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ABSTRACT

Advances in Al-systems are giving way to an era of Al-assisted
human in the loop data science, where the data worker and the
Al-system, work together to create better models faster. The in-
teractions of Al-system and data worker offer a design space for
cultivating data worker expertise. We propose opportunities for
human in the loop data science focused on two data science worker
roles: data science engineering and data labelling.
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1 INTRODUCTION

Advances in artificial intelligence (AI) and machine learning (ML)
in recent years have once again sparked widespread interest in
developing systems that harness these powerful technologies to
transform everyday work practices in a number of domains through
automation. Efforts to leverage AI/ML in data science work practices
can be found under several monikers, such as "human-centered data
science,’ [3, 10, 14], "human-in-the-loop machine learning" [5, 11],
or "interactive machine learning” [1]. Examples of systems that
enhance human efforts in the data science pipeline include label
suggestions, enabling data labelers to perform their job faster [17],
and algorithmic recommendations offered to data science engineers
as they explore alternatives and build models for production [19].

At the same time, a growing body of empirical studies into data
science work point to the situated and nuanced knowledge practices
that constitute data science [3, 10, 15, 20, 22]. Data science work
requires care [21]. Today, many interactive and automated human-
in-the-loop paradigms focus on automating parts of the data science

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.

DaSH@KDD’20, August 24, 2020, Virtual Conference

© 2020 Association for Computing Machinery.

work to gain time efficiencies to make it less tedious to a broader
range of actors varying in expertise levels [18].

While automation can provide efficiencies, our field needs safe-
guards to avoid data science workers over-relying on automated
suggestions and result in losing critical engagement for expertise
development [7]. In this extended abstract, we investigate the au-
tomated, human-in-the-loop future of Al-assisted data science. In
particular, we propose opportunities to use automation not only
to gain efficiencies but to also consider expertise development as
part of the data science worker and automation system interactions.
As yet, the consequences of data science automation remain open
questions. How might we design for mixed-initiative data science
tasks, where the human and Al-system maximize their complemen-
tary abilities while supporting the human in developing expertise?

We explore this question by drawing from our experiences in
studying and designing various human-in-the-loop data science
projects at a large, global technology organization. Our goal in re-
flecting on this opportunity is to provoke discussion at the KDD’20
DaSH Workshop on how we might cultivate human expertise
through the human-in-the-loop systems we design.

2 HUMAN-IN-THE-LOOP DATA SCIENCE

We now describe two roles in the data science pipeline - data science
engineering and data labeling - and discuss changes and opportu-
nities in each on the topic of designing for human expertise.

2.1 Al-Assisted Data Science Engineering

Data science teams work together to extract insights from data
through the orchestration of ML models [9, 15]. HCI research sup-
porting data science work has focused on creating user interfaces to
allow data scientists to data wrangle [6] and structurally study the
anatomy and troubleshoot ML models to make sense of the model’s
performance [16]. Recent efforts have focused on automating pre-
processing steps, such as algorithm selection, feature engineering,
and hyper-parameter optimization, in multiple projects and ser-
vices known collectively as "AutoML" [18], to reduce the time that
data science teams spend on these pre-processing steps.
Automation like this does free up the attention of data science en-
gineers; yet it may also impose built-in assumptions on the team’s
work, and may also mean that the knowledge work of reflecting on
why one algorithm should be selected over another, is pulled away
from the human and instead offloaded to the Al-system. This raises
interesting design issues for HCI around human-Al agencies [7].
How might we design to support data science workers to challenge
assumptions that are built-in to their tools? How might we design to
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support exploration, learning, and in turn enrichment of their exper-
tise? Such questions require us to consider issues of transparency
[4] and explainability [2, 4, 8, 12], in Al-assisted data science. Flexi-
bility is needed in human-in-the-loop systems to limit situations
where data science teams develop "knowledge gaps” about what is
being automated and how this step fits in the larger picture of work
practices and work products. Not all data science workers have the
same level of expertise, and future automation interactions should
consider their diversity. We envision these questions to encourage
reflection on the practices that our human-in-the-loop systems are
enabling. In addition to metrics such as efficiency and accuracy,
cultivating human expertise should also be a concern in designing
enjoyable and enriching human-in-the-loop data science systems.

2.2 Al-Assisted Data Labelling

Data labelers play an important role in preparing ground-truth data
for training ML models [17]. In enterprise settings, this work is
often done by subject-matter experts (SMEs). Our current project
focuses on SME labeling. In our interviews with 25 labelers and
labeling-task creators, we found that there is limited automation
functionality currently available to assist labeling work. One reason
for this is likely the spectrum and complexity of domain labelling
tasks, for example, from identifying obligations in legal contracts
to pathologies in medical imaging [13]. This complexity is a pain
point as it often results in the costly development of specialised UI’s
as there is not a generic user interface for cross-domain labelling.

The use of Al-assisted automation in the context of creating
the labelling interface that supports labelling and the nuances of
human-human and human-system protocols during data labelling
could focus on knowledge building. For example, the labeling-task
creator could ask the Al-system to bootstrap an interface for la-
belling retinal pathologies in images, and the system could follow
up with questions informed by what is commonly labelled in reti-
nal images, "labelling retinal images for Neovascular glaucoma can
involve tracing veins and arteries, would you like tracing function-
ality?". In the labeller scenario, the Al-assisted automation could
present batches of items that are likely to have the same label with
an accompanying explanation of how these items relate to con-
tributing to the labeller’s understanding of the displayed items.
This knowledge building framing can enrich the practice of data
labelling to promote the development of expertise.

3 CONCLUSION

In this short paper, we investigate the automated, human-in-the-
loop future of Al-assisted data science by reflecting on the changing
roles of data science engineers the data labellers. From the perspec-
tive of using automation beyond the purpose of gaining efficiencies
and instead consider data science worker and Al-system automation
interaction as opportunities to support expertise development.
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