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Abstract

The production of artificial intelligence (Al) requires human labour, with tasks ranging from well-paid engineering work to
often-outsourced data work. This commentary explores the economic and policy implications of improving working con-
ditions for Al data workers, specifically focusing on the impact of clearer task instructions and increased pay for data
annotators. It contrasts rule-based and standard-based approaches to task instructions, revealing evidence-based prac-
tices for increasing accuracy in annotation and lowering task difficulty for annotators. Al developers have an economic
incentive to invest in these areas as better annotation can lead to higher quality Al systems. The findings have broader
implications for Al policy beyond the fairness of labour standards in the Al economy. Testing the design of annotation
instructions is crucial for the development of annotation standards as a prerequisite for scientific review and effective

human oversight of Al systems in protection of ethical values and fundamental rights.
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The economic case for improving working
conditions in artificial intelligence data
work

As artificial intelligence (Al) systems spread across sectors,
demand for human labour in their development is rising.
The economic value of Al skills such as machine learning
is reflected in higher pay of up to 23% for workers with Al
skills within the same occupation (Gonzalez Ehlinger and
Stephany, 2023; Stephany and Teutloff, 2024). Besides well-
paid engineering work, human labour is needed to prepare
the data used to design and develop Al systems (Muldoon,
Cant et al., 2024a; Miceli and Posada, 2022; Crawford,
2021; Tubaro et al., 2020). These ‘Al data workers’ collect,
curate, annotate, and evaluate data sets and Al model outputs
(Muldoon, Cant et al., 2024a: 1-2).

Take data annotation as an example. Annotation by hu-
mans, including labelling images and tagging texts, is essential
to training, testing, and validating Al and machine learning
models (Patra et al., 2023; Shemtob et al., 2023). It is the
most time-consuming part of data preparation in the Al life-
cycle (Muldoon, Cant et al., 2024a: 10), directly impacts the
efficiency and accuracy of Al models (Ridsch et al., 2023),
and can be as crucial to model performance as computational

power (Eisenmann et al., 2023). Data annotation can both
mitigate and introduce biases as well as ensure fairness and
lead to discriminatory outcomes (Chen et al., 2023; Denton
et al, 2021; Paullada et al., 2020; Yang et al., 2020).
Labelling errors in commonly used test data sets such as
ImageNet can have adverse effects, as Al practitioners often
choose which model to deploy based on accuracy bench-
marked against the test data set (Northcutt et al., 2021).

To reduce costs, developers aim to minimise the required
amount of human-labelled data or to automate data annota-
tion (Wang et al., 2023). Firms also outsource annotation
work (Tubaro, 2021), both to outsourcing companies and
online labour platforms (Muldoon, Cant et al., 2024a;
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Miceli and Posada, 2022; Qrting et al., 2020; Tubaro et al.,
2020). The outsourced labour often goes to countries in the
Global South, where wages are lower and labour regula-
tions are less defined (Le Ludec et al., 2023; Bracsemann
et al., 2022; Graham and Anwar, 2019). This development
has led to debates about fair compensation and work condi-
tions for Al data workers (Muldoon, Graham et al., 2024b;
Wong, 2023; Gray and Suri, 2019; Wood et al., 2019).

Presumably, Al developers have an incentive to invest in
better working conditions. Improvements could lead to
higher accuracy in annotation outcomes and, thus, higher
quality data sets and Al applications trained on this data.
Taking this economic view, how could working conditions
be improved?

According to a recent survey, data annotators (‘annota-
tors” from now on) in biomedical image labelling stated
that the greatest cause of problems in their daily work
was unclear task instructions (Réddsch et al., 2023).
Previous research has shown that how task instructions
are formulated on online labour platforms impacts the qual-
ity of outcomes (Gillier et al., 2018). Besides clarifying in-
structions, working conditions could be improved through
raising wages. Earlier research suggested that payment rates
on online labour platforms have no detectable influence on
data quality outcomes—until the platforms’ workforce moved
to the Global South, monetary compensation became its pri-
mary motivation, and compensation rates began to make a
difference for data quality (Litman et al., 2015). The quality
of instructions and the fairness of payment for Al data work-
ers are thus significant factors for producing high-quality Al
systems. Recent research has shown that both can be subject
to a unifying economic analysis (Laux et al., 2023). This
comment argues that clearer guidance and better pay for Al
data workers should be important objectives for Al policy.
Beyond the fairness of labour standards in the Al economy,
the development of empirically tested annotation instruction
standards is an important prerequisite for scientific review
and effective human oversight of Al systems.

Organisational choices: task instructions as
rules or standards

How should organisations best formulate instructions for
data annotation? This question is surprisingly underex-
plored and public quality standards for data annotation are
still lacking (Rédsch et al., 2023). A recent experiment in
biomedical image labelling shows that increasing the ‘infor-
mation density’ in instructions through showing exemplary
images yields better outcomes, while solely extending text
descriptions does not (Rédsch et al., 2023). In their rando-
mised control trial with annotators in an image labelling
task for accessible building design, Laux et al. (2023)
draw on a distinction from the field of law and economics:
the difference between formulating norms as rules or as
standards (Korobkin, 2000).

Rules bind a decisionmaker to a determinate result if spe-
cific facts occur. Standards give the decisionmaker more
discretion, as they require the application of a background
principle or policy to a particularised set of facts
(Korobkin, 2000). A 55 miles per hour speed limit is a
rule; ‘drive at reasonable speed’ is a standard as it still re-
quires the decisionmaker to determine which speed level
is reasonable (Kaplow, 1992). Rules provide clarity and
predictability in their application due to their upfront speci-
ficity, whereas standards are more vague and more adapt-
able to specific contexts (Casey and Niblett, 2017). Rules
create higher up-front decision costs but are advantageous
for frequent and homogenous behaviour as once formu-
lated, they benefit from economies of scale. Vice versa,
for infrequent and heterogeneous behaviour, standards are
preferable, as providing specific details for future scenarios
can be deferred until the application stage (Casey and
Niblett, 2017; Kaplow and Shavell, 2002).

Experimental outcomes: rules and pay
benefit accuracy

Laux et al. (2023) test the effects of rules versus standards
with annotators tasked to label a data set of 100 images of
building entrances as either barrier-free or non-barrier-free
for a person in a wheelchair. Figure 1 shows an example
trial with the ‘rules’ condition.

Laux et al. (2023) recruited 307 participants via an on-
line experiment platform (Prolific). Participants were ran-
domly assigned to three different task instructions: the
‘rules’ and ‘standards’ conditions as ideal-types and an ‘in-
complete rules’ condition accounting for a possible lack of
full information for the rule-maker. While the rules condition
provides an extensive textual description of what constitutes
a barrier-free entrance (see Figure 1), incomplete rules lack
some of the information provided through rules (such as
the need for a handrail), and standards merely state that en-
trances must be accessible for wheelchair users without
help by another person. Similar to (Rédsch et al., 2023), there
is thus variation in information density between conditions,
albeit purely in text and not through adding or removing in-
structive images. Importantly, participants were also ran-
domly assigned to two different payment conditions: while
every participant was paid a baseline pay of £4.50, one group
was informed about the possibility of receiving a performance-
determined bonus of £3. Instruction design and monetary
compensation were thus combined in one experimental set-
ting, allowing to compare the cost-efficiency of both treat-
ments. The study thus featured six different groups (3 x2
design), which contained roughly 50 participants in each
group.

Figure 2 shows the impact of the task instruction condi-
tions and monetary incentives on the accuracy of annotators’
work. Figure 2(A) displays the accuracy rates in the three dif-
ferent instructional conditions, highlighting that a rule-based



Laux et al.

Re-cap of the classification
guidelines

* Barrier-free entrances must
be stepless.

* An entrance with a doorstep
or curb with a maximum
height of 2cm (0,79 inches)
is still considered barrier-
free. Judging the height by
eye will suffice and should
proceed with the following
question in mind: Does the
picture show a stair (not
barrier-free) or a mere
doorstep or curb (barrier-
free)?

* Ramps must be easy to use
and safe for traffic to be
barrier-free. Ramps must
feature a handrail.

Barrier Free

Not Barrier Free

Figure 1. Example trial: image of an entrance together with the rules condition as shown to participants. Source: Laux et al. (2023).

instruction yields the highest accuracy at 85.6%. This repre-
sents an improvement of 11 percentage points over the accur-
acy observed under the standard-based condition, which
stands at 74.9%. This significant improvement underscores
the effectiveness of rule-based instructions in enhancing accur-
acy. In contrast, the effect of the monetary incentive on accur-
acy is much less pronounced. Accuracy increases modestly
from 78.2% with no incentive to 80.1% with the incentive, re-
flecting a mere 1.9 percentage point improvement. Figure 2(C)
provides a consolidated view of these findings, showing that
the best-performing annotators were working both under rules
and with the monetary incentive (86.7% accuracy).

Annotators’ perceptions: rules are helpful
and reduce difficulty

An important aspect of improving working conditions for
Al data workers is how the workers themselves perceive
the task instructions. Laux et al. (2023) survey annotators
as to how helpful rules, incomplete rules, and standards
are for their work. Figure 3 examines the results.
Figure 3(A) shows that the number of images that annota-
tors report having trouble classifying is notably lower
when annotators are working under rules. Specifically, an-
notators reported an average of 14 difficult images under

the rules condition, whereas they reported 18 difficult
images under the standards condition. This difference corre-
sponds to a reduction of approximately 22% in the number
of difficult images (i.e. roughly four images) when rules are
used, highlighting the effectiveness of clear, rule-based
guidance in reducing task difficulty. Figure 3(B) further
supports the advantage of rules by examining the perceived
helpfulness of these instructions. Here, 57% of workers re-
ported their rule-based instructions were very helpful, in
contrast to only 44% of workers who found the standard-
based instructions to be very helpful. This comparison indi-
cates that rules not only reduce perceived task difficulty but
also enhance the overall usefulness of the guidance pro-
vided to annotators. Regarding the additional category of in-
complete rules, it is worth noticing that the missing
information (such as the requirement of a handrail) rendered
incomplete rules significantly less helpful than complete rules
yet still led to fewer images reported to be difficult to annotate.

Implications for artificial intelligence policy

The results in Laux et al. (2023) suggest that Al developers
have an economic incentive to invest in improved working
conditions of annotators. By investing in rules and monet-
ary incentives, they receive higher accuracy in labelling
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Figure 2. (A) Annotators working under rules have the highest accuracy rate (85.6%) of all participants, outperforming annotators
working under incomplete rules (76.8%) and standards (74.9%). (B) Annotators working with the monetary incentive have a higher
accuracy rate (80.1%) than those working without it (78.2%). (C) Annotators working under rules and with the monetary incentive had
the highest accuracy rate of all participants (86.7%). Source: Laux et al. (2023). Note: The black crosses indicate the overall mean of
each of the three conditions including their respective 95% confidence intervals.

images—especially when both conditions are combined, and
annotators are working under rules and with a monetary in-
centive. However, the effects of a change in instructions on
accuracy are larger than the effects of a change in pay.
Although the effects of a monetary incentive on accuracy
are marginal, the incentive still increased accuracy in the al-
ready high-performing rule conditions. In a competitive Al
economy, Al developers may thus value even marginal im-
provements of annotations and, hence, marginally better
training data for their models.

That said, the (industry-funded) Partnership on Al sug-
gests paying data annotators ‘at least the living wage for
their location” (Partnership on Al, n.d.). Considering that
much data annotation work is outsourced to regions with
comparatively low salaries in the Global South, the add-
itional costs of raising annotators’ pay above the local living
wage do not seem prohibitively high, especially for large
tech companies (and may be offset by gains in accuracy).
Additionally, organisations should consider how helpful
their instructions are for annotators, and whether they can
increase annotators’ wellbeing by providing clearer guid-
ance. The distinction between rules and standards provides
an economic framework for testing guidance instructions.

While the results in Laux et al. (2023) have limited ex-
ternal validity—standards may, for example, yield better re-
sults in other annotation contexts—the insight that improving
work conditions in data annotation positively impacts the
quality of annotation outcomes and, thus, Al models holds
implications for Al data work and human labour in the Al
economy more generally. There is an emerging ethical
and regulatory demand of maintaining human oversight of
Al to mitigate risks to health, safety or fundamental rights
(Sterz et al., 2024; Laux, 2024; Green, 2022). In as much
as the process of annotation impacts the training of AI mod-
els—for example, regarding its ability to predict the location
of curb ramps in cities for wheelchair users (Deitz, 2023)—
it is relevant for mitigating Al’s risks to fundamental rights.
Publishing annotation instructions should thus be a precon-
dition for scientific review (Radsch et al., 2023; Gebru et al.,
2018) and-in a regulatory context-independent audits and
human oversight of Al systems. Moreover, under Article
14 of the European Union Al Act, Al developers will be ob-
liged to instruct Al users on how to implement human over-
sight (Laux and Ruschemeier, 2025). Al policymakers
should require testing on whether these instructions are
best formulated as rules or standards.
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Figure 3. (A) Annotators working under rules on average report fewer images they had trouble with classifying (13.9) than those
working under incomplete rules (16.4) and standards (17.9). (B) Annotators working under rules report their instructions more often
to be very helpful (57%) than those working under incomplete rules (40%) and standards (44%). Source: Laux et al. (2023).
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