a “maker space” in Southwestern China, and also focuses
on ML dataset production but primarily works with one of China’s
most prominent data crowdsourcing platforms.

On the ground, the first author relied on grounded theory to
guide their research [12]. In January 2023, he started in-person
fieldwork in Southwestern China by asking broad questions about
data work, AI training, and labor. Located in an area of Guizhou
province known as China’s “Big Data Valley” (dashuju gu大数据谷
), 8 this field site in Southwestern China provides an ideal location
for fieldwork. Early in this exploration, accuracy and precision
emerged as key themes, especially when talking with interlocutors
such as managers and workers. They frequently mentioned how
their training, managerial strategies, and goals were intrinsically
tied to these values. Concurrently, the first author routinely met
with the last two authors to discuss his observations and emergent
themes. He then used theoretical sampling to gather more data
related to this topic and expanded the fieldwork fromXiaochangB to
XiaochangA. The first author initially planned to expand fieldwork
to another Southwestern Chinese city associated with a different
major technology company. However, after access was denied, he
redirected his research to the second field site in the technology
park, where a robust data industry in Central China had flourished
since 2019 9. He drew on his professional networks and cultural
knowledge to secure access to research sites. The selection of field
sites in Southwestern and Central China was guided by his research
goals, theoretical interests, and practical considerations such as
time, financial constraints, and field access.

During nine months of fieldwork in China, the first author ac-
tively participated in numerous activities to gain a deeper under-
standing of the lived experience of AI trainers working for the data
industry in China. These activities included undergoing a three-
week-long virtual AI training course and examinations, personally
attending and observing major industry events such as the 2023
China International Big Data Industry Expo (Big Data Expo) 10,
and observing media interviews and news productions related to

6The term “Xiaochang”（小厂） in Chinese refers to small factories. We have chosen
“Xiaochang” as a pseudonym to honor the Chinese context in data work and AI training.
7“Dachang”（大厂） in Chinese denotes large factories and is often employed collo-
quially to describe major tech corporations in China. We have selected “Dachang” as a
pseudonym to more accurately reflect the study context while ensuring the anonymity
of the participants.
8Guizhou: The Big Data Vally of China: https://sponsorcontent.cnn.com/edition/2018/
guizhou/china-big-data-valley/
9Faces for cookware: data collection industry flourishes as China pursues AI ambi-
tions https://www.reuters.com/article/economy/faces-for-cookware-data-collection-
industry-flourishes-as-china-pursues-ai-ambi-idUSKCN1TS3E7/
10It is claimed to be one of the world’s first big data expo by the organizers. https:
//www.bigdata-expo.cn/?lang=en

https://sponsorcontent.cnn.com/edition/2018/guizhou/china-big-data-valley/
https://sponsorcontent.cnn.com/edition/2018/guizhou/china-big-data-valley/
https://www.reuters.com/article/economy/faces-for-cookware-data-collection-industry-flourishes-as-china-pursues-ai-ambi-idUSKCN1TS3E7/
https://www.reuters.com/article/economy/faces-for-cookware-data-collection-industry-flourishes-as-china-pursues-ai-ambi-idUSKCN1TS3E7/
https://www.bigdata-expo.cn/?lang=en
https://www.bigdata-expo.cn/?lang=en
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China’s data industry. To fully immerse themselves and gain a
first-hand perspective of everyday work routines and practices,
he worked as an intern for eight weeks at XiaochangA between
March and June, 2023. In this role, he worked with other AI train-
ers from 9:00 AM to 6:30 PM, six days a week. His work involved
hands-on participation, observing different data projects and tasks,
attending teammeetings, and joining colleagues for daily lunches at
the technology park canteen. Outside of official hours, he fostered
deeper connections with interlocutors by visiting their accommoda-
tions, meeting their family members, dining with them, and taking
short trips to local tourist attractions with them. When speaking
with interlocutors, he disclosed his background and position as a
researcher from a US institution.

The first author’s identity as a former journalist and Chinese
citizen with a strong network in the country helped him gain field
access. In addition to in-person observations, he gained access to in-
ternal documents such as instructions and requirements related to
AI training and data work. He also obtained additional online data
through engagement with online working group chats, screenshots
of different work tasks, and virtual training/meeting transcripts.
He further incorporated insights from 16 in-depth interviews with
employees. Before each interview, He informed interlocutors about
the study’s goals and confidentiality measures and obtained consent
for audio recording. At the beginning and end of each interview, he
emphasized that interlocutors could request data deletion without
penalty. The interviews explored topics including interlocutors’
lives before and after becoming AI workers, their motivations, mi-
gration experiences, daily use of ICTs (including AI annotation
systems and social media), experiences and challenges of working
as AI workers, and their future plans. As accuracy and precision
emerged as significant themes during the fieldwork, he incorpo-
rated interview questions about interlocutors’ perceptions of these
values and how accuracy and precision influenced their daily work
experiences and well-being. Interviews were conducted in Chinese
and then transcribed verbatim. The quotes used in this paper were
translated into English by the first author.

Our data also includes over 190 pages of field notes. Drawing
on Emerson et al. [21]’s approach, the first author used a three-
column structure when generating field notes, enabling systemic
data collection and reflexive analysis throughout fieldwork. Most
of the field notes were written in Chinese to capture the subtleties
and nuances of the language and interactions.

Our data is grounded in interviews, observation, field notes,
and online archives. We used a grounded theory approach to ana-
lyze data [12]. The coding process was conducted in English, with
in-vivo codes retained in Romanized Chinese (Pinyin拼音) accom-
panied by English explanations. This approach preserved cultural
nuances. We first used open coding to inductively identify themes
within the data in ATLAS.ti., then progressed to axial coding, in
which codes were organized around points of intersection [12].
Examples of codes include unpaid labor, punitive measures, align-
ment with clients’ agendas, human-machine entanglement, think-
ing like AI, and accuracy rate as a management tool. We used a
visual and collaborative digital tool, Miro, to consolidate, group,
and visualize relationships between codes and themes, enabling
collaborative refinement of our findings. We reached shared un-
derstandings through frequent discussions and weekly meetings

during the process, which helped resolve analytical disagreements
and generate the themes reported in the results section. Addition-
ally, we anonymized all data in this paper and used pseudonyms
for interlocutors, companies, and locations to protect interlocutors’
privacy and ensure their safety. This study was approved by the
first author’s university’s ethics review board.

By reflecting on how our positionalities and identities influenced
our data collection, analysis, and writing processes, we emphasized
the social contexts in which our research took place. In this section,
we focus primarily on the first author’s positionality (because he
interacted directly with interlocutors and led data collection and
analysis), but the authorship team includes researchers with a di-
verse range of genders and nationalities, including both Chinese
natives and people from several other countries. All team mem-
bers are highly educated, affiliated with Western universities, and
specialize in social computing, with a strong emphasis on the so-
cial impacts of technology. The first author’s family background,
education, and migration experience positioned him as both an “in-
sider” and “outsider” in this study, which shaped the direction of the
work, data collection, and analysis. As a Chinese native who grew
up and received early education in rural China, he shared important
cultural and linguistic foundations with this study’s interlocutors.
Like many interlocutors, he migrated for work and experienced ex-
tended separation from his family. These shared experiences helped
build rapport and trust between the first author and his interlocu-
tors. His ability to relate to cultural references, social norms, and
lived experiences in China facilitated deeper connections with this
study’s interlocutors. Additionally, his previous experience as a
journalist at a renowned Chinese news outlet enhanced his sensitiv-
ity to institutional power dynamics in Chinese settings. However,
his position as a highly educated researcher at a U.S. university,
Western academic training, and years of living abroad made him
an outsider among interlocutors. In the field, interlocutors often
asked him about China-U.S. relations and his post-graduation plans,
highlighting their outsider status. Throughout the research process,
the first author actively reflected on how these positions improved
his work through transparent communication with interlocutors
about his background and research goals and maintained a separate
research journal to document his feelings and potential biases [71].
The categories of “insider” and “outsider” remained fluid as the
first author’s personal, professional, ethnic, and diasporic identities
evolved. In studying data-driven technologies, he focused on tech-
nology’s material impact and human agency, believing that while
technology can address certain social issues, it cannot resolve funda-
mental social problems. These views on technology, combined with
his education and lived experience, shaped his research approach
and knowledge production.

4 Findings
4.1 Perceiving and Establishing Accuracy
Our findings reveal that accuracy can be context-sensitive and
carry multiple meanings. Workers internalize the importance of
accuracy and precision without necessarily understanding why
they are significant nor the mechanisms behind their influence
on models and AI systems. They often accept extreme accuracy
standards imposed by clients as given.



CHI ’25, April 26–May 01, 2025, Yokohama, Japan Zhang et al.

4.1.1 Perceiving Accuracy. Many workers at the AI data annotation
center believed that the AI training work they do refines Al systems,
yet they understand little about the mechanisms behind AI. Notably,
they were often told that their work should be done accurately
and quickly. Yiran was a stay-at-home mother who wanted to
work while taking care of her children. She first encountered this
profession through a relative in her village near the technology
park. The 33-year-old working mother recalled she had no idea
what data annotation and AI training were:

I was told that it’s roughly about annotating data for
AI to learn because when people create a machine, it
doesn’t know anything; it needs to rely on absorbing
data.... For example, if you want machines to recognize
people, how can they know it is a person? You will need
annotators to correctly mark this person out correctly
and identify features of this person, such as head.... This
also applies to other contexts.

Narratives about doing things correctly and accurately were
often emphasized even before the employees started working as
AI trainers. What Yiran was told about creating accurate data for
machines to learn was similar to the experiences of many other
workers. They held a widespread belief that accuracy is vital for
this type of work. When asked about why workers need to perform
certain specific types of tasks, such as correctly identifying traffic
lights for a project related to autonomous vehicles, Haoyang, a
22-year-old man, explained:

[It is related] to AI. Just like Meituan [a Chinese shop-
ping platform] has these robots for food delivery, they
need to recognize things such as traffic lights. If they
recognize red lights, they will stop. Machines need our
help as we implant our knowledge in them so that they
can make correct judgments. We are the transmitters.
We transmit our knowledge about the traffic rules to
them so they can accurately recognize things.

4.1.2 Establishing Accuracy. In AI training, the term “accuracy” can
have multiple meanings, often depending on the specific context,
as illustrated in Figure 3. For instance, different tasks and projects
involving voice recognition, computer vision, and generative AI
technologies could have distinct measurements and requirements.
Nevertheless, across projects, there was a common understanding
of accuracy based on the result of standardized statistical measure,
as shown in Figure 3. This common understanding, which we call
“unifying accuracy”, refers to the overall accuracy rate of projects.
Workers were often arbitrarily required to achieve an accuracy rate
over 95% and sometimes reaching as high as 98%. For example,
in a computer vision project for autonomous vehicles, Haoyang’s
labor was measured by the extent to which he correctly categorized
the instructed objects. The images captured during the day have
much higher quality and visibility than the evening ones due to
lighting conditions and limited camera technology, such as low
sensor sensitivity, but the standard did not change based on the
time that images were taken. As a result, he performed additional
labor, such as brightening the images and going through each image
multiple times, to achieve the expected level of accuracy.

Moreover, Haoyang and his colleagues were instructed to an-
notate those objects with 2D bounding boxes, which needed to be
strictly fitted to the objects with less than a 3-pixel fitting error. He
was told repeatedly that he should pay specific attention to this
requirement, which they call Tiehe (贴合 ), one of the key elements
to measure the accuracy of these tasks. When Haoyang and his col-
leagues first started, they magnified these images multiple times to
draw precise bounding boxes around objects like traffic lights. They
were told that the accuracy would be compromised if the Tiehe was
not precise. Haoyang was one of the most prolific AI trainers on the
team. After a few weeks, he believed he could ensure Tiehe without
magnifying images. This meant he could spend less time accurately
drawing bounding boxes, which directly translated into improved
productivity. “Since I’ve done so many [tasks], I can simply draw
a box to fit the object perfectly. Some of my colleagues still need
to magnify the image several times before drawing polygons and
then adjusting it back and forth until it fits precisely,” he added.
Even though Haoyang could rely on his tacit knowledge to draw
bounding boxes more efficiently, he was still instructed to complete
them in standardized ways, such as magnifying images multiple
times, causing the tasks to be even more mechanical and tedious.
Such labor is often unrecognized and excessive.

Despite the multiple meanings and the contextual nature of
accuracy, for many workers, accuracy was more of a homogeneous
and arbitrary production goal, manifested through the clients from
technology companies setting demands for unifying accuracy and
reinforced by different actors. Zimo, who has worked as both an AI
trainer and reviewer, revealed: “Accuracy means meeting clients’
requirements. some are set at 98%, others at 99%. The client will
approve your project if you achieve their accuracy expectations.”
He added that he has even heard of some “high-end” better-paying
projects where clients specifically ask for a 100% unifying accuracy
rate.

Our findings, grounded in the Chinese commercial context, re-
veal that clients had consistently high accuracy expectations of a
typical minimum threshold of 95%. Some “high-end” (better-paying)
projects demanded even higher standards, reaching 98–99% or oc-
casionally even 100% unifying accuracy. Although the variation in
accuracy requirements was not substantial, the labor implications
of these differences were significant. Through observations and
conversations, we learned projects demanding extreme accuracy
levels often made additional demands. Their demands included
more stringent context-specific accuracy requirements, additional
rounds of revisions, increased frequency of quality checks, and
extended unpaid waiting periods for feedback. Despite promising
higher payment, such projects were more likely to be Huishou (回
收 ), where workers are likely to end up with less pay. In the con-
text of AI data annotation centers, Huishou involved rejecting AI
trainers’ work at different levels: rejecting specific tasks, excluding
workers from an entire project, and rejecting all tasks in project
segments. As the level increased, the financial losses for workers
became more severe. This further illustrates that clients obsessed
over performative accuracy without carefully considering the fea-
sibility, financial costs, and potential labor and economic harms,
such as wage theft behind such requests, which we will present in
Section 4.2 and elaborate on in Section 5.
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Figure 1: The establishment of accuracy is understood in different scenarios and dimensions. This figure synthesizes the
instruction manuals collected by the first author, with selected quotes serving as examples. Texts with quotation marks are a
direct translation from the instruction manuals.

4.2 Managing and Making Performative
Accuracy

Previously, we documented how technical accuracy was perceived
and established. This section highlights how accuracy was managed
and intertwined with power dynamics. Our findings illuminate that
an excessive focus on high technical accuracy can be labor-intensive
and cause multiple harms to workers. Specifically, workers engaged
in excessive training and revisions, performed invisible labor, and
developedmachine-like thought processes, all while facing financial
instability and strict organizational control.

4.2.1 Excessive training. To meet clients’ specified accuracy stan-
dards, workers often were trained in excessive ways. Extensive
training for data work was a common practice observed in both
field sites. In most cases, workers were trained over an initial phase
lasting from three nine-hour days to a few weeks before working
on the projects. Their training typically involved studying general
training materials, participating in video conferences, completing
designated practice assignments, and undertaking assessments cov-
ering foundational concepts and theories and associated techniques.
This training was often mandatory and unpaid. Yichen shared his
training experience at DachangX:

When DachangX trained us, we began with 2D bound-
ing box annotation. It was for autonomous driving recog-
nition, requiring us to accurately identify all road ob-
stacles. We marked everything, from pedestrians and
bicycles to cars and crash barrels. Each object had spe-
cific attributes that had to be labeled correctly. For in-
stance, we’d differentiate between walking pedestrians
and those lying down. If there were a chair, we’d note
whether someone was sitting or lying on it. Notably,
babies on strollers couldn’t be labeled as pedestrians.

Before taking on a new project, workers often went through un-
paid new training sessions due to different rules and specifications.
This subsequent training was frequently shorter and acquainted
them with project-specific guidelines. This often entailed partici-
pating in video or voice conferences facilitated through platforms
like VooV Meeting, where either clients or managers clarified the
regulations. Notably, these meetings were often impromptu and
scheduled at the last minute.

According to the interlocutors, their training could span a week.
However, during the first authors’ fieldwork, the training duration
was shortened to 1–2 days. One reason for shorter training was the
absence of incentives for participation. Since workers possessed
foundational knowledge from their initial training and previous
work experience, the subsequent training often contained redun-
dant content. Some workers considered further training rounds a
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waste of time, especially since they were unpaid. Consequently, as
the first author observed, workers sometimes became inattentive
during video sessions, diverting their focus to non-work-related
activities such as chatting with colleagues or browsing short videos
on social media.

In certain regions, the first author observed that managers re-
quired prospective workers to present an AI training certificate
before hiring them in the name of enhancing data quality and job
security. Obtaining an AI training certificate required undergoing
weeks of formal training, taking a strictly scrutinized exam, and
spending over a month of salary on fees, often paid by individual
workers themselves. Like many AI trainers, the first author person-
ally invested several weeks and around $440 (USD) to go through
this formal training process. After talking with managers, he later
found the certificate was “unnecessary” for doing such work. How-
ever, managers could present the annotation teams as skilled and
professional, and promise they would provide high-accuracy data,
which served the clients’ interests more than the employees’.

Taken together, while excessive unpaid training may be per-
ceived as an essential step for achieving optimal performance accu-
racy and high data quality, it often proved excessive, harmful, and
counterproductive for workers in practice.

4.2.2 Homogeneous workflow. To ensure high accuracy and data
quality, a standard workflow was often established across different
projects, involving stakeholders like clients, intermediaries, and
service providers. The clients relayed data to intermediaries, who
then delegated tasks to the service providers. Within the service
provider’s realm were AI trainers, reviewers, quality inspectors,
and managers. For instance, the AI company DachangX might have
acted as the intermediary (project management), while the service
provider could have been a BPO.

Figure 2, adapted from a company figure and used widely in
the industry, shows a flowchart designed to ensure perceived high
accuracy. Once AI trainers completed their data annotations, they
submitted their work to reviewers. If they identified multiple errors
or believed the accuracy was below the threshold, they returned
the data to the AI trainers for revision. Once the task passed the
reviewers’ standards, quality inspectors conducted additional ac-
curacy checks. With successful clearance from both reviewers and
quality inspectors, the annotated data could be submitted to the
client’s project overseers. This team assessed data accuracy and
sometimes employed algorithms to test the data, ensuring that the
model performance met high accuracy expectations.

If any stage of this verification process was unsuccessful and
multiple revisions were requested, the data was either returned to
the service provider, which resulted in pay deductions for workers.
If the data work was deemed a failure, it was called Huishou. When
AI trainers were rejected through Huishou, the rejected tasks were
often redistributed as new tasks/projects, often to different teams
or companies. While these recycled tasks were typically priced
lower than brand-new ones, workers tended to view them as more
manageable. Specifically, interlocutors believed such tasks were
more mechanical and intuitive, so they could complete them faster
with lower effort, potentially earning more money through a higher
volume of completed tasks. This practice reveals that the client
company was cutting operational costs by creating excessive work.

They devalued human labor not only through direct task rejections
in the name of accuracy but also by redistributing rejected tasks.
In cases of specific task rejection, workers were uncompensated
for their time and effort. Haoyang was furious after 6 out of 8 tasks
led to Huishou. The tasks were valued at approximately 60 yuan
($8.35) each and he worked very hard to complete them in a timely
manner. In theory, he should have received 480 yuan, but in reality,
he only got paid for two tasks, amounting to approximately 120
yuan. He remarked:

I was so frustrated. I even contemplated resigning, you
know?... Even if I made multiple mistakes, they could
have pointed them out individually. I would accept and
learn from them. You can’t just reject almost all of my
work at once.

Moreover, iterations of the revision often resulted in workers
being removed from projects and losing all payment even for the
approved tasks. Haoyang elaborated: “If your tasks are repeatedly
returned for revision, you could end up losing all of your earnings
for that project.” The highest level of Huishou observed by the
first author occurred in large projects, where a segment of the
project was deemed a failure, causing all workers in that segment
to lose their payment. Sometimes, this was beyond the control of
individual workers and was interpreted by the first author as a form
of collective punishment. The risks of Huishou of project segments
created additional pressure for workers to engage in extensive
labor to ensure accuracy, as their performance affected not only
individual payments but potentially the earnings of all workers in
the segment.

Despite the risks of Huishou, many interlocutors continue re-
vising their work in the hopes of maximizing their earnings. This
process was often emotionally taxing, especially when workers re-
alized that hours or even days of their labor were ultimately wasted
and went unrewarded. “Mentally, it’s draining,” Yiran added when
undertaking tasks with higher standards. “It feels like every day
here is just a futile hustle.”

Zehong explained the dilemma of deciding whether or not to
revise previous tasks to improve accuracy: “Sometimes we have to
revise [tasks] up to four or five times. Beyond that, the task is consid-
ered a failure.... [But] if you don’t revise them, they also get marked
for Huishou. You won’t receive any payment... It becomes a vicious
cycle.” Later on, he discovered that this standardized workflow and
the emphasis on accuracy provided justification for intermediaries
and clients to cut costs by underpaying workers. In other words,
they sometimes set exceptionally high standards, knowing workers
would fail repeatedly. He added that many of them would get very
angry and even use curse words while talking with other colleagues
in private. Gradually, for projects that demanded very high accu-
racy, he started limiting his revision efforts and instead waited to
be switched to new projects. “Even if I do it, there’s no guarantee
of money, so why bother keep doing it?” If all goes well, the project
concludes, and the workers will finally be compensated.

4.2.3 Power asymmetry in establishing accuracy. The first author
also regularly observed power imbalances that manifested at differ-
ent stages of the AI training work. These imbalances contributed,
in part, to hierarchical and top-down decision-making and empha-
sized performative accuracy. Apart from the unclear and constantly
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Figure 2: An emblematic example of workflow in AI training projects to manage and aim at ensuring high accuracy. The figure
is adapted from a company diagram and is widely used across the industry.

changing task instructions, power imbalances permeated the in-
teractions and dynamics among all human actors involved: clients,
intermediaries, AI trainers, reviewers, and quality checkers.

The first author observed many different projects and several
scenarios at the technology park. It became evident that while
power dynamics existed among the AI trainers, reviewers, and
quality checkers, the ultimate authority resided with the client.
This observation echoes findings presented by Miceli et al. [57].
Specifically, clients determine the high accuracy rate, establish
annotation rules, and have the power to change and interpret the
specifications of the rules. Within this hierarchical structure, AI
trainers often felt compelled to follow the guidance of reviewers.
Similarly, reviewers felt obliged to respect the views of quality
checkers while also adhering to the rules set by the clients. Zimo,
a reviewer, revealed that despite the perceived authority and tacit
knowledge he had in the eyes of the AI trainers, he felt his influence
was very restricted. The rules created by clients limited his decision-
making regarding what was accurate. He described the nuances of
these power dynamics of this process:

Researcher: When you serve as a reviewer, do people
take your words as rules?
Zimo: No, reviewers also follow the rules.
Researcher: If, as an AI trainer, I consult you about the
acceptability of certain annotation approaches and you
approve, I’d assume they’re acceptable.
Zimo: That’s not true; as reviewers, we don’t establish
the rules; we reinforce them.
Researcher: OK, I see.
Zimo: When consulted, we assess based on the rules, if
a particular annotation style is acceptable or it is the
correct way to do it.
Researcher: The problem is that the rules we see aren’t
always concrete, and they change.

Zimo: If it’s ambiguous and uncertain, you can escalate
the issue. Above us, there is the client’s project overseer
(xiangmu laoshi). Whatever they say, we’ll follow their
guidance.
Researcher: So, does that mean the project overseer’s
directives could be viewed as rules?
Zimo: Yes, that’s correct.

Perspectives like Zimo’s regarding rules and authority are not
isolated; they were a norm in the technology parks.While reviewers
and quality checkers could only make decisions based on already es-
tablished rules, they still had considerable perceived authority over
the AI trainers. This was primarily because AI trainers frequently
interacted directly with reviewers and relied on their feedback.
Within the service provider, there was a palpable power imbalance
between AI trainers and reviewers and between reviewers and
quality checkers.

Indeed, when faced with disagreement among AI trainers, re-
viewers, and quality inspectors, the “ground truth” often came from
the clients. Zimo elaborated:

Even if you’re a reviewer, you still need to defer to the
quality inspectors. However, at the end of the day, the
clients’ words matter. Whatever they ask for, you im-
plement those changes; that’s the only way to get your
tasks approved.

This means AI trainers often found themselves getting feedback
from different sources and having to agree with almost all of them,
leading to multiple rounds of revisions. Notably, agreement was
more of a form of conformity in performance among workers at the
lower levels of the data production hierarchy, namely, AI trainers.
Workers consistently pointed out that the client dictated the desired
accuracy rates and the rules, even though they might seem arbitrary
or contradictory.
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Figure 3: This figure maps the different power dynamics among different actors, including clients, project overseers, machine
verification systems, and related workers.

4.2.4 Hybrid Management. We refer to hybrid management as a
hybrid form of labor control and management, which is an apt
characterization of our study’s context. Workers were controlled
in a setting with attributes typical of both factories and gamified
platforms. Specifically, this study presents a case of hybrid forms
of control, as workers were controlled and managed by traditional
and factory-like criteria and gamification but did not receive the
benefits of either. This was especially true regarding the income
security and social benefits in traditional settings and the flexibility
in the platform settings.

Similar to the factory setting, DachangX implemented a facial
recognition clock-in system and mandated workers to use it to
record their attendance. The first author observed workers rou-
tinely lining up in front of the computers equipped with the clock-
in system around 9:00 AM. and 6:30 PM. to register their arrival and
departure times. The record both captured attendance, which quali-
fied workers for the 200 yuan ($27.80) monthly “perfect attendance
award”. Such incentives are important, as BPOs often have a strong
desire to retain workers to ensure consistency in task performance
and data quality. Additionally, cameras were installed in most cor-
ners of the building. While some workers accepted this surveillance
system as a part of the office protocol, others deemed it intrusive.
Importantly, these facial recognition-empowered clock-in systems
have made skipping or being late for work much more challenging.

Yichen was an AI trainer who recently transitioned from work-
ing as a factory worker at an electronics factory in eastern China.
During our interview, he expressed his dissatisfaction with the
facial recognition-enabled check-in system:

I’m quite resistant to it because I just left a company
with a clock-in system, and now I’m being asked to clock
in again. I feel restricted. I really don’t like it, but there’s

nothing I can do. We have to adapt to the environment
as the environment can’t adapt to us. That’s how it is.

Such clock-in systems ensure that workers physically work in
the AI data annotation center for a prolonged period, even though
their pay is often based on piecework. Workers tolerated spending
idle time to get the monthly bonus and be assigned to new tasks.
This idle, unpaid time could amount to workers spending days
or even weeks in the center not actively working. In addition to
waiting for new tasks, workers also waited for feedback from other
actors and for rules to be established or confirmed. To achieve
performative accuracy, some clients assumed workers must spend
a certain amount of hours on given projects. Even if they finished
early, workers still needed to ensure that they logged enough screen
hours, resulting in additional unpaid waiting. These managerial
practices, purportedly in the name of accuracy, directly increased
waiting times and financial precarity for workers.

When joining a new project, workers often watched synchro-
nous or asynchronous tutorials as training, which they perceived
as crucial for improving data quality and accuracy. They were also
invited to join online project groups where reviewers and quality
inspectors highlighted workers’ errors. Some workers were un-
comfortable with their mistakes being highlighted in such a public
manner. Yiran further elaborated:

If a reviewer thinks you made some annotation errors,
they’ll mention it in the group chat, often suggesting, ’If
you’re unsure, consult colleagues or check the rules.’ It
feels a bit like being criticized, like how a teacher would
reprimand you in front of a class during school years.

To enhance workers’ performance and motivation, their perfor-
mance metrics were mostly made public among their peers. Almost
every day in the group chats, workers were provided with an Excel
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spreadsheet exported from the annotation systems detailing ev-
eryone’s performance metrics. Performance spreadsheets included
specific information such as username, project name, number of an-
notations, accuracy rate (often with approval and failure rates from
both reviewers and quality inspectors), and hours spent annotating.

One late afternoon in mid-May, following the spreadsheet’s re-
lease, activity surged in one of theWeChat groups. ManagerWeinan
commended a male colleague using the word “Niubi,” meaning im-
pressive. He was 50% more productive than his teammates and
by far surpassed Meilian, a productive female worker known for
consistently producing high-quality work. Strategies like public
praise motivated workers to enhance their output or at least main-
tain above-average performance. Yiran conveyed her sentiments:
“When you see others achieving so much, even if you doubt your
capacity to match their pace, you’re very likely to push yourself
harder. You feel you can’t let yourself fall behind; your performance
needs to be at least acceptable, without lagging too far behind.” The
first author felt the same way; upon beginning a new project or
facing a day of low productivity, seeing the ranking of the spread-
sheet made workers feel like they were in the spotlight. Like Yiran,
he would redouble their efforts the next day, which often meant
sitting in front of the computer for even longer hours.

The competition among the most prolific workers were intense.
The day following the manager’s announcement, Meilian remained
troubled. She regretted having taken an extended nap the previous
day at her work desk, which she felt diminished her productivity.
Over lunch in the technology park canteen, Meilian confided in
the first author her ambition to be the first in the group — a senti-
ment she hesitated to express in the presence of other colleagues.
Consider this exchange the first author had with Meilian about the
impact of gamification and the dynamics of competing with male
peers:

Researcher: Why are you competing with him?
Meilian: He has the highest number.
Researcher: Why do you want to be at the top?
Meilian: Why can’t I be?
Researcher: Of course you can! You’re very competent.
Meilian: Do you know? He came in early in the morning.
I started working on the tasks at 9:30 AM., but he started
an hour earlier. At lunchtime, he orders takeout and
eats them right away [in front of the computer].
Researcher: Doesn’t he have to handle things at home?
Being out from early to late like that.
Meilian: He’s a man. What’s there for him to take care
of? His recorded working hours here are nine hours,
while mine are just seven hours...I need to annotate
quickly, annotate quickly.

At the office entrance, public posters were hung on the door
highlighting the achievements of these prolific workers. Unsur-
prisingly, the majority of them were men. Meilian found herself
comparing her productively to others, especially to prolific male
colleagues, even though many female workers like her were bur-
dened with more domestic work at home, given women’s expected
role in Chinese households. Even brief diversions, such as restroom
breaks, made her feel guilty, particularly when she observed her
male colleague consistently seated at his desk. In response to these

pressures, she started skipping her usual desk nap after lunch and
resuming her work immediately.

While quantification and gamification techniques fostered pro-
ductivity and uphold accuracy standards, punitive measures re-
inforced the company’s emphasis on accuracy. These measures
included pay deductions, suspensions, and mandatory unpaid re-
training. While working on a computer vision annotation project,
Yichen expressed dissatisfaction with the payment structure, which
was heavily influenced by the accuracy rate: “For this project, if
your task gets returned more than once, they deduct 20% from
the commission. For every additional return after that, they would
deduct 10%. That’s why I didn’t want to continue this project later.”
When asked how he felt about his work being constantly returned,
he said: “I thought someone was targeting me and they were seek-
ing revenge. Because each of us undergoes random quality checks,
some people might feel upset when they see their data tasks be-
ing returned. As a result, they might return mine as well as a way
of retaliation.” Complaints regarding workers’ tasks being repeat-
edly returned were common in the first authors’ interactions with
colleagues.

Every afternoon, Yuxi felt anxious before her previous day’s accu-
racy rate was released. She explained that, similar to her colleagues,
she was expected to maintain a high accuracy rate of 95% or above.
If the accuracy rate fell below this threshold for two consecutive
days, she could face suspension, meaning she would be barred from
working on the project and would receive no payment. Persistent
failures to meet the accuracy rate would require her to undergo
unpaid retraining to remain on the project. Such management prac-
tices could be unnecessary, harmful, and counterproductive, which
we elaborate on in Section 5.

After over two months of observations and talking with man-
agers and colleagues, the first author realized that despite being
excessive, managerial practices — such as the constant revision and
punitive measures described above — were being imposed purpose-
fully. They not only ensured performative accuracy but also could
be used as a way to decrease labor costs.

Many labor-intensive and emotionally taxing efforts to enhance
performative accuracy — such as excessive training, comparing
accuracy with peers, and repeated task revisions — often went un-
compensated, particularly among workers who were compensated
on a piecework basis.

4.2.5 Machine subordination and humans as machines. To further
improve the accuracy of machine learning models, algorithms were
also added to the workflow (Figure 2). Machine verification sys-
tems are typically deployed by clients as an additional evaluation
process, and the clients often maintain final authority over con-
troversial results. Workers shared that the algorithmic evaluation
often carried considerable weight in determining accuracy. When
human actors such as quality checkers and project overseers were
uncertain, “they would rely on machines to test and ensure the
desirable outcome,” Yuxi said. “It was really useful. What the ma-
chine says is what it is. We tend to go along with whatever it
suggests.” When the first author questioned that this approach
seemed counterintuitive, suggesting that decisions about accuracy
should be human-driven rather than machine-driven, there was a
prolonged silence in response. According to Yuxi, there were cases
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in which workers appealed machine decisions. To make a strong
case, workers needed to sit in front of the computers, investing
time and additional labor to collect evidence. They researched offi-
cial sources online, documented similar or related prior tasks with
screenshots, and consulted more experienced colleagues. They also
needed to wait for staff members on the client’s side to look into
the cases. In other words, the appeal process could be lengthy and
yield few material benefits. Additionally, they often hesitated to
challenge decisions due to existing power dynamics. This situa-
tion demonstrates how machine verification systems function not
merely as technical tools but as instruments of power that rein-
force hierarchies, amplify client authority, and compel workers to
perform additional and often futile labor.

In addition, the pursuit of performative accuracy could lead to
workers becoming subordinate to machines. While striving for opti-
mal accuracy, workers’ decision-making often becomes influenced
by, and sometimes even subservient to, machine outputs, which are
regarded as potential arbiters of the ground truth. To avoid being
suspended and ensure a more stable income, workers frequently
documented questions they answered incorrectly, individually or
as a group. This documentation helped them understand and align
with the logic that leads to performative accuracy. For instance, to
understand the hidden logic of specific AI systems, Yuxi and her
colleagues would test these systems and seek verification from the
machine itself. Specifically, when moderating search engine con-
tent, Yuxi would use her phone to engage with the virtual assistant
from that search engine, aiming to enhance its perceived accuracy
and smartness. Though this virtual assistant is free to use, Yuxi
had to download it to her personal smartphone and register as a
user to test and verify responses. While she did not pay to use it,
it still created additional labor outside her formal workflow. She
had to use her personal device for work to use this virtual assistant
over other mainstream AI tools and invest time in installation and
testing. Such excessive labor is unrecognized and uncompensated
in the formal process, but is vital to achieve high accuracy rates.
While observing Yuxi in the crowded working space, the first author
pointed out that her thought process seemed to mirror that of the
machine, namely AI, rather than a human. She responded by men-
tioning she had been consciously training herself to think like an AI
to ensure high task accuracy. The experiences and practices of Yuxi
and her colleagues underscore that the reckless pursuit of accuracy
could inadvertently encourage humans to emulate machine-like
thinking and behavior.

Throughout the fieldwork, the first author rarely observed inter-
locutors negotiating with or resisting machine evaluations. Instead,
he found them developing subtle ways to cope. Some created pri-
vate chat groups where they could collectively document and make
sense of their experiences. In these groups, they could work to-
gether to make their outputs more likely to be accepted by the
systems. Some of them, like Meilian and Shiyun, got together to ask
for transfers to a different project, but their requests were denied
(management seldom approved such requests). As a result, most
interlocutors simply tried to rush through and make do with their
assigned tasks, hoping to move on to better assignments sooner.
However, these strategies ended up reinforcing the machines’ epis-
temic authority rather than meaningfully resisting or challenging
it.

Structural barriers prevented interlocutors from resistance. Be-
yond the power imbalances in the workplace and punitive mea-
sures for missing accuracy requirements, as we mentioned ear-
lier, workers’ financial insecurity was exacerbated by weak social
safety nets in developing regions of China. Many workers lived
paycheck to paycheck, taking second jobs (such as food delivery
and e-commerce package sorting) after their regular shifts. Such
duties increased workers’ likelihood of subordinating themselves
to machines.

5 Discussion: Precision labor and its
consequences

Our findings illustrate how technical accuracy is perceived, estab-
lished, managed, and legitimized in practice in the context of AI
training. In the following section, we connect interlocutors’ every-
day labor practices to the emerging harms driven by technology
companies’ relentless pursuit of technical accuracy. We contribute
to the understanding of performative accuracy and critically ex-
amine its legitimacy. Additionally, we introduce the concept of
precision labor to unpack the hidden and excessive labor involved
in constructing and performing technical accuracy. Finally, we
propose alternative approaches to enhance worker agency and
well-being.

5.1 The Making of Performative Accuracy
Our findings document the relentless pursuit of technical accuracy
by clients from technology companies. More importantly, they also
illuminate how such a pursuit is materialized, legitimized, natural-
ized, and reinforced, perpetuating accuracy as a persistent value.
We refer to this phenomenon as performative accuracy to highlight
accuracy as a value that is constructed rather than self-evident
and unambiguous. Specifically, we argue that these interpretations
of accuracy not only constitute and establish what is considered
accurate but also enact and shape accuracy within social realities.

Despite the aura of accuracy [51, 98], technical accuracy in AI
training is context-specific, as we have demonstrated in our find-
ings. Importantly, its standards and measures were constructed
through a set of discretionary decisions. The degree of accuracy
deemed appropriate and sufficient remained unclear, inconsistent,
and unrealistic, leading to arbitrary and unjustified standards set
by clients in practice, which often harmed workers. Additionally,
the multiplicity of definitions and measures of data quality led to
varying accuracy standards, further emphasizing the arbitrariness
of their construction [18, 66].

We argue that the making of accuracy is performative. Per-
formativity can be understood as iterative processes of producing
specific knowledge and, simultaneously, shaping and enacting the
reality that is represented. In turn, that reality reproduces and le-
gitimizes this knowledge [6]. In the context of AI training, specific
understandings of accuracy are formed when clients define what is
considered accurate and set accuracy standards. They are further
enacted through imposing and enforcing standards, which then
require extensive labor from workers to follow and establish layers
of control to ensure accuracy. Through these processes, arbitrary
understandings of accuracy are naturalized and consolidated, funda-
mentally shaping the AI models produced downstream. Such uses
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could include but are not limited to autonomous driving systems,
AI chatbots, and medical systems for clinical diagnostics; users of
all of these may be negatively impacted by AI models trained on
datasets that are supposedly precise but, in fact, hampered by the
issues inherent in performative accuracy.

Performative accuracy serves to naturalize the epistemic au-
thority of actors who define and shape it, legitimizing the ac-
curacy goals and standards they set. Reaffirming findings from
Miceli et al. [57], we found that in the Chinese context, clients
also have the most epistemic authority and power to define and
shape accuracy standards. Workers are inclined to perceive clients’
interpretations of data as correct and self-evident. Workers are eco-
nomically constrained from challenging their epistemic authority,
as failing to meet the imposed accuracy standards could result in
loss of income and employment. Importantly, our findings add to
previous work on the epistemic authority in data production [57],
by highlighting the role of machines in the accuracy evaluation
process as an additional layer of standardization and a new
source of epistemic authority. The integration of machines can
further increase AI trainers’ workload, for instance, by compelling
them to maintain records of machine judgments as model answers
to avoid punitive measures. Furthermore, compared to a collabo-
rative relationship between data scientists and machines [94], AI
trainers often find themselves subordinated to machine judgments,
attempting to mimic machine outputs as much as possible to ensure
high accuracy rates. Machine evaluation symbolizes accuracy and
precision to such an extent that even in scenarios where machines
and algorithms are solely used to identify invalid or falsified data,
workers could still regard machine output as the arbiter of accu-
racy. This subordination of humans to machines not only highlights
the epistemic authority of machines over workers, but also under-
scores the devaluation of workers’ expertise. To ensure a desired
accuracy rate, workers’ judgments are considered trivial, their tacit
knowledge is deemed unimportant, and their thought processes are
expected to mimic those of machines.

In the production of ML data, achieving high accuracy is both
a desirable and elusive goal. Examining the making of performa-
tive accuracy thus challenges the naturalization, legitimization,
and enactment of specific understandings of technical accuracy.
The process of producing and ensuring accuracy reveals power
asymmetries imposed by arbitrary accuracy standards, highlights
disproportionate harms faced by workers, and raises the question
of whether such pursuits are more performative than substantive.

5.2 Implications for AI Production
Scholars have devoted considerable analytical attention to the
harms stemming from humans’ role in technology production, us-
ing terms such as humans in the loop [25] and heteromation [19]. In
striving to fulfill the promise of automation, workers often engage
in “ghost work” [25], in which their labor and contributions are
purposefully rendered invisible [88]. Focusing on the invisible labor
required to achieve extremely high accuracy standards, our findings
highlight that AI trainers engage in different forms of invisible la-
bor, such as emotional labor [31], relational labor [3], and care and
repair work [46]. Specifically, to meet the high unifying accuracy
rate, AI trainers must perform excessive hidden and unpaid labor,

adapt their thought processes to be machine-like, internalize the sig-
nificance of technical precision, and downplay the frustrations they
encounter in the iterative process of reworking tasks. Moreover, AI
trainers are subject to a hybrid form of labor management, which
significantly intensifies workplace surveillance and control yet fails
to provide the social benefits and protections often found in factory
jobs, nor the flexibility typically associated with platform-based
work. In addition, workers face wage theft, job instability, and finan-
cial precarity. They often need to invest excessive time and effort to
engage in precision labor to secure their wages, as failing to meet
accuracy standards carries significant financial consequences. We
build on previous work on labor conditions and harms in AI produc-
tion [35, 61] and different types of invisible labor, and extend it by
conceptualizing the performativity of accuracy and discussing its
two labor implications: performative accuracy can induce excessive
labor for workers and further normalize and legitimize the labor
and harms it induces.

Our findings show that the excessive drive for technical accu-
racy, though perceived by technology companies as essential and
objective, not only results in hidden labor and harms for work-
ers, but such excessive labor can also be unnecessary for the
quality of AI models. Exploring the performative aspect of accu-
racy reveals the excessive labor demanded of AI trainers to meet
extremely high accuracy standards, which may have minimal no-
ticeable impact on the performance of AI models. This can manifest
in excessive and rigorous standardization measures and in human
subordination to machines, as discussed in Section 4.2.5.

Adding to existing work on extensive standardization measures
in workflow and organizational contexts tomeet accuracy standards
[56, 57], our findings offer two additional insights. First, despite the
availability of training, data companies can request workers to par-
ticipate in certificate programs and obtain AI training certificates as
a prerequisite for tasks. However, companies often do not compen-
sate workers for the time spent in training and certification exams
nor reimburse the fees workers incur. Additionally, the hybrid form
of labor management fosters stricter and more intensive control
than common outsourcing modalities in the data production sector,
such as BPOs [56, 57] and crowdsourcing platforms [26, 73]. Hybrid
management compels workers to engage in intense precision labor
to secure payment, which in many cases justifies wage theft. In the
name of accuracy, these two measures serve the interests of other
actors at the expense of workers. For instance, through training
certifications, managers can demonstrate the professionalism of
workers and win clients over potential competitors. Clients benefit
from such requirements and often use workers’ failure to meet
relevant standards as a justification to underpay them.

Moreover, meeting accuracy standards often requires subordinat-
ing human labor and judgment to machine outputs. Prior research
on human subordination to machines [55] has focused on the harms
and dehumanization of workers. We further argue that in the con-
text of AI training, such subordination induces excessive labor,
which is not only harmful to workers but also counterproductive
for technology companies because it negatively impacts AI models.
While the strength of AI training data sets is assumed to be their
grounding in human data annotation, we show that, in reality, AI
trainers attempt to mimic machine annotation to ensure high accu-
racy rates. We argue this approach could also potentially sabotage
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the performance of the resulting models. By relentlessly striving
for arbitrary measures of “accuracy” and “precision” that dismiss
and mishandle human expertise, data companies are, in fact, para-
doxically, creating AI models that may be less accurate in practice.
In this way, performative accuracy has widespread implications
when these supposedly accurate models are implemented for their
intended tasks, raising important questions about the reliance on
and consequences of such models.

Moreover, performative accuracy can serve to naturalize and
legitimize the labor required to meet accuracy standards and
the harms they induce. Actors involved in data production are
convinced by and internalize the importance of accuracy for data
quality and model development, resulting in AI trainers accept-
ing arbitrary standards as given and unquestionable. This effect is
clearly shown in the strong emphasis on achieving high accuracy
rates. While a high accuracy rate in data production is meant to
validate data quality, any perceived imprecision discredits workers’
labor and efforts. Workers are compelled to continuously rework
the data until it reaches clients’ expectations and meets evolving
accuracy criteria, regardless of the excessive labor required for
workers, whether accuracy is determined by human ground truth
or whether machines play a significant role in determining what
is considered “correct.” The normalization and legitimization of
imposed and constructed accuracy standards, along with the la-
bor required to achieve them, neglect questions regarding whether
these standards are reasonable and well justified, or whether the
extensive labor required to meet them is necessary. Workers are left
in a particularly vulnerable position when performative accuracy
is enforced to their detriment. Although they can appeal individual
decisions or opt out of specific tasks, AI trainers cannot challenge
the sector-wide pursuit of performative accuracy, which is rigidly
enforced beyond individual workflows or companies and presented
as self-evident and legitimate.

Admittedly, there is a practical need for having accuracy stan-
dards, despite their nature as human constructs. However, wewould
respond by drawing attention to the excessive labor and subsequent
harms workers experience when clients set arbitrary standards
and request they be strictly implemented, indifferent to the ef-
forts involved and the marginal or indiscernible improvement these
extreme standards might bring to data quality or AI models. Inves-
tigating the performative aspect of accuracy thus contributes a new
lens to understanding the labor and harms induced in the name
of accuracy, which we summarize and conceptualize as precision
labor.

5.3 Conceptualizing Precision Labor
Centering the labor that enacts, performs, and sustains accuracy
and precision, we conceptualize a distinct yet under-documented
aspect of their work as precision labor. This term refers to the hidden
and excessive labor involved in erasing the messy, ambiguous, and
uncertain aspects of technology production, to present technology as
objective, truthful, and high-quality, even when such pursuit can be
excessive, arbitrary, and harmful to laborers. Precision labor extends
previous literature on ghost work [25] and the relational nature
of invisible labor in AI production [65, 75] by questioning if exces-
sive labor is well-justified and necessary. Building on research that

focuses on the harsh labor conditions in data production [35, 61],
precision labor further underscores how these labor practices and
their associated harms are normalized and legitimized in the re-
lentless pursuit of performative accuracy. Specifically, we identify
three conceptual advances precision labor can offer. These insights
deepen our understanding of labor dynamics in AI training and data
production and illuminate broader implications for labor practices
in other sectors captivated by the allure of high accuracy.

1. Re-centering Arbitrariness in Technical Production. Pre-
cision labor provides a lens to re-center the subjectivity, arbitrari-
ness, and uncertainty inherent in technical production, which are
rendered obscure in the guise of accuracy. As Grill [28] aptly stated,
“what [is accuracy] making in-/visible? ... What accuracy is ‘good
enough’ in what context and for whom?” This perspective reveals
the process of establishing, managing, and performing accuracy,
thereby revealing the arbitrariness involved in its construction and
production. Additionally, it highlights the human labor that is pur-
posefully erased to maintain the guise of trustworthiness, reliability,
and certainty in AI systems [28]. While AI models are credited with
reducing uncertainty, it is not eliminated but instead transferred
to workers. They often bear the burden and undertake substantial
physical, emotional, and relational labor in navigating, negotiat-
ing, and mitigating uncertainty. Taking Figure 2 as an example,
at first glance, the workflow seems robust and logical, offering a
framework for “agreement about standards of comparison” and
incorporating an “extended network of people” [98]. In practice,
however, this workflow often proves to be performative, primarily
due to power asymmetries and the top-down decisions imposed
on workers. These decisions are consolidated in rounds of revision,
resulting in excessive labor, inefficiencies, and harms.

2. Highlighting the Excessive Aspects of Precision Labor.
Precision labor reveals that the excessive and hidden labor required
to achieve arbitrary and unrealistic accuracy goals is often unneces-
sary. This insight adds to the existing scholarship on the invisibility
and precarity of work in data production and AI training [25, 35, 56].
We highlight the excessive aspects of precision labor in AI training
on two main grounds. First, accuracy standards are often shaped by
the demands of clients and the requirements of machine actors. In
their daily work, workers frequently face pressure to deliver tasks
with a unifying accuracy exceeding 95–98%. The justification for
having such rigorous and extreme standards is inadequate, rais-
ing questions about their necessity. Second, the insistence on high
technical accuracy regarding compliance with machine actors can
not only disregard workers’ expertise and induce excessive labor,
but also potentially sabotage the AI models. While accuracy and
precision are ideal goals, their related rates and standards must be
well-justified and grounded, especially given the excessive labor
and harm involved in achieving them.

3. Discussing the Legitimization of Labor and Harm. Pre-
cision labor challenges the normalization and legitimization of
imposed and arbitrary accuracy standards, and the extensive and
hidden labor and emergent harms they induce. Existingwork has ad-
equately elaborated on extractive practices and workers’ precarious
labor conditions in data production [25, 35, 56]. With the concept of
precision labor, we show and counteract the normalization and legit-
imization of such practices in the name of accuracy. Furthermore,
drawing from Suchman [83] and Grill [28], we also underscore
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that meeting high technical accuracy rates does not resolve the
persistent uncertainty and ambiguity in how accuracy is defined,
established, and measured. Consequently, technical accuracy can
be arbitrarily defined by clients but is meticulously enforced by AI
trainers. While this enforcement can improve technical outcomes, it
simultaneously reinforces the inherent arbitrariness of the criteria,
ultimately undermining the very pursuit of accuracy and precision.

Precision labor is particularly relevant in today’s technology
landscape, given the exponential proliferation of data-driven tech-
nologies. Laborers, AI trainers, and beyond are increasingly com-
pelled to comply with the demand for accuracy in machine in-
telligence. Our research shows that the making of accuracy and
precision is performative, and we challenge the legitimacy of arbi-
trary accuracy goals and the normalization of the labor required
to achieve them. We argue that precision labor can be extended
beyond data production and AI training to enrich broader theoreti-
cal discussions on labor issues in AI production. For instance, in
the context of content creation, creators must continually balance
the efficiency and accuracy of producing content [50]. Content
creators on Reddit and YouTube need to tag their content accu-
rately, aligning with policies and community norms. This balancing
act can involve excessive labor but becomes excessive and deeply
intertwined with power dynamics and content creators’ financial
precarity. Importantly, creators’ labor and efforts can be overridden
by algorithms and users. Yet, such forces tend to be legitimized and
normalized in the name of accuracy. Interrogating precision labor
prompts a series of important questions: Who defines technical ac-
curacy? Is the accuracy standard reasonable, and how is it justified?
Who benefits from the pursuit of accuracy, and who bears the most
harm? Can the benefits from such pursuits possibly outweigh the
harms caused to workers, and how can we make work in areas such
as data production and AI training more ethical and sustainable?

5.4 Moving Forward: Enhancing Transparency
and Re-imagining Labor Management and
Empowerment in AI Production

Building on prior research and grounded in our empirical findings,
in this section, we offer suggestions and alternative approaches for
integrating accuracy as a metric into data documentation frame-
works to enhance transparency. We advocate for re-imagining labor
management practices and fostering collaboration with, as well as
empowerment of, local communities in AI production to promote
worker agency and well-being.

5.4.1 Include accuracy-related information in documentation frame-
works for data and AI production. Previous work has underscored
the importance of systematically documenting not only datasets
but also data production contexts [4, 17, 24, 32, 34]. Building on this,
Díaz et al. [17] proposed extending the documentation framework
by including compensations and working conditions. Given the
politics and intricate nature of technical accuracy revealed by our
findings, we recommend further expanding these documentation
frameworks to include accuracy-related information. Specifically,
practitioners should treat accuracy as a metric that encompasses
more than just unifying and/or context-specific accuracy rates.
Documentation should also address the definitions, measurement

methods, justification, and managerial processes involved in estab-
lishing and enforcing accuracy. Under such frameworks, if clients
demand an extremely high accuracy rate, which causes excessive
labor and harms, these factors should be accounted for in the com-
pensation structure. Moreover, we stress the urgent need to justify
and document projects demanding extremely high accuracy levels
while disclosing the evaluation methods, such as the reliance on ma-
chine verification systems. By incorporating accuracy information
as a central metric, such frameworks can help mitigate excessive la-
bor derived from high accuracy rates, promoting more responsible
sourcing practices while enhancing transparency.

5.4.2 Re-imagine labor management practices. Our findings reveal
the excessive labor demands and significant harm imposed on work-
ers when the hybrid management pushes counting regimes [11] to
their extremes. Counting regimes, which “enumerates tasks, errors,
accuracy and productivity,” often include metrics such as accuracy
rates, hourly task counts, and average handling times. While these
regimes are commonly used as managerial tools for clients to ex-
ercise control and power over data practices and workflows, they
often devalue workers’ insights and fail to recognize the indispens-
able role of human discretion in data production and AI training
[11]. Echoing Posada [74]’s assertion that “higher quality data re-
quires better working conditions,” we advocate for re-imagining
labor management practices that not only better account for work-
ers’ time and labor but also actively incorporate their expertise.

We further emphasize the critical role of state involvement in im-
proving working conditions. Our empirical findings show that state-
led initiatives to establish AI training as a viable career path are
insufficient without effective oversight of technology companies’
managerial practices and regulations governing working conditions.
In the context of China, the widespread acceptance of overwork
[33, 44] is exemplified by the “996 work culture” 11 in the technol-
ogy sector [95] and manifested in the hybrid management in our
findings. These practices often normalize excessive workloads and
waiting time, devalue human labor, and perpetuate overwork under
the guise of prevailing values such as accuracy and flexibility. We
urge policymakers to reinforce existing laws to eliminate the resid-
ual effects of overwork culture while scrutinizing other problematic
managerial techniques, such as hybrid management. In addition,
we highly recommend moving away from simplistic metrics such as
piecework-based pay or payment determined solely by time spent.
Instead, we propose adopting a more holistic approach to payment
structure. This approach can align payment with a combination of
factors, including overall work time encompassing both structured
work hours and time beyond the formal workflow, level of expertise
measured by factors (such as years of employment), relevant train-
ing and certificates, and productivity. A holistic payment structure
could mitigate the harmful effects of precision labor, such as un-
paid training and excessive waiting periods. It might also empower
workers to assert themselves (e.g., through appeals) and reduce
their subordination to machines.

11996 work culture in China refers to managerial requirements, be they explicit or
implicit, for workers to work from 9:00 AM to 9:00 PM per day and 6 days per week.
The 996 work schedule is no longer legal in China.
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5.4.3 Collaborate with and empower local communities. Crucially,
we acknowledge that policy and technological solutions alone can-
not resolve challenges that are fundamentally social [52]. For in-
stance, our findings show that workers’ subordination to machines
is shaped by asymmetric power dynamics and prevailing values,
such as a preoccupation with technical accuracy, which are fur-
ther exacerbated by uneven social development (e.g., regional and
global socioeconomic disparities) and workers’ financial precarity.
We recommend methodologies that foreground the community’s
perspectives and needs, such as community-based research [41],
action research [30], and asset-based approaches [23]. For example,
projects such as Data Workers’ Inquiry 12 and Fairwork 13 build
“workplace power” through researchers’ support and “shed light on
how these technological changes affect working conditions around
the world.” Building on such collaborative approaches, researchers
can integrate community knowledge, demands, and struggles with
on-the-ground insights to visualize issues and develop theoretical
and analytical frameworks to inform scholarly communities and
the public, and support local communities. Such frameworks can
improve evidence-based design and policy implications while in-
tervening in socially or technologically deterministic views about
and practices around technologies. By fostering collaborations and
implementing incremental changes to reduce social disparities, re-
searchers can play a critical role in creating environments where
workers enjoy improved career prospects, dignity, and agency.

6 Limitations and Future Work
While our study makes both conceptual and empirical contribu-
tions, we acknowledge its limitations. Qualitative and ethnographic
methods are powerful because of their situatedness and “interpre-
tative flexibility,” enabling researchers to capture the complexity
of interlocutors’ experiences [72, 80, 82]. As such, we do not claim
our findings to be generalizable to data workers and other types of
laborers in AI production broadly or in other geographic locations.
We encourage future research to employ alternative methods, such
as surveys with large representative samples in different settings,
including both platform and BPOs environments, to evaluate how
our findings might be affirmed, challenged, or complicated. These
methods could also extend current work by quantitatively assessing
the role of accuracy and precision in shaping worker’s experiences.
Moreover, precision labor as a lens originates in the context of data
work and AI training, but its applicability may extend beyond these
areas. Future studies could broaden the scope to explore how preci-
sion labor functions in other geographical contexts. For example, as
Chinese technology companies expand to South Asian and African
countries 14, future work might examine the Chinese presence in
these regions, where dominant scholarship has traditionally fo-
cused on the influence of Western tech companies. In addition, our
fieldwork revealed consistently high accuracy expectations among
clients, with 95% being the typical minimum threshold. We en-
courage future researchers to explore how client budgets influence
accuracy requirements and impact workers. For example, scholars
might quantitatively investigate the relationship between project
12https://data-workers.org/
13https://fair.work/en/fw/homepage/
142024年，中国企业出海五大趋势 )https://finance.sina.com.cn/jjxw/2024-08-06/
doc-inchswia4767928.shtml

budgets, accuracy thresholds, and worker compensation and the
associated harms, as well as cases where lower accuracy thresholds
might be sufficient. Moreover, while our focus on accuracy emerged
inductively as an especially salient theme in our fieldwork data, we
also acknowledge AI systems may have other objectives, including
latency, fairness, and explainability. Therefore, we encourage future
work to explore these objectives holistically concerning AI systems.

7 Conclusion
This work has empirically demonstrated how accuracy and pre-
cision are perceived, established, and managed in the context of
commercial AI training. It also uncovered the harms that come
from an obsession with such values. Based on a multi-sited ethno-
graphic study of AI trainers in China, we have analyzed the role of
accuracy and precision in workers’ everyday work practices and
contributed to the organization’s perspectives on AI production.
Our findings reveal that achieving high technical accuracy often
requires workers to undergo extensive training, endure prolonged
waiting periods, face financial precarity, and think like machines.
To frame interlocutors’ experiences, we introduced the concept of
precision labor as a lens to highlight the excessive, hidden work
and the resulting harms (e.g., financial insecurity and human sub-
ordination to machines) that emerged from the reckless pursuit of
performative accuracy. This research extended the conversation
beyond the harms associated with technology implementation to
locate and take seriously ethical considerations within the technol-
ogy production phase [9, 59]. As machines increasingly participate
in AI production, our findings reveal how prevailing values such as
accuracy and precision are more likely to be used to justify harms
and partner with machines to become a new source of epistemic
authority. Given the serious negative implications we uncovered in
AI production, we proposed suggestions and alternative approaches
to promote worker agency and well-being.
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