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Figure 1: Label set refinement workflow using DynamicLabels. The initial label set of the ML practitioner is given to crowd
workers with the feedback collection interface (green), where crowds could make their own labels (Phase 1) and annotate with
ML-practitioner-made labels (Phase 2). The collected feedback is presented to the practitioner with the label set refinement
interface (blue) through three varying levels of analyses, and the practitioner can apply crowd-made labels and explore multiple
label sets to refine their label set.

ABSTRACT
Label set construction—deciding on a group of distinct labels—is
an essential stage in building a supervised machine learning (ML)
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application, as a badly designed label set negatively affects subse-
quent stages, such as training dataset construction, model training,
and model deployment. Despite its significance, it is challenging
for ML practitioners to come up with a well-defined label set, es-
pecially when no external references are available. Through our
formative study (n=8), we observed that even with the help of ex-
ternal references or domain experts, ML practitioners still need to
go through multiple iterations to gradually improve the label set.
In this process, there exist challenges in collecting helpful feedback
and utilizing it to make optimal refinement decisions. To support in-
formed refinement, we present DynamicLabels, a system that aims
to support a more informed label set-building process with crowd
feedback. Crowd workers provide annotations and label sugges-
tions to the ML practitioner’s label set, and the ML practitioner can
review the feedback through multi-aspect analysis and refine the
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label set with crowd-made labels. Through a within-subjects study
(n=16) using two datasets, we found that DynamicLabels enables
better understanding and exploration of the collected feedback and
supports a more structured and flexible refinement process. The
crowd feedback helped ML practitioners explore diverse perspec-
tives, spot current weaknesses, and shop from crowd-generated
labels. Metrics and label suggestions in DynamicLabels helped in
obtaining a high-level overview of the feedback, gaining assurance,
and spotting surfacing conflicts and edge cases that could have
been overlooked.
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1 INTRODUCTION
A ‘label’ or a class, is a word or a phrase that explains a piece of data
in a supervised machine learning (ML) model. A group of distinct
labels works together as a ‘label set’ to provide the model with a set
of candidate labels for classification [11]. For example, in classifying
a clothing dataset, a label set may consist of four distinct labels:
top , bo�om , outer , and accessory . The label set is provided
to the annotators to construct a training dataset and is utilized as
model inputs and outputs. It is utilized often for classification tasks,
such as the fashion classification model.

Preparing a well-constructed label set is important to build a
successful ML application. Building an ML application involves a
multi-stage process, which includes (1) preparing the raw data, (2)
building a label set, (3) using the label set to annotate the training
data, (4) implementing and training the model, and (5) deploying the
model. Every other stage in the process is highly interconnected
with the label set building stage: an unclearly defined label set
affects the outcome of the annotation, and an indistinct or low-
coverage label set affects the performance of the model, which
subsequently negatively affects the experience of the user in the
deployment stage [26].

When building label sets for classification models, ML practi-
tioners usually refer to existing labeled datasets or theories (e.g.,
referring to existing psychology taxonomies for emotion recog-
nition models) to come up with the label set [9], and iteratively
validate and refine it with additional data [23]. The iterative refine-
ment is essential for constructing a high-quality label set in many
real-world situations. For example, applying a pre-established label
set to real-world data requires revision of the label set to accurately
represent the distribution of the data. In addition, building a label
set from scratch for a domain without an established taxonomy

requires a significant amount of feedback and consensus-building
among ML practitioners. With multiple iterations, ML practitioners
collect bad signals (e.g., low coverage, unclear distinction) on the
label set and revise with the signals to prevent possible downstream
issues, which is critical to the success of the ML application [23].

To further understand the practices and challenges of building la-
bel sets with iterative refinements, we conducted a formative study
with eight ML practitioners who have experience constructing label
sets from scratch. ML practitioners, even with existing references
or domain experts, found revision cycles to refine and verify the
label set to be important and necessary. During this process, they
found it challenging to collect large-scale, fresh-perspective feed-
back to improve the label set. They also found it difficult to extract
meaningful insights from the feedback and confidently decide on
an optimal label set, due to many different aspects (e.g., clarity of
each label, distribution of the data, clear boundary between the
labels) they have to consider along with the uncertainty of each
improvement decision.

To support collecting meaningful feedback and making informed
decisions for refining the label set, we propose the idea of invit-
ing crowd workers to provide feedback about the label set from
varying perspectives, inspired by successful feedback mechanisms
in the past to aid expert workflow [10, 21, 33], and leverage those
feedback in designing interactions to better understand the data
and make sufficient refinements. With the crowd as potential users
of the deployed model, having the crowd’s collective opinions and
suggestions on the ML practitioner-built label set will guide the re-
finements. Providing analysis support through crowd feedback will
help ML practitioners make a more confident and knowledgeable
refinement to the label set.

To explore the proposed idea, we present DynamicLabels, a novel
system that supports ML practitioners to iteratively construct their
label set with label feedback collected from the crowd. When an
ML practitioner provides an initial version label set, crowd workers
produce feedback by annotating with the ML practitioner’s label set
and making their own label set with the assigned data through the
feedback collection interface. With the collected label feedback and
suggestions, the ML practitioner is provided with multiple-aspect
feedback analyses and a playground to test and iterate on their
label set in the label set refinement interface.

We conducted a 2-day within-subjects study comparing Dy-
namicLabels with the baseline annotation system to examine how
DynamicLabels supports an informed label set refinement with
crowd feedback. A total of 16 ML practitioners used two types of
datasets (natural scene images and event fliers) for a multi-class
classification model to construct and refine two label sets through
a round of iteration. The feedback collection interface of Dynami-
cLabels enabled collecting large-scale, diverse feedback from the
crowd, which participants identified as meaningful and useful in
understanding the crowd’s perspectives and the weaknesses in
their label set to make refinements. The refinement interface of
DynamicLabels enabled a high-level understanding of the feedback,
encouraged flexible refinements to be made, and supported a struc-
tured refinement process. In addition, it helped the participants
spot possible issues and examine various refinement options. We
also discuss how DynamicLabels can support various types of data
as well as the goals of ML practitioners. In addition, we suggest
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further utilization of the crowd feedback in making better-informed
decisions, potential development to DynamicLabels in supporting
automated and advanced support, and discuss how DynamicLabels
supports the construction of a user-centered model.

Our contributions are as follows:
� DynamicLabels, a system that supports ML practitioners’
label set construction process with crowd feedback and feed-
back analysis. DynamicLabels consists of a feedback collec-
tion interface that collects annotation and label suggestions
on the ML practitioner-built label set, and a label set re-
finement interface that supports ML practitioners to make
comprehensive refinement decisions.
� Findings from the formative interview with ML practitioners
that examines the iterative verify-refine cycle of the label
set construction process and the existing challenges.
� Findings from a within-subjects study that compares Dy-
namicLabels with a baseline system—a crowd annotation
system—using two datasets, which shows that DynamicLa-
bels supports an exploratory and structured refinement pro-
cess, and an in-depth analysis of how participants utilized
crowd feedback in making label set refinements.

2 RELATEDWORK
To situate our research, we first investigate existing approaches
and challenges in the label set construction process. Then, as this
work utilizes crowd feedback to support ML practitioners’ label set
building, we discuss how crowdsourcing is used to aid expert work.
We also review decision-making supports enabled by large-scale
data and visual analytics.

2.1 Label set construction for multi-class
classification

When training a multi-class classification model, the ML practi-
tioner should prepare an annotated dataset. Without external refer-
ences, constructing a label set is more challenging as there is no
standard practice in categorizing contents for a multi-class label set.
One commonly used approach is applying clustering algorithms,
such as LDA [1] and EM with GMM model [34]. These algorithms
work in an unsupervised manner and categorize data points to
compose clusters. However, these algorithms are mostly limited
to numerically represented structured data. When the data con-
tents are complicated and unstructured, other additional numer-
ically abstracting algorithms or models are required to use these
algorithms. Furthermore, they often fail at achieving reliable per-
formance because these algorithms may not work perfectly. In
addition, machine-generated clusters may not have appropriate
representations or labels for human understanding.

To mitigate the issues from machine-generated label sets, pre-
vious work has invited humans to participate in the taxonomy
or label set construction process [2, 7–9]. Cascade [9] presents a
crowdsourcing workflow where workers provide suggestions and
vote for the best descriptions over iterations to generate reliable
categories with the crowds. Alloy [8] suggests a human-machine
hybrid workflow to cluster text clips. A machine categorizes the
text clips leveraging the salient keywords identified by crowd work-
ers, then they put additional effort into clustering machine-failed

clips. However, they rely entirely on the crowd and the machine,
which can leave out practical considerations that anML practitioner
could make with intuition and experience. In addition, Revolt [7]
leverages disagreement of crowds’ annotation on a data instance to
build label sets. They motivate that the labels and the descriptions
created from disagreements can support an understanding of po-
tential ambiguities in the label set. This creates more opportunities
for ML practitioners to review and apply subjective labels, but is
only investigated in binary classification scenarios.

In this work, we extend from prior works supporting the label
set construction process with human work. DynamicLabels investi-
gates the label set process after considering multi-stakeholders’ (the
crowd’s and the ML practitioner’s) perspective and for multi-label
classification which is more complex. To our best knowledge, this
is the first work that investigates label set construction from the
ML practitioners’ perspective, with crowds as feedback givers.

2.2 Collaborating with the crowd to support
expert work

We define the label set construction as an open problem where no
one best solution exists, so offering a diverse range of responses
would help ML practitioners find an optimal label set satisfying
their needs. Previous studies have shown that crowd inputs can
help expert work as feedback [10, 21, 33] and inspiration for im-
provements [3, 15, 29].

Previous work leveraged crowd input as feedback to expert work.
Voyant [33] collected structured crowd feedback on visual designs
by providing five feedback types to the crowd. ProtoChat [10] col-
lectedmultiple levels of feedback including utterance-level feedback
and overall conversation feedback by asking questions while testing
the conversation. CrowdCrit [21] introduced key sources in visual
design for the crowd to refer to in making a critique, to collect
detailed and actionable feedback.

Other work emphasizes the importance of incorporating aggre-
gated crowd opinion in high-level concept or design of a product
whose end user is a wide range of the public. Zhang et al. [37] asks
the crowd to evaluate and cluster search results to present quality
and satisfactory search results. Sutton and Lawson [29] proposed
democratizing emoji design and selection by reflecting on how the
public recognizes and uses emojis. Brambilla et al. [3] proposed a
collaborative development process of Domain-Specific Modeling
Languages in which end users and crowd workers are invited to
provide feedback on diverse concepts of the language. In addition,
Perspective [28] provided a set of auxiliary images and guiding
questions to identify a diverse set of atypical images.

Our work is inspired by the approach of inviting the crowds
as feedback provider to expert work, successfully investigated in
various domains including designers ([10, 21, 29, 33]) and engineers
([3, 28]). DynamicLabels collects crowd annotations which can
illustrate potential problems in the ML practitioner-built label set
(e.g., confusion between labels or limited coverage of the label
set). In addition, by asking crowds to design their own label set,
DynamicLabels collects natural feedback with fresh perspectives on
the label set. This allows ML practitioners to explore and examine
various opportunities in early-stage.
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2.3 Data-driven decision-making support
To make an informed decision with crowd feedback, ML practition-
ers need to understand the feedback thoroughly. Many previous
work has explored ways to present data in a way that users can eas-
ily comprehend and utilize [13, 33, 36]. Voyant [33] automatically
generates a word cloud with the collected feedback which is more
helpful. Decipher [36] aggregates multiple feedback and provides
a visualization tool to help the interpretation. Mudslide [13] helps
teachers interpret the students’ muddy points by visualizing stu-
dents’ feedback on lecture slides. Some studies have emphasized
the importance of presenting a multi-faceted data analysis beyond
aggregation [18, 32]. OpinionSeer [32] provides analysts with an
interactive opinion visualization to easily explore the mined opin-
ions. Kairam and Heer [18] used clustering techniques to leverage
disagreement between crowd workers and showed that identified
patterns could illustrate the worker characteristics as well as po-
tential task problems.

Data-driven decision-making also enables users to consider vari-
ous alternatives before making a decision. For conference session
scheduling, Cobi [19] uses preference and constraints on metadata
and presents the preview of changes in the number of conflicts for
each move or assignment action that users consider. ConceptVec-
tor [24] supports an interactive construction of lexicon-based con-
cepts by showing relevant documents and keywords regarding
concepts the user considers. In designing a content-based image
retrieval system for pathologists, Cai et al. [6] introduced tools that
users can refine the image search by region, example, and concept.

Our label set refinement interface is inspired by previous work
that supports a thorough understanding and consideration of var-
ious alternatives in decision-making, but is investigated in the
unique context of label set construction. The label set refinement
interface of DynamicLabels presents varying levels of crowd feed-
back, ranging from raw crowd annotation to estimated coverage
and confusion, so that users can consider diverse aspects of the label
set simultaneously to help users comprehend different aspects of
the collected feedback. Also, users can preview the consequence of
each change before making a refinement and construct and compare
multiple versions of the label set.

2.4 Visual analytics for exploring and
improving noisy data

In tasks such as ML model construction where a large volume of
noisy data is utilized, experts often face difficulties in effectively
understanding and improving the quality of the data if necessary. To
support this process, many prior work has explored visual analytics
as a plausible approach.

A line of work [5, 35] takes an automatic approach to correct-
ing label errors and improving the performance of the classifier.
Bäuerle et al. [5] categorizes three potential labeling errors and
presents an automatic error detection approach to identify and
resolve such errors. In addition, Yang et al. [35] proposes a visual
analysis method, FSLDiagnotor, to automatically predict underlying
causes for few-shot classifiers and improve them.

Another line of work involves human judgments in the pro-
cess and supports effective exploration [17, 25, 30] and correction
[20, 38] of necessary data. In supporting data exploration, Willett et

al. [30] provide analysts with color clustering of crowd-generated
explanations to quickly assess the collected data, and Park et al.
[25] provides multiple views for crowdsourced medical annotation
results to gain insights into the collected data. Moreover, Hoque et
al. [17] utilizes a self-supervised learning approach to extract visual
concepts to understand data at scale with minimal human effort.
Other work takes an additional step to streamline the process by
supporting the refinement of such data, where Liu et al. [20] utilizes
three unique visualizations (confusion, instance, and worker) to
assist experts in verifying uncertain instance labels and unreliable
workers and LabelVizier [38] presents a human-in-the-loop work-
flow that assists in spotting and correcting incorrect annotations.

However, while the above-mentioned approaches concentrate on
enabling a more accurate and efficient process, our work focuses on
observing a complete end-to-end process of label set construction.
DynamicLabels follows the approach of utilizing visual analytics
to explore and make refinement decisions by supporting the explo-
ration of crowd feedback with multiple-level analyses.

3 FORMATIVE STUDY
To understand the practice and challenges of ML practitioners in
building and refining label sets for multi-class classification models,
we conducted an hour-long interview with eight ML practitioners.

3.1 Procedure
The recruitment was done through various AI/ML communities on-
line. The participants consisted of two ML research engineers, three
ML engineers, two ML graduate researchers, and one AI planning
product manager, and all had one or more experiences building
label sets and datasets from scratch (Detailed descriptions in Ta-
ble 1). The tasks they worked on were classification and object
detection tasks, but the type of dataset varied from OCR tasks (in-
volving business cards, receipts, and invoices), NLP tasks (involving
online articles, chat messages, video transcript), to computer vi-
sion tasks (involving book covers, supermarket products, objects
for autonomous driving). The size of the dataset they constructed
ranged from thousands to ten-thousands, and the number of labels
in the label set ranged from 10s to even 30s. The participants were
compensated with KRW 50,000 (USD 40) for the interview.

The interview was conducted in a semi-structured format. We
asked questions regarding their past label set construction experi-
ence, the aspects they consider important in building a label set,
and the challenges and needs in constructing and refining label
sets. For participants with multiple label set construction experi-
ences, we additionally asked questions to compare and contrast the
challenges and the experiences.

3.2 Practice
General process. All participants described label set building as

one of the most challenging processes in constructing a training
dataset, as the process involves coming up with an entirely new
label set (i.e., coming up with a set of clearly described labels as well
as detailed descriptions of each label) which involves numerous
decisions. Even with relevant taxonomies or experts in the domain,
the participants mentioned that additional modifications are crucial
for the purpose of ML model construction such as granularity or
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Table 1: Background information of formative study participants.

PID Occupation
# of Label Set Building

Experience
Primary Type of Dataset

P1 ML research engineer 6 Document data (business cards, legal documents)
P2 ML research engineer 2 Invoices
P3 AI planning product manager 3 Invoices, receipts
P4 ML engineer 5 Book covers, online articles
P5 ML engineer 3 Chat messages
P6 ML engineer 1 Grocery images
P7 ML graduate researcher 1 Video transcripts
P8 ML graduate researcher 1 Objects for autonomous driving

de�ning each label. For example, P7 (video context classi�cation)
referred to information classi�cation taxonomy for initial label
set construction, but had to largely modify the label set to �t to
video context. P5 (psychological disabilities classi�cation) worked
with a professional psychologist but had to rede�ne the labels with
more distinctive criteria considering the model. P8 described such
modi�cations as �a decision area for the model builder to make.�

The verify-re�ne cycle.The participants described their practice
of iteratively re�ning the label set as going throughverify-re�ne
cycles. They �rst sample a small proportion of the data to construct
an initial version of the label set. Then, they sample a larger amount
of data and use the data to annotate with the label set. By looking
at the annotations made, they decide whether the current label
set is clear and appropriate to construct label sets and models.
When the feedback from the veri�cation shows issues with the
label set (e.g., too many incorrect annotations, mixed use of labels),
the participants make re�nements. They mentioned that this cycle
continues until no major issues are found in the label set, then
proceeds to annotate to build the dataset. When there is more than
one person involved in the construction process (e.g., as a team
or with external annotators), they would compare and discuss the
con�icts in the annotation.

Importance of a well-constructed label set.The participants also
emphasized the importance of building a robust label set that can
prevent latent issues, especially de�ning each label clearly and
distinctly from each other while covering all edge cases. If not,
wrong annotations can be made due to a misunderstanding of labels,
potentially leading to biased dataset construction, poor quality of
the model, and bad user experience with deployment. While some
issues can be handled on the model side using existing techniques
such as data augmentation, sometimes starting again from scratch
is costly but inevitable. Considering the cost, they commented that
they would rather iterate early in the label set construction (P2).

3.3 Challenges
Following the iterative nature of the label set construction, we
identi�ed three key challenges that ML practitioners face in the
re�nement process.

3.3.1 Lack of helpful feedback to improve the label set.To improve
their label set, it is common for ML practitioners to go through mul-
tiple feedback loops. The most prevalent way to collect feedback

on the label set is by annotating using the constructed label set and
spotting problematic data that cannot be covered or has con�icts.
With the spotted data, the ML practitioner would make re�nements
to the label set until they are convinced that all major issues are
resolved. While this approach helps in collecting problematic data
and making re�nements by adding labels or new descriptions for
edge cases, the participants mentioned the limited help that an-
notations can provide. When the annotation is done by the ML
practitioners themselves, it is more di�cult to spot uncovered or
con�icting data due to biases towards certain labels. P4 mentioned
that �even if they go through multiple iterations within the team,
there are always unexpected questions asked by the annotators.�
To get fresh feedback on the label set, ML practitioners sometimes
recruit external annotators. This is more e�ective than having the
team annotate as the problematic data are collected based on the
annotator's perspective. However, often the ML practitioners �end
up adding a bunch of rule-based descriptions� (P2), which results in
ine�ciency and confusion for the annotators in making the training
dataset later. In addition, recruiting external annotators to perform
annotation can be a troublesome and costly process (P7).

3.3.2 Di�iculty in comprehending meaningful insights from the feed-
back.As mentioned previously, constructing an optimal label set
is di�cult due to the many aspects (e.g., clear distinction of the
labels, clear description of the labels) and multiple stakeholders
(e.g., annotators, the requester of the model, users of the model) that
need to be considered together. While each ML practitioner has a
set of criteria they consider important, there is no clear guideline on
making an optimal label set, making it di�cult for them to decide
on the best label set. Thus, they rely heavily on feedback in the
construction process.

This complex nature of label set construction makes extracting
high-criticality insights from feedback challenging. When feedback
about a label set is collected in the form of issues or annotation
results, ML practitioners need to examine each piece of feedback and
organize them to come up with a concrete revision item. However, it
is challenging for them to both �nd critical feedback from a bunch of
collected feedback and group them into a meaningful revision item.
More speci�cally, P2 mentioned that �edge cases that lead to adding
a description is relatively easy, while [those] that lead to a change
in hierarchical structure and de�nition is very di�cult to spot and
decide.� For con�icting labels, the participants mentioned that when
annotators use a di�erent label than their original intention, they
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know that something is confusing. However, it is di�cult to decide
whether the situation is common and should be prioritized.

3.3.3 Di�iculty in utilizing the insights to make satisfactory changes.
After ML practitioners organize key insights from the feedback, they
need to apply the insights to modify the label set. Understanding
the insights does not mean that a suitable modi�cation can be made
to the label set, as a complex set of criteria must be considered. As
a result, ML practitioners are often not sure about their changes
and their consequences.

ML practitioners try other approaches to increase certainty in
the decision-making process such as discussing with a team of ML
practitioners. However, this can be time-consuming and di�cult
to reach a consensus. Even when a consensus is reached, there is
no guarantee that the decision is optimal. The only way to know
whether the decision is optimal or not is by getting to the later
process of the ML model construction process (e.g., dataset con-
struction, model training) and seeing if any issues occur. Without
being able to check, participants struggled and felt less con�dent
in choosing the right moment to proceed to dataset construction,
and stated �I'm afraid that the label set will end up creating issues
later in the model building process� (P3).

3.4 Design Goals
Based on the interview results, we came up with the following
design goals for a system that addresses the challenges ML practi-
tioners face in iteratively building and re�ning label sets.

3.4.1 Collect helpful feedback on the label set from the crowd.ML
practitioners identi�ed a need for collecting nutritious feedback in
their label set construction process to �nd problems in the label
set and make appropriate re�nements. Speci�cally, the participants
mentioned the need to receive feedback from fresh perspectives,
that more actively suggest possible changes, and on a larger scale
to address as many issues as possible. Through crowdsourcing, a
group of people having fresh, diverse perspectives can be recruited
to collect large-scale feedback on the label set (C1). In addition, the
crowd can also provide their own labels as suggestions to support
the re�nement process as well (C3).

3.4.2 Provide multi-aspect analysis to derive meaningful insight.
One major characteristic of label set construction is that there is
no best practice for an optimal label set. Thus, ML practitioners
face di�culty interpreting and obtaining meaningful insight from
the feedback they collect. During the interview, participants stated
that they mainly get a sense of problematic labels by examining
the feedback in varying aspects. Likewise, showing the collected
feedback in multiple aspects (e.g., highlighting con�ict, showing
edge cases, providing a summary) can support ML practitioners to
thoroughly understand the feedback and select ones to prioritize.

3.4.3 Help understand possible changes and consequences in the
label set.Even after extracting meaningful insights from the feed-
back, ML practitioners struggle to make con�dent changes to the
label set due to the uncertainty of their action consequence. Ac-
tively supporting ML practitioners with possible label candidates
or showing them the consequence of the label set with the changes

will help the re�nement process be more informed, and will lower
the barrier to iterate on the label set.

4 PROPOSED SYSTEM: DYNAMICLABELS
We present the design of DynamicLabels, a system that aims to
support ML practitioners' label set construction. DynamicLabels
supports iterative re�nement of the label set through two separate
interfaces: thefeedback collection interface and thelabel set
re�nement interface . The former is provided to the crowd to
collect annotations and label suggestions on the ML practitioner-
built label set, and the latter is provided to the ML practitioners for
re�nement with multiple analyses of crowd feedback.

Overall label set construction work�ow and the role of each
interface in DynamicLabels are described in Figure 1. In Dynami-
cLabels, label sets are constructed in tree form (As in Appendix A.3
Figure 11), consisting oflabels and groups to group the labels.

Each label includes a label name and a description1. As for the
scope of research, we allow a single label to be assigned to each
image to simulate the simplest form of label set.

4.1 Feedback collection interface
For the crowd workers to use the feedback collection interface, the
practitioner needs to have a constructed label set beforehand. This
is similar to the practice in real-life settings, where the practitioners
�rst build an initial label set.

The crowd is asked to provide feedback through two phases:
(1) providing label suggestions by making the crowd's own la-
bel set and (2) annotating with the ML practitioner-built label set
(Fig. 1-Feedback Collection Interface). Two types of feedback are
collected: passive (annotation results) and active (new label creation
as suggestions), where an active suggestion aims to collect diverse
perspectives on the label set.2

4.1.1 Phase 1 - Providing label suggestions by making the crowd's
own label set.Crowd workers start from the Phase 1 task: creating
their own label set (Fig. 2). They are �rst asked to take a look at 30
assigned images (Fig. 2-b) and come up with a set of labels (Fig. 2-a).
Then, they are instructed to use the labels to make annotations
(Fig. 2-c).

4.1.2 Phase 2 - Annotating with the ML practitioner-built label set.
Crowd workers then proceed to the next phase and use the ML
practitioner-built label set to annotate the same 30 images (Fig. 3). In
addition to the ML practitioner-built label set (Fig. 3-a), the workers
are provided with an additionalothers label to annotate images
that do not �t into the provided label set to spot edge cases. For
each image labeledothers , the workers are asked to provide a
brief reason (Fig. 3-d) to justify their choice.

4.1.3 Post-processing of crowd feedback.Crowd annotations and
crowd-made labels are post-processed to provide meaningful analy-
ses. To avoid suggesting redundant crowd-made labels, we merged

1Following the label format from Google documentation (https://cloud.google.com/ai-
platform/data-labeling/docs/label-sets)
2To prevent biases, the crowd is asked to build their own label set before annotating
with the ML practitioner-built label set.
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Figure 2: Phase 1 of the feedback collection interface. The crowd workers are instructed to check the assigned images through
(b) a grid of images on the bottom left and make their own label set on the (a) top component by adding, revising, and deleting
the labels. For created labels, they can select the images in (b) to annotate, which will show up in (c), under each label.

Figure 3: Phase 2 of the feedback collection interface. The crowd workers are instructed to take a look at the (a) ML practitioner's
label set and use the labels to annotate the (b) assigned images. Annotations will show up in (c), under each label. For images
annotated using the �others� label, the workers are asked to provide a (d) brief reason each as an additional step.

multiple crowd-made labels into one if they are identical after stem-
ming and lemmatizing.

As each crowd worker makes their own labels based on 30 images,
the number of crowd annotations, or the number of images, for each
crowd-made label is limited to 30 at most. To help ML practitioners
better estimate the coverage and potential confusion of crowd-made

labels, we established extended annotation for crowd-made labels.
We �rst established similarity relationships between crowd-made
labels and ML practitioner-made labels. For each crowd worker,
we calculated the Jaccard similarity coe�cient for each pair of a
crowd-made label and an ML practitioner-made label, based on the
crowd worker's annotation of 30 images for ML practitioner-made
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