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ABSTRACT
Automated machine learning (AutoML) is envisioned to make ML
techniques accessible to ordinary users. Recent work has inves-
tigated the role of humans in enhancing AutoML functionality
throughout a standard ML workflow. However, it is also critical to
understand how users adopt existing AutoML solutions in complex,
real-world settings from a holistic perspective. To fill this gap, this
study conducted semi-structured interviews of AutoML users (𝑁
= 19) focusing on understanding (1) the limitations of AutoML en-
countered by users in their real-world practices, (2) the strategies
users adopt to cope with such limitations, and (3) how the limita-
tions and workarounds impact their use of AutoML. Our findings
reveal that users actively exercise user agency to overcome three
major challenges arising from customizability, transparency, and
privacy. Furthermore, users make cautious decisions about whether
and how to apply AutoML on a case-by-case basis. Finally, we derive
design implications for developing future AutoML solutions.
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1 INTRODUCTION
While machine learning (ML) has been successfully applied to solve
many challenging tasks across various domains, building perfor-
mant ML solutions still requires substantial resources and extensive
human expertise [34]. Automated machine learning (AutoML), a
novel concept for automating the whole ML pipeline without (or
as little as possible) human intervention [39], has emerged as a
way to significantly reduce expensive development costs [75]. As
illustrated in Fig. 1, envisioned to enable domain experts without
considerable ML backgrounds (e.g., marketing and business ana-
lysts) to build ML solutions more easily, AutoML holds the promise
of making ML techniques accessible to more people. Meanwhile, by
liberating users from repetitive ML tasks (e.g., data preprocessing,
parameter tuning, and feature selection), domain experts can spend
more time on essential tasks, while data scientists can build more
ML models in less time, improve model quality and accuracy, and
experiment with more new algorithms.

Despite its tremendous potential, the current discourse around
AutoML is a mixture of hope and frustration. On one hand, Au-
toML is believed to be the driving force of “democratizing data
science” [62]. On the other hand, the realization of automating
ML workflows faces severe challenges [87], resulting in limited
adoption of AutoML by practitioners [20]. To facilitate the design
of AutoML and support user experience, recent HCI studies have
started investigating how users perceive and use AutoML in prac-
tice. One line of research focused on user trust in AutoML [24, 76]
and studied how to incorporate visualization tools to improve Au-
toML’s transparency [56, 81]. Another line of research gathered
qualitative data about how users apply AutoML within the standard
ML workflow to understand AutoML’s benefits and deficiencies
from the users’ perspective [19, 55, 87]. These studies examined
the roles of users as data scientists throughout a standard com-
putational pipeline and emphasized the importance of bringing
“human-in-the-loop” to strike a balance between human control and
machine automation [3, 49]. The primary goal was to compensate
for automation-induced functionality deficiencies through human
intervention to improve AutoML performance [58, 87]. However,
in complex, real-world settings, the concrete data science tasks are
defined and executed by users with varying roles, interests, and
backgrounds [58]; users may face a variety of issues beyond Au-
toML’s functionality, and they often define their goals according
to complex situations and use different resources to accomplish
them [69]. Therefore, using the standard ML workflow as a scaffold
with the goal of achieving AutoML effectiveness may limit our
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Figure 1: Obstacles and Workarounds of Using AutoML in Complex, Real-world Settings.

understanding of how users perceive and use AutoML in practical
settings, while relying primarily on a technical perspective of data
science may fail to account for the “social nuances, affective rela-
tionships, or ethical, value-driven concerns" of AutoML users [5].
This calls for a critical shift from examining the role of users in
the standard ML workflow to understanding how users leverage
AutoML as resources in their problem-solving processes.

The present study aims to fill this research gap by focusing on
how users evaluate the role of AutoML in different situations and
how they exercise user agency in leveraging AutoML in practice by
developing various workaround strategies when facing challenges.
As users’ understanding of AutoML may be shaped by many sit-
uated factors, it is critical to investigate how users adopt and use
AutoML in a variety of heterogeneous, specific situations. We con-
ducted semi-structured interviewswith 19 real-world AutoML users
from different domains, varying in industries, job roles, and ML
expertise levels. Specifically, our study discovered three major chal-
lenges, namely lack of customizability, lack of transparency, and
privacy concerns, which impede users from effectively applying
AutoML in complex, practical situations, as illustrated in Fig. 1.
We analyzed the tactics devised by users to tackle such challenges
and fit AutoML to diverse personal and organizational objectives,
including various workaround strategies as well as selective and
situated (non-)use of AutoML. Theoretical and design implications
are provided.

2 RELATEDWORK
2.1 HCI Research on AutoML
2.1.1 Users’ Perceptions of AutoML. Recent studies have examined
users’ overall perceptions of AutoML. Wang et al. [80] focused
on data scientists’ perceptions of AutoML’s utility and potential
impacts on data science practices and occupations. Through a qual-
itative interview, they found that most data scientists consider
AutoML as a complementary tool and perceive that AutoML is
not able to replace human expertise. In another study, Wang et
al. [78] developed an experimental AutoML system that only re-
quires data scientists to upload their datasets and generates ML
models automatically, and conducted a user study on data scien-
tists’ experience with such systems. They found that although the

system provides high-quality models in less time, data scientists
show less trust in the AutoML-generated models, largely due to a
lack of transparency.

2.1.2 AutoML’s Transparency. Many studies have focused on en-
hancing AutoML’s transparency to foster user trust. Drozdal et
al. [24] found that including transparency features such as model
performance metrics and visualization is critical for increasing user
trust. In a similar vein, Wang et al. [81] designed and implemented
a visualization tool to support user understanding of the generated
ML models and search space, and demonstrated that such visual-
ization tools enhance user trust and enable users to better apply
AutoML. Weidele et al. [83] developed an experimental system to
visualize AutoML’s model generation process and found that open-
ing this black box improves user trust. Narkar et al. [56] designed
a visualization tool to support user decision-making by analyzing
AutoML’s outcomes and comparing candidate ML models based on
multiple performance metrics. In addition to this strand of design
and experimental effort, Crisan and Fiore-Gartland [19] interviewed
data scientists in enterprise settings, focusing on how they use vi-
sualization as a means to integrate humans into the automation
loop. However, they found that participants’ use of visualization is
fairly limited due to the lack of usefulness and benefits [19].

2.1.3 Human-in-The-Loop AutoML. Although AutoML’s goal is
to “reduce the role of humans in the loop and fill the gap for non-
expert users by playing the role of the domain expert” [27], there
is a growing line of research that emphasizes the importance of
“human-in-the-loop”. Intuitively, AutoML with humans in the loop
enables users to monitor and control AutoML’s different stages yet
without manually taking over the whole process [19], which also
allows users to incorporate intuition and domain knowledge into
AutoML’s workflow to enhance its performance [30, 47]. To this
end, Behnaz et al. [7] designed a new AutoML framework with
interpretable feedback that allows users to leverage their domain
knowledge. Gil et al. [30] proposed a hybrid framework that pro-
vides an intelligent interface enabling users to specify problem
settings and explore different models, while AutoML functions un-
der users’ guidance. Besides, there have been studies focusing on
understanding the roles of humans and automation in the standard
ML workflow from a “human-in-the-loop” perspective. Wang et
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al. [79] found that different data scientists desire for varying levels
of automation depending on their experiences and the workflow
stages. Crisan and Fiore-Gartland [19] further detailed the need for
human involvement in different stages such as data preparation,
analysis, deployment, and communication [54, 80]. In a similar vein,
Xin et al. [87] examined user-reported AutoML’s benefits and de-
ficiencies and highlighted the importance of including humans in
AutoML’s process to combat AutoML’s deficiencies such as system
failures, lack of customizability, and lack of transparency.

2.2 User Agency and AutoML
2.2.1 Human Agency and Automation. The aforementioned studies,
from a broader view, reflect the desiderata to balance human agency
and machine automation. While machine automation outperforms
humans in terms of efficiency and cost reduction, over-reliance on
automation may sacrifice humans’ critical engagement and domain
expertise [35]. The tension between human agency and automation
creates critical challenges for system design [35]. HCI research has
long advocated for more human-centered approaches that balance
humans and automation [4, 35, 64, 65]. For instance, the debate over
“direct manipulation versus interface agents” between HCI and AI
researchers back in the 1990s arrived at the conclusion of “increased
automation that amplifies the productivity of users and gives them
increased capabilities in carrying out their tasks while preserving
their sense of control and their responsibility” [65]. Along this
line, Horvitz [37] proposed a set of principles for designing sys-
tems to support automation-human collaboration efficiently, such
as “considering uncertainty about a user’s goals” and “providing
mechanisms for efficient agent-user collaboration to refine results”.
Recently, by synthesizing AI design from various sources, Amershi
et al. [4] proposed a set of guidelines to support the interaction
between humans and AI.

2.2.2 Supporting User Agency in ML. In the context of ML, existing
work has investigated how to support user agency through inter-
face mechanisms such as allowing user feedback [36], improving
customizability for ML tools [85], and enabling users to interac-
tively modify AutoML’s search space [81]. Through self-generated
actions, these technological affordances have been shown to effec-
tively enhance user agency [72]. However, it is found that users
often exert their own agency to modify or adapt ML solutions. For
instance, Cai et al [13] designed refinement tools to assist medical
decision-making and found that users often invent new strategies
such as disambiguating ML and human errors to better understand
the underlying algorithms. In a similar vein, Xin et al. [87] showed
that users switch back to manually developed ML models when
they perceive high risks of using AutoML due to its lack of trans-
parency. These “workarounds” are conscious and creative acts to
ensure ML works in practice [2]. Recent research [31] has pointed
out that there is a lack of understanding of the nature of applying
ML as a co-adaptive process, in which users adapt to using ML
more effectively and adjust their goals accordingly.

2.3 Summary
While recognizing the importance of the role of humans in Au-
toML, existing HCI studies mainly focused on how humans may

compensate for AutoML’s deficiencies in each step of the stan-
dard ML workflow, such as developing interface affordances of
customization. However, in practice, because users operate in com-
plex, real-world settings, have diverse expertise and backgrounds,
and develop varying experiences engaging with AutoML, they may
adjust their use of AutoML in ways unimaginable by designers [21];
user actions are not limited by AutoML’s deficiencies, and users
may be resourceful enough to work around such limitations, fitting
AutoML to their targets and needs [10]. Built upon the strand of
existing research, our work takes on a more “user-centered” per-
spective, with a special focus on how real-world users leverage
AutoML as one of the resources in their problem-solving processes
and the social-technical implications of AutoML in their practices,
which contributes to the understanding of how applying AutoML
is also a co-adaptive process.

3 METHOD
We conducted semi-structured interviews to understand users’ per-
ceptions of AutoML and their exercises of human agency inworking
with and around AutoML. We further identified user expectations
for the future design of AutoML.

3.1 Recruitment and Interviews
We focused on users who have hands-on experience with AutoML
in different domains. We recruited participants by spreading re-
cruitment messages through words of month (𝑛 = 10), mailing lists
within enterprises (𝑛 = 4), and social media (𝑛 = 5). Participants were
invited to complete a screening questionnaire about whether they
had used AutoML before, which AutoML platforms they had used,
and how long their experience was. We recruited 19 participants
who reported having experience with AutoML in their workplaces.

The interviews were conducted remotely from May 2022 to July
2022 after receiving the institutional review board (IRB) approval.
Each interviewwas scheduled for 60 minutes on video conferencing
platforms and was audio-recorded for transcription purposes. The
average interview duration was 45 minutes, with individual ones
varying from 35 to 60 minutes. We recruited participants who span
a diverse range of domains across healthcare (𝑛 = 3), finance (𝑛
= 1), human resources (𝑛 = 1), technologies (𝑛 = 9), and academic
research (𝑛 = 3). In addition, participants have varying job roles,
from the marketing manager at a social media agency to the head
of technology at a healthcare company. The majority of our par-
ticipants are based in the United States, with one based in China
(P13), and one in Kenya (P6). Each participant received a $50 gift
card upon completion of the interview. A summary of participants’
ML expertise levels, industries, job roles, and the type(s) of Au-
toML platforms they used is presented in Table 1. We omitted the
specific names of AutoML platforms to preserve the anonymity of
participants.

3.2 Data Analysis
The dataset for analysis included all 19 interview transcripts. Two
researchers (including the first author) manually transcribed the
interviews. To ensure transcription accuracy, we carefully exam-
ined the data by repeatedly checking back against the original
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Table 1: Characteristics of Participants in Our Study
Participant Gender ML Exp ML Job Role Industry Organization Size AutoML Platform

P1 Female 2 yrs Marketing Manager Marketing 10 - 100 Commercial
P2 Female 5 yrs Software Engineer Finance 1,000 - 10,000 Commercial
P3 Male 8 yrs ML Engineer Social Network 1,000 - 10,000 Internal & Commercial
P4 Male 3 yrs ML Researcher Healthcare 100 -1,000 Internal
P5 Male 10 yrs NLP Researcher Human Resource 10 - 100 Commercial
P6 Male 12 yrs Head of Technology Healthcare 100 - 1,000 Commercial
P7 Female 3 yrs HCI Researcher University 1,000 - 10,000 Commercial
P8 Male 2 yrs ML Researcher Social Network 1,000 - 10,000 Internal
P9 Male 15 yrs Software Engineer Information System 50,000+ Internal
P10 Female 6 yrs Researcher University 1,000 - 10,000 Internal
P11 Male 3 yrs Software Engineer Mobility Service 1,000 - 10,000 Internal
P12 Male 4 yrs Software Engineer Technology 50,000+ Internal
P13 Male 16 yrs Research Manager Technology 50,000+ Internal
P14 Male 2 yrs Data Scientist Travel Technology 1,000 - 10,000 Internal
P15 Male 5 yrs ML Researcher Retail 1,000 - 10,000 Commercial
P16 Male 2 yrs Data Scientist Healthcare 1,000 - 10,000 Commercial
P17 Male 3 yrs Researcher University 1,000 - 10,000 Internal
P18 Male 5 yrs Software Engineer Social Network 1,000 - 10,000 Commercial
P19 Male 2 yrs ML Researcher Music Streaming Service 1,000 - 10,000 Internal

audio recordings. To provide contextual information, each inter-
view began with open-ended questions: (i) can you tell us about
the company/industry you are working in? (ii) can you tell us your
current job responsibilities? (iii) how long have you been working
in ML-related work? The contextual information helped the tran-
scribers to interpret recordings if they were not the researchers
who collected the data.

To discover the main themes of the interviews, we followed
an inductive approach [73] to perform thematic analysis [11, 12].
Four trained researchers (two HCI and two ML researchers) were
involved in the data analysis. In the first stage, by reading the
transcripts independently and repeatedly, we actively searched for
the meanings and patterns of the content and wrote down analytic
memos. Through this iterative process, we became familiar with
every aspect of the data without being selective or skipping over
the data following the instructions of thematic analysis [11].

After obtaining the initial understanding of how users apply Au-
toML in workplaces, we conducted multiple rounds of discussions
about our understanding based on the analytic memos. Following a
constant comparative approach [32], the process involved moving
back and forth between the similarities and differences of emerging
categories with reference to the collected data. After that, we indi-
vidually returned to the data and began assigning basic codes to
each idea. In this stage, each researcher coded the data by highlight-
ing and noting the texts to indicate potential patterns. We followed
the guidance of coding “as many potential themes/patterns as pos-
sible” [11] and generated a list of 209 basic codes. For example, the
data extract “we mainly look at how the three learning curves of
training, validation, and testing change during the training process
and the testing process” was first identified as one of “workarounds
for lacking transparency”, and further coded as a sub-category of
“tracking AutoML’s process” of this category. We held regular meet-
ings to discuss and compare the respective codes to note similarities

and discrepancies. We held six meetings, each lasting an hour, to
address any disagreements related to coding. We used the "Open
Discussion" method [18] to resolve these disagreements. During
these meetings, we created a table that summarized the codes used
by each of the four coders for each quote. The main goal was to
discuss and resolve any discrepancies. The coders addressed each
disagreement in the order that it appeared on the summary table.
Before making a final decision, the coders considered the codes used
by other coders for a particular quote and took into account each
coder’s rationale for using a specific code. Note that we employed
codes to facilitate the theory-development process, and avoided
relying on inter-coder reliability to ensure all instances of varia-
tions can be captured and to prevent potential marginalization of
viewpoints [52].

Upon generating the initial coding, we reconvened to compare
and discuss the codes and explain how each basic code can be used
to represent a potential theme. We then analyzed the codes and
decided how different codes can be combined to form a higher-level
theme through multiple rounds of discussions. After that, we re-
examined the candidate themes and refined the themes to ensure
internal homogeneity and external heterogeneity [59]. Lastly, we
defined and named the themes and conducted multiple rounds of
refinements before generating the final reports. The final satisfac-
tory thematic map includes two primary themes: “acknowledging
and working around AutoML’s limitations” and “applying AutoML
selectively and situationally”.

4 FINDINGS
Overall, our study found that participants are well aware of Au-
toML’s inadequacies, including incompatibility with specific task
contexts, lack of transparency, and potential privacy issues. How-
ever, rather than being impeded by its limitations, they set clear
objectives for what AutoML is able to achieve and thus adapt their
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Table 2: Summary of Our Findings
Challenge Workaround/Strategy Participant

Customizability (§ 4.1.1)
Contextualizing input data P6, P7
Incorporating domain knowledge P3, P9, P13, P15
Building internal AutoML tools P6, P11, P17

Transparency (§ 4.1.2)
Validating AutoML’s outcomes manually P2, P10, P16
Tracking AutoML’s process P3, P8
Creating customized visualization P1, P2, P3, P5, P13, P15

Privacy (§ 4.1.3)

Uprooting privacy leakage P6, P10, P13, P15, P17, P18, P19
Applying privacy-preserving techniques P3, P9
Delegating to legal regulation P1, P13
Choosing trustworthy platforms P2, P4, P5, P8, P9, P17

Use vs. Non-Use (§ 4.2)
Performance-driven (non-)use P1, P3, P5, P6, P7, P8
Task-oriented (non-)use P1, P2, P4, P7, P8, P10, P13, P17, P18
Context-specific (non-)use P3, P9, P14, P15, P17

use accordingly. In practice, they adopt many strategies to cope
with AutoML’s inadequacies to maximize its practical usability. Our
findings are summarized in Table 2.

4.1 Acknowledging and Working around
AutoML’s Limitations

4.1.1 Tackling Lack of Customizability. Requesting for more
customizability is a sentiment shared by participants. Both P7 and
P9 pointed out that existing AutoML platforms are often encapsu-
lated, making it difficult for users to intervene with the automation
process or perform fine-grained tuning of the generated results.

“There is actually nothing, not so much you can do
in, you know, adjusting the parameters, or whatever
algorithm they use.” (P7)
“The cloud-based AutoML doesn’t allow the user to ex-
port the model or download the model to deploy it on
their own machines. There is no such feature now be-
cause they are using the most advanced models. Those
models are corporate properties and should not be dis-
closed to anyone else.” (P9)

Moreover, we found that AutoML’s lack of customizability is
multi-fold and participants need to derive various strategies to
tackle this challenge in different scenarios.

Workaround 1: Contextualizing Input Data. As most current Au-
toML platforms are generic and do not provide the flexibility to con-
figure their inner workings, participants often find lacking the capa-
bility to handle context-sensitive tasks. One common workaround
is to contextualize the input data by adding “context hints”, so that
AutoML is able to utilize such additional information to generate
context-specific ML solutions (P6, P7). For instance, P7, who is an
HCI researcher, conducted a user study to understand the user ex-
perience with a voice-based self-tracking application. Due to her
limited coding experience, she chose a commercial AutoML plat-
form to provide the natural language processing (NLP) functionality.
However, she reflected that the platform was not adaptive to the
self-tracking context, and she needed to add additional contextual
information to the input data for AutoML to work precisely:

“I feel that the AutoML services are not smart enough
if you don’t give them enough contextual information,
they cannot accurately recognize users’ voice input. I
don’t know how to improve that, so I tell my partic-
ipants to give the system a little bit more contextual
information. For example, “7 to 9” is often mistakenly
translated into “729”, and I asked my participants to
say “7 to 9 AM” or “7 to 9 in the morning” so that it can
help these systems improve their performance.” (P7)

Workaround 2: Incorporating Domain Knowledge. Another limi-
tation related to AutoML’s customizability perceived by partici-
pants is that it does not naturally fit the needs of different indus-
tries. Participants’ workaround is to gather and incorporate domain
knowledge into AutoML’s optimization objectives (P3, P9, P13, P15).
For example, P13, who works in a technology company focusing on
providing AI and ML solutions to traditional industries, reported
that AutoML was too generic and regarded it as “a product made by
obtaining the greatest common divisor among the needs of all users.”
To fit AutoML to industry-specific tasks, he communicated with
industry experts and transformed the experts’ domain knowledge
into AutoML’s optimization objectives:

“Based on our cooperation with enterprises in traditional
industries, the most difficult but valuable thing is how
to convert domain knowledge of different industries into
your model design. It’s actually the most valuable part,
but this is definitely something I can’t do with AutoML.
For example, in the optimization of the supply chain, a
relatively reasonable level of inventory should be main-
tained, if you have no one to tell you about this kind of
domain knowledge, you can not make AutoML fit into
this specific task. Since either ML or data scientists are
not particularly familiar with such issues, it actually
requires us to have more communication with industry
experts and transform this kind of domain knowledge
into the objective in my model, so the bridging work is
actually very important.” (P13)
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Workaround 3: Building Internal AutoML Tools. AutoML’s lack of
customizability is also manifested in its limited support for uncom-
mon data types. Correspondingly, participants often opt to build
their own AutoML tools (P6, P11, P17). For instance, P11 explained
that his company has developed AutoML tools to support tabular
data, which is missing on mainstream platforms:

“Our company has developed our own AutoML plat-
form. The AutoML platforms provided by companies
like Google and Amazon are very mature. However, the
functions of their AutoML platforms support generic
data such as images and text but do not support tabular
data, which our company deals with.” (P11)

Similarly, P17 described that in his company the data comes in
different formats and with different features requiring refining the
search space, while current AutoML platforms do not provide such
configurability:

“Because the data in our field can be in many forms and
has discrete features, it needs a better representation of
the overall data. The process of its correction also needs
to be searched. Our (internal) AutoML is designed to be
more refined and can handle different kinds of input
data.” (P17)

As another example, P6 works at a non-governmental organiza-
tion (NGO) in Kenya. As the company provides healthcare infor-
mation and helps patients connect with local medical resources,
the ML solution needs to support the local language of Swahili.
Therefore, the company is building an internal AutoML platform
and is going to switch from the commercial AutoML service to its
own platform, which can better support Swahili without sacrificing
accuracy due to translation, as well as “significantly saves money
for the company.”

In summary, building internal AutoML tools is the strategy to
deal with special data types or data with unique features, or to
provide better-localized solutions.

4.1.2 Tackling Lack ofTransparency. The lack of transparency
is another major concern frequently mentioned by participants.
For example, P13 and P17 emphasized that while ML is already a
black-box, automating ML adds another layer of “black-boxness”;
thus, they perceived AutoML as a “double black-box”. The main
transparency issues perceived by participants include two aspects:
(i) AutoML has limited support to evaluate its outcomes; and (ii) it
also falls short to provide sufficient information to assess its process.
Thus, participants have devised various workarounds to assess and
evaluate AutoML’s outcomes and process.

Workaround 1: Validating AutoML’s Outcomes Manually. Several
participants (P2, P10, P16) shared their struggles with evaluating
and validating AutoML’s outcomes. For example, P16 pointed out
the lack of indicative performance metrics on the AutoML platform
he has used:

“There is one issue with AutoML, at least according to
our experience when cooperating with the NGO. The
evaluation metrics it (AutoML) gave were relatively

limited. I remember that it only had one metric of ‘pre-
cision’ for classification, but other metrics such as ‘F1
score’ and ‘accuracy’ were missing.” (P16)

To copewith such transparency issues, one commonworkaround
by participants is to manually validate AutoML’s outcomes using
self-selected metrics or checking their backward compatibility with
existing ML solutions:

“If it’s just for the classification, I would just use the
provided evaluation metrics like accuracy and some
kind of like F1 score precision and recall, some kind of
provided metrics; but for tasks like regression, I usually
manually check whether the results are reliable.” (P10)
“In our company, we compare AutoML’s results with the
previous results. For example, when we want to run a
credit score, we first use a well-trained model like our
previous model to run to get a batch of results. Then we
use AutoML to run the score. How much we can trust
AutoML results depends on how different its results are
from our previous results. If there is a big difference,
there may be problems. If AutoML’s results are within
our acceptable range, there should be no big problem,
but we definitely do a lot of such testing.” (P2)

Workaround 2: Tracking AutoML’s Process. Further, most current
platforms only provide explanations for AutoML’s outcomes (e.g.,
the importance of different features for the models suggested by
AutoML), while its dynamic process (e.g., how the models are actu-
ally found) remains fairly vague. However, as several participants
(P3, P8) indicated, they equally care about evaluating the dynamics
of AutoML’s process to assess whether it performs as expected.

The reasons for this lack of process transparency on existing
AutoML platforms may be multi-fold. For instance, commercial
platforms often view the underlying AutoML techniques as pro-
prietary intellectual properties and are unwilling to disclose the
internal information. Also, as it often requires sufficient expertise to
apprehend AutoML’s process, providing the process transparency
may be deemed unnecessary for AutoML platforms facing ordi-
nary users. To work around this limitation, participants resort to
manually tracking AutoML’s learning curves, which are significant
indicators of its optimization trajectories:

“We mainly look at how the three learning curves of
training, validation, and testing change during the train-
ing process and the testing process. It may be the pa-
rameter settings or hyperparameter settings chosen for
each set of AutoML. We check whether these learning
curves make sense. If it makes sense, we will probably
trust these results.” (P3)

Another way to assess the dynamics of AutoML’s process is to
compare the difference among multiple runs of this process under
varying settings, as P8 shared his practice of this approach:

“Basically, I will look at the statistical results, but I could
maybe randomly sample several searches, and that’s
where I got the AutoML algorithms and performance
metrics like accuracy or latency, and I try to measure
the differences among different algorithms or different
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neurons. I think it is a very straightforward way to
evaluate the performance of AutoML.” (P8)

Workaround 3: Creating Customized Visualization. Many partic-
ipants (P1, P2, P3, P5, P13, P15) also recognized the importance
of visualization not only for understanding AutoML’s inner work-
ings but also for communicating AutoML’s outcomes to internal
(e.g., team members and executives) and external (e.g., clients and
stakeholders) parties:

“Our company’s internal AutoML platform has a func-
tion that I particularly like, it can visualize its running
process, especially when there are so many tasks, it can
tell us the running conditions of each task, and also
tell us the overall comparisons by showing us a table
that lists the differences between different tasks. This
is quite useful. AutoML is no longer a black box; it can
give us some insight that helps us to reduce the unnec-
essary search space of hyperparameters for this kind of
experiment.” (P15)
“For my current job, we don’t have many new models,
because companies like us are relatively stable. But if
we have relatively new models or features, we will need
to explain them to the clients.” (P2)
“Personally, I don’t use visualization very much. I just
observe some specific numbers directly. However, if we
need to report to clients, it’s best to visualize it.” (P3)

However, this functionality is often underdeveloped or even
absent on many AutoML platforms. Even when the existing visu-
alization is sufficient for internal communication with experts, it
often falls short to convey consumable information to external, non-
expert parties who lack relevant backgrounds. To work around this
limitation, participants often need to manually visualize AutoML’s
outcomes based on a set of pre-identified requirements to facilitate
communication with external parties.

“We have to visualize the explanations manually based
on the results we got from AutoML, as the visualization
auto-generated by AutoML is ugly, not informative, and
not easy to understand . . . We need to make it easy
to understand and look professional. There are certain
requirements, such as avoiding text-heavy explanations
and using more pictures. But internally, for example,
within our group, we generally do not need manually
created visualization, we can just use whatever features
the platforms provide.” (P2)
“I manually visualize feature selection, which features
are more important, the learning process, and learn-
ing curve changes in the performance of each model I
trained, as the existing AutoML visualization function
is simply not helpful.” (P3)

Participants also recognized that one major challenge to creating
such explanations is to visualize information in an essential but
not overwhelming manner, especially when communicating with
external parties with limited expertise:

“Convincing people is not that easy from a technical
perspective, but if you tell clients too many technical
details like why a particular feature has a value of

0.7, people are going to be confused even more, so it’s
important to strike a balance to provide just enough
information in the right way, not too much, not too
technical, or too detailed. This can also protect us by
preventing other people from copying our idea.” (P5)

4.1.3 Mitigating Potential Privacy Risks. In addition to Au-
toML’s functionality limitations, many participants (P1, P3, P4, P5,
P6, P9, P10, P11, P13, P15, P17, P18, P19) also expressed serious
concerns about potential data privacy issues in using AutoML plat-
forms.

One major concern is whether using AutoML platforms may
entail the privacy leakage of training data, which is especially con-
sequential for critical domains (e.g., healthcare and insurance) in-
volving sensitive information such as health history, credit history,
and demographic information:

“The problem of data privacy is quite serious. Some
projects I have done before were related to medical in-
formation, which involved patient data . . . The initial
data may first be provided by the hospital itself. How-
ever, if an institution provides you with a very small
amount of data, while we need to do this experiment on
a large scale, we must involve patient data provided by
different institutions or different hospitals. Then there
are privacy risks: First of all, the patient’s information
cannot be leaked. Second, each hospital may not want
its data to be somehow leaked to other hospitals. So
privacy is definitely a very important part to consider
when it comes to whether to use AutoML or which one
to use.” (P18)

Another major concern is whether AutoML-generated ML solu-
tions are subject to potential inference attacks if disclosed to and
used by unauthorized parties. For instance, the models generated
by AutoML based on confidential medical data carry a significant
amount of sensitive information from the original data, while mali-
cious parties, if given access, may infer such sensitive information
by reverse-engineering the models:

“If I get a parameter after training on the data of a bank
or a hospital, I want to use it in the parameter space of
other hospitals or other banks. Sometimes the parameter
itself can be used to infer what the previously trained
dataset looks like, which may cause data leakage.” (P18)

To alleviate the privacy concerns above, participants resort to
various workarounds as detailed below.

Workaround 1: Uprooting Privacy Leakage. One straightforward
workaround by participants (P6, P10, P13, P15, P17, P18, P19) is to
limit privacy leakage at its root. This strategy can be adopted at
either the user or organization level. Specifically, at the user level,
they purposely collect less sensitive data during the data collection
stage before using such data on AutoML platforms:

“We are only collecting minimal identifiable data right
now such as users’ phone numbers because that’s how
we engage with the users over SMS (Short Message Ser-
vice). We also have information about health facilities
or hospitals when users sign up. [This information] is
enough for us to help the users connect to health services,
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but we are not collecting other information such as user
names, addresses, or ages.” (P6)

In addition, participants (P13, P15, P17) also mentioned that their
organizations may have already performed certain data anonymiza-
tion to protect data privacy before handing over the data:

“If our company asked us to compress a model, we won’t
have too many images due to user privacy, or we may
have a lot of data, but we do not have sensitive infor-
mation such as gender since such information has been
masked by the company.” (P15)
“Basically, the data I get may already be processed in
advance. The information that can be stored in the gen-
eral database is basically not related to any personal
information.” (P17)
“Clients in the healthcare industry, for example, a phar-
maceutical company we have collaborated with before,
have strong compliance requirements, so they will also
do a lot of processing on their side.” (P13)

In general, only uploading non-sensitive data to AutoML plat-
forms greatly reduces the risks of privacy breaches duringAutoML’s
process. On the downside, this strategy may significantly affect data
authenticity and negatively impact AutoML’s performance, as noted
by P11:

“Google definitely doesn’t want users to worry that their
data will be leaked, so they (Google) may mask some
data and may use other means, such as protecting the
user’s ranking layer to protect data privacy, but such
techniques actually damage the authenticity of the orig-
inal data and affect performance.” (P11)

Workaround 2: Applying Privacy-Preserving Techniques. Another
workaround mentioned by participants (P3, P9) is to proactively ap-
ply privacy-preserving techniques during AutoML’s process. Exam-
ples include “black-box optimization” [8] that avoids direct access
to data, and “federated learning” [88] that constructs ML models
using data spread across multiple parties yet without sharing data
between different parties:

“There are some black-box optimization methods that
AutoML does not touch [your data in optimization].
In this case, it can be done at least a little better to
guarantee privacy. Another way is through federated
learning, which is equivalent to giving data to local
users without uploading [the data to the server]. It relies
on the local side to do some [AutoML] searches. What
AutoML receives is some high-level [data] or metadata
instead of data from users’ own devices.” (P3)

However, this workaround is not for every AutoML user, as
many may lack the necessary technical expertise to apply advanced
privacy-preserving techniques.

Workaround 3: Delegating to Legal Regulation. In addition, sev-
eral participants (P1, P13) who use commercial AutoML platforms
referred to data privacy as a legal issue that should be clearly speci-
fied in the privacy agreements:

“I think it is a legal issue between the platform and
the company. Before the company decides to use these

platforms, it must clearly state the privacy issue in the
confidential agreement. If the AutoML platform violates
the regulations, it will be a legal issue.” (P1)
“Before we collaborate with the companies that provide
the AutoML services, we must first make it clear about
what data can be shared, and to what extent the data can
be shared. For such issues, these (AutoML) companies
actually have their own standards and their own legal
team will handle such issues.” (P13)

Delegating to legal regulations helps AutoML users clarify their
responsibilities and secure their data from a legal perspective.

Workaround 4: Choosing Trustworthy Platforms. Participants re-
flected contrastive views towards the trustworthiness of cloud-
based AutoML platforms in terms of privacy protection. While
some participants (P2, P4, P8, P9, P17) raised concerns about the
privacy risks of using cloud-based AutoML platforms, other partic-
ipants (P5) trusted the AutoML services of renowned companies.
For example, P4 from a healthcare company explained his strategy
of avoiding using cloud-based AutoML platforms when it involves
private data:

“If using the public dataset to try out the AutoML service,
I’m not worried about data privacy; if I’m going to
use some private datasets, I will probably not upload
the data but run it locally. If I’m using cloud AutoML
services, I will not choose to upload all the private data
to the cloud server.” (P4)

P9 also echoed P4’s concerns:
“The people who really have this concern won’t even
need to ask, they have very strict rules to prevent them
from uploading any data to the cloud so this option was
rolled out at first glance, so they wouldn’t need to ask
and this definitely a concern for many companies they
don’t want to disclose their data, because they have
strict rules to upload data to any other servers besides
their internal servers.” (P9)

On the contrary, other participants, especially ones from startup
companies (P5), prefer reputed cloud-based AutoML platforms (e.g.,
Amazon AWS) over their own in terms of data privacy protection
and believe these large companies are better positioned to protect
data privacy given their plenty of infrastructure and personnel
resources:

“If I’m hosting service on my own server, I’ll be very
concerned about getting attacks, because as a start-
up, we cannot afford to have an onsite, fully dedicated
security team. But those bigger companies have teams
of experts and engineers that can take care of this.” (P5)

Apparently, this view contradicts that of participants who choose
to use internal platforms for risk control, implying the complex
landscape of how users choose among different AutoML platforms,
which are affected by perceived privacy risks, operational costs,
and platform trustworthiness.

4.1.4 Summary. AcknowledgingAutoML’s limitations, participants
exercise user agency to adjust the use of AutoML in their work
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including contextualizing input data, incorporating domain knowl-
edge, and building internal AutoML tools; they apply a variety of
strategies to assess and evaluate AutoML’s outcomes and process
to increase its transparency; meanwhile, they also create new ways
to combat privacy concerns, ranging from data anonymization to
switching between different AutoML platforms.

We further probed participants about where they often seek
help to tackle AutoML’s deficiencies. Multiple complementary re-
sources are mentioned, including official documentation of AutoML
platforms (P1, P2, P4, P5, P7, P10, P18, P19), online forums where
ML practitioners gather (P1, P2, P4, P5, P12, P17, P18, P19), online
searches (P2), internal training (P11), and personal networks such
as friends and colleagues who are experienced in AutoML (P1).

4.2 Applying AutoML Selectively and
Situationally

As our study showed, participants are fully aware of AutoML’s de-
ficiencies and devise various strategies to work around or mitigate
such limitations. Yet, they also understand that it is impractical to
completely address all the limitations. Thus, they perform a careful
cost-benefit analysis, set clear expectations, and strategically decide
whether and when to apply AutoML on a case-by-case basis. Al-
though this is not a direct way to tackle the limitations per se, it is
a fundamental strategy to leverage AutoML in complex situations.

4.2.1 Performance-Driven (Non-)Use of AutoML. We found that
participants set clear performance expectations and decide how
to use AutoML accordingly. For example, P8 explained that he
evaluates the performance of AWS AutoML before making the
decision of whether to use its service:

“I only use AutoML as a mechanism that automatically
runs the new inputs through the whole training pro-
cess in the background and then presents me the results.
If the results pass a certain threshold, I can automat-
ically deploy a new model. Amazon AutoML service
does a very good job in training the whole model and
in all implementations on a certain API (application
programming interface).” (P8)

In certain cases, participants (P1, P3, P5, P6, P7) acknowledged
that AutoML may not produce the optimal results; however, as long
as the results meet their performance expectations, they are willing
to adopt AutoML for its convenience:

“It doesn’t necessarily mean that I have to find a perfect
model when I have a standard for performance, I will
continue using it to improve something based on it, and
I don’t expect anything else.” (P3)
“In our company, we only apply AutoML to get the NLP
(natural language processing) for our chatbots, and we
are satisfied with 80% accuracy or so.” (P6)

This finding corroborated previous studies [19] that data scien-
tists are often interested in using AutoML to produce “good enough”
results.

4.2.2 Task-Oriented (Non-)Use of AutoML. According to partici-
pants, they also strategically allocate different parts of their tasks
to AutoML depending on the specific contexts. For example, for

P2, who works in an insurance company, one daily task is to ex-
plore the consumer complaint database and classify clients based
on their comments on the financial products. Her strategy is to first
run the sub-task of text classification internally using her famil-
iar techniques and then assign the other sub-tasks to the AutoML
platform:

“We need to classify customers based on their complaint
records. Part of the task is to perform a classification
based on the clients’ complaints.We already have a fixed
model to use, which we are familiar with, and have more
confidence in this process than using AutoML. We use
AutoML for the rest of the task.” (P2)

In the same vein, other participants (P1, P4, P7, P8, P18) set clear
needs in mind and only use AutoML for sub-tasks that strictly fit
AutoML’s intended use (e.g., architecture search, model training,
and hyper-parameter tuning):

“We mainly use AutoML to find specific architectures
and also fit parameters.” (P4)
“All of those AutoML tools are that automatically help
me handle those issues of speech-to-text [translation]
and NLP issues, so it saves me time to deliver the app
that I want to design for my users in my project.” (P7)
“The first thing I need to do is to define the search space
for AutoML before I train models. Then I also define the
search algorithm. After these, . . . just use AutoML to
build the models for us.” (P17)
“I only need AutoML to do the hyper-parameter search.”
(P18)

As another concrete example, P13 works for a company in China
that provides whole-package solutions to help enterprise users,
especially those from traditional industries, leverage AI and ML in
their production. AutoML only accounts for a small portion of the
whole solution.

“For AutoML, it can speed up the process of searching for
optimal hyper-parameter settings, but it cannot replace
our early stage. The understanding of the problem, the
definition of the problem, and the possibility that we
keep re-designing our model according to the model
architecture. Actually, there are very limited now. If the
model is already trained and I want to refine it, then we
may be able to use AutoML to search for such an optimal
parameter of a hyperparameter. For example, when we
cooperate with financial companies, they have the task
of automatically searching for and selling investments,
which mainly rely on AutoML. In fact, it only accounts
for a part of our actual delivery.” (P13)

While the aforementioned participants apply AutoML as part of
the solutions in their tasks, other participants (P10, P17) mainly use
AutoML for research purposes. For instance, P10 uses AutoML as a
baseline check for their own models, while P17 considers AutoML
as a promising research topic and focuses on improving its practical
impacts:

“I use AutoML for doing experiments like comparing the
AutoML models we received from Microsoft to the one
we trained; we just run some experiments on it.” (P10)
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“I would consider AutoML as a research topic but would
not use AutoML tools at work. The current applications
of AutoML are very limited, and I do not use it for
my work. It is because the application of AutoML in
practice is not very successful, and there is still room
for AutoML to improve, that’s why it requires more
scientific research in this area.” (P17)

Further, we also found that as the functionality offered by dif-
ferent AutoML platforms varies, participants often decide to use a
specific platform that best fits their target tasks after performing a
careful pro-con analysis:

“My question is which one is more convenient for me. For
example, Azure does punctuation recognition automati-
cally, while Google AutoML provides some punctuation,
but you need to do some work manually. I would just
use Azure instead of Google AutoML.” (P7)

4.2.3 Context-Specific (Non-)Use of AutoML. Despite acknowledg-
ing its benefits, many participants (P3, P9, P14, P15, P17) also ex-
pressed concerns about using AutoML in high-stake contexts (e.g.,
healthcare). In fact, participants who work in the healthcare indus-
try indicated that they tend to avoid using AutoML but still rely
on human-designed models and features for multiple reasons. First,
as health data is often highly noisy and complicated, its process-
ing requires domain knowledge and past experience. Second, the
cost can be prohibitive if they switch from traditional methods to
AutoML. For example, P17 described the current practices of the
healthcare company he works for:

“In our company, many features are still manually de-
signed and processed with very traditional ML models.
In fact, our company does not use the deep learning
method, let alone AutoML, because the traditional meth-
ods may be more stable. In addition, traditional methods
have been used for a long time; they are easier for people
to use and may achieve better results. The feature engi-
neering process in health data can be very complicated,
and many experts who are already very experienced in
this field can better identify this type of data.” (P17)

Furthermore, these non-use cases are not derived from AutoML’s
performance issues only, but rather reflect an even larger topic of
trust issues in AI or automated systems in general, known as “al-
gorithm aversion” [22]. For example, both P15 and P3 expressed
concerns about the reliability and trustworthiness of AutoML in
critical domains (e.g., medical analysis) and emphasized the impor-
tance of human expertise:

“People can still not be replaced by machines in some
very critical scenarios, such as doing some analysis of
medical treatment. For example, read a CT scan or some
X-rays to determine whether this person has lung cancer.
I think such a thing is difficult to replace by AutoML
because it requires human knowledge and the cost will
be too high if AI makes a mistake.” (P15)
“In some medical situations, in which some data itself
is more sensitive, many people do not trust ML models
designed by people, let alone the ones designed by Au-
toML. For example, you have 99% human inspections.

If it is true that there is a problem with this model in
1% of practical applications, you have no way to hold it
accountable.” (P3)

We further probed the reasons behind the distrust in AutoML
and found that it is partially due to the challenge of holding AutoML
accountable. According to participants (P9, P14), when AutoML is
involved in the decision-making process, it is difficult to attribute
responsibility when an error occurs or whenAutoML’s performance
falls short of expectations. As P14 explained:

“I think things that are simple and highly repetitive
can be handed over to AutoML, but the more critical
parts, such as decision-making or analysis, still need
people because these tools cannot take responsibility. A
very key problem is to what extent the achievements
of these AI tools represent humans’ achievements. This
needs to be carefully defined because what AI does is
not necessarily what humans will do.” (P14)

4.2.4 Summary. As our study showed, besides working around Au-
toML’s inadequacies, participants also strategically decide whether
and when to use AutoML based on their performance-driven, task-
oriented, and context-oriented motivations, and pragmatically ad-
just their use of AutoML to fit their needs and background knowl-
edge.

5 DISCUSSION
Our study reveals the highly heterogeneous nature of how users
incorporate AutoML as available resources to help them accom-
plish their tasks and goals in practice. Users often develop dif-
ferent understandings and expectations of AutoML’s capabilities,
strategically adjust their use of AutoML technologies and develop
pragmatic workarounds when facing challenges. Previous work
has mentioned similar challenges (e.g., customizability [87] and
transparency [19, 81]) and suggested that resolving these issues
requires human intervention. Our study extends previous work by
elucidating users’ efforts to overcome specific challenges associated
with AutoML and balance AutoML with other resources in prac-
tice. In addition, our study discovers privacy concerns as a novel
issue associated with AutoML use, which has yet to be discussed in
the current discourse of AutoML in HCI. Our study unpacks users,
as situated actors, who develop workarounds in overcoming the
challenges and examines the underlying decision-making process.

5.1 User Agency and Workarounds
According to the workarounds theory [2], “workarounds are funda-
mentally about human agency, the ability of people to make choices
related to acting in the world.” In other words, human agency man-
ifests in the development and execution of workarounds to meet
individual needs, goals, and expectations [40] and users often define
their goals according to complex situations and use different re-
sources to accomplish them [69]. In our study, users’ workarounds
reflect their needs to take control over AutoML and to restore user
agency when facing constraints, challenges, and unmet expecta-
tions derived from technological and situational factors. Below, we
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detail the active role of user agency in this decision-making pro-
cess, specifically, how to develop workarounds and how to decide
(non-)use of AutoML.

5.1.1 User Agency in Developing Workarounds. The activity the-
ory [84] proposes that users “appropriate” tools to empower them
to achieve goals and they often need to combine multiple tools to do
so [40]. In our context, how users exercise their agency is reflected
in their developing, selecting, and executing workarounds. Further,
we observed that the level of user agency hinges upon external
factors such as resources available as well as internal factors such
as users’ ML expertise. For example, while “power users”, or users
with extensive ML experience, often apply more advanced tech-
niques to verify AutoML’s performance and leverage various tools
to customize the use of AutoML, users with less ML expertise rely
more on the available features of AutoML platforms and are less
likely to enact workarounds. This finding demonstrates how users
“use their available knowledge to create and execute an alternate
path to achieve the goal” [2], and corroborates previous HCI re-
search on that experienced users are superior at recognizing design
defaults [23], comprehending functional relationships [15], and
developing problem-solving strategies [44]. Therefore, for users
with less ML knowledge, we expect an even narrower range of
enactment as AutoML solutions become more tightly integrated
into the data science workflow. As previous studies reflected that
lay users tend to overly rely on ML [16, 17], we should be cautious.
Although AutoML is seen as a solution to accelerate “democratizing
data science” [62], limited knowledge, experience, or expertise in
ML could result in over-trust and over-reliance, which may threaten
user agency as users develop cognitive heuristics or mental short-
cuts to perceive and use AutoML [71].

5.1.2 User Agency in (Non-)Use of AutoML. Based on the activity
theory [40], users’ goals, interests, and intentions are the starting
points for analyzing situations in problem-solving. In our study,
participants perceive AutoML services as part of the tools to accom-
plish the tasks at hand [42]. Further, according to the expectation
confirmation theory [9], the continuous use of technology is largely
determined by perceived expectation confirmation. Our findings
show that participants’ use of AutoML depends on their evaluations
of AutoML’s capabilities and performance expectations. As long as
AutoML’s performance and functionality meet such expectations,
they will use AutoML in practice. This view is different from pre-
vious studies that examined the reactive role of humans from the
technical perspective of data science workflows [19, 87]. From our
perspective, users play a more proactive role when considering the
relationship between AutoML and data science tasks.

In addition, some participants mentioned that they avoid using
AutoML in high-stake contexts such as healthcare while having
the tendency to trust humans over AutoML and ML in general.
In HCI, this phenomenon of “non-use” is also a matter of users’
own choice that resemblances the sense of agency [67]. Empiri-
cal research offers possible explanations for such decisions. One
explanation is “algorithm aversion” that describes users’ predispo-
sition that favors humans over automated systems [22]. Another
possible explanation is blame attribution, which is widely discussed
in human-AI collaboration, especially when moral responsibility

is involved [6]. Therefore, such pre-existing attitudes toward au-
tomation, in general, could drive the decision-making towards the
non-use of AutoML.

5.2 Designing to Mitigate AutoML’s
Limitations

Our study corroborated existing HCI research on AutoML (e.g.,
[19, 81, 87]) by confirming that the lack of customizability and
transparency are users’ two major concerns. In addition, our study
also uncovered privacy as an additional significant, non-functional
concern, which has not been identified in previous research. More-
over, our study detailed the workaround strategies and users’ ratio-
nale and practices of applying AutoML selectively and situationally.
Below we discuss what insights our findings yield in terms of de-
signing to mitigate the three perceived limitations of AutoML.

5.2.1 Supporting Domain-Specific Customizability. AutoML’s lack
of customizability is one major limitation perceived by participants.
Previous studies reported a similar issue but emphasized the need
for more user control over AutoML’s process [19, 87]. However,
this effort to improve AutoML customizability focuses mainly on
giving the user control over each stage of the standard data science
workflow due to the tension between full automation and human
intervention as identified by the “human-in-the-loop” approach [77].
Our study pointed out that, in addition to providing workflow-
focused customizability, it is also important to design for domain-
specific customizability.

Our study found that the lack of customizability also derives
from the tension between AutoML as the main service and the
support for inclusive services for users with special domain needs.
Participants frequently referred to AutoML’s lack of customizability
as its incapability to fit domain-specific situations. This finding
calls for more attention to AutoML platforms that are specialized
for concrete application domains and can be adapted to specific
contexts [33]. HCI research may consider investigating how to
design such customization in a user-friendly manner.

5.2.2 Providing Multifaceted Transparency. The second challenge
we found for AutoML is its lack of transparency. Previous research
has also pointed out this issue, but focused mainly on user eval-
uation of current visualization tools [19] or the development of
new visualization techniques to improve user understanding of
AutoML’s outcomes [24, 56, 81, 83]. Our results reflected a more
nuanced need for AutoML’s transparency: users tend to favor dif-
ferent transparency features in evaluating the outcomes and/or
process of AutoML. Some users rely on the performance metrics
provided by AutoML platforms, while others need to comprehend
AutoML’s training and selection processes. Such findings corrob-
orated explainable AI (XAI) research indicating that there is no
one-size-fits-all solution for transparency and that a more personal-
ized, interactive method of interpreting ML to users that supports
user requirements is often necessary [25, 49, 70].

Additionally, current AutoML transparency tools are designed
only to support internal validation and understanding of AutoML
solutions, while user expectations go beyond this scope. Our study
revealed that AutoML users require transparency features not just
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for internal evaluation (e.g., model explanations) but also for ex-
ternal communication with clients, which raises the requirement
for layman’s comprehension through easy-to-understand visual-
ization. This finding echoed previous work that showed that data
scientists tend to have high expectations of what transparency tools
can achieve that are beyond the tools’ capabilities [43]. The gap
between user expectations of what AI can do and the designed fea-
tures in reality may undermine user trust and adoption of AI [45].
To enhance transparency, it is therefore imperative to consider
different stakeholders involved in the process of understanding
AutoML [60].

5.2.3 Enhancing Data Privacy. Moreover, a new issue of privacy
surrounding AutoML has surfaced, which has not yet been dis-
cussed in the current HCI literature on AutoML. The striding ad-
vances in ML techniques, especially deep learning techniques, are
built upon the consumption of massive amounts of data, which
are often sensitive by nature, leading to unprecedented privacy
concerns. Prior work has investigated possible privacy challenges
and risks arising in the ML process [66, 68, 74], showing that both
ML models and training data can be the targets of privacy attacks
and leak sensitive information. For instance, Fredrikson et al. [28]
demonstrated that even if ML service providers (e.g., Google) pro-
vide prediction capabilities as query-only services, the attacker
is able to reconstruct the confidential ML models via querying
such services in a black-box manner. Besides the privacy issues
in common with general ML (e.g., the requirement for massive
amounts of training data), AutoML also incurs unique privacy risks
and challenges. For instance, Pang et al. [57] showed that AutoML-
generated models tend to more easily leak sensitive information
about training data. Additionally, the practice of AutoML brings in
new stakeholders (e.g., AutoML service providers), entailing privacy
risks unaccounted for in the literature.

Our study found that most participants concern about privacy
while their coping strategies range from non-use of AutoML plat-
forms to privacy-preserving techniques. They indicated that they
use AutoML with privacy in mind but do not see it as a reason to
avoid using AutoML as they feel that AutoML’s perceived benefits
(e.g., dependable and fast services) outweigh its potential privacy
risks. Laufer et al. [46] referred to this behavior as privacy calculus,
a cognitive process in which people estimate future outcomes of
current decisions by calculating the costs and advantages of sacri-
ficing some privacy for better outcomes. Previous HCI research has
focused on technological or behavioral mechanisms as privacy cop-
ing techniques, which are defined as active problem solving based
on deliberate cognitive assessments [46]. These coping strategies in-
clude evaluating privacy policies [41], adopting privacy-enhancing
tools [89], and information withholding [29].

5.3 Supporting Collaborative Work behind
AutoML

Previous work has shown that substantial human work is necessary
to apply AutoML in enterprise contexts [19]. Humans are “valuable
contributors, mentors, and supervisors to AutoML” by providing
guidance throughout the data science workflow [87]. Our study
found that the need for human support goes beyond this scope,

necessitating collaborations among ML experts, data scientists, and
domain experts for the successful adoption of AutoML.

Existing AutoML platforms are often designed for generic ML
problems and lack capabilities to integrate domain knowledge. To
bridge this gap, data scientists could play the role of helping trans-
late domain knowledge into AutoML’s process. Existing research
has shown that data scientists increasingly work with domain ex-
perts to solve complex scientific problems [50]. Our study also
corroborated this finding, as stated by participants (P13), that the
“bridging role” of data scientists is critical for helping translate
domain knowledge into AutoML.

In addition, our findings surfaced how teams within organiza-
tions collaborate. For example, to remedy AutoML’s privacy issues,
it often requires the company’s legal team to assess the privacy
compliance of AutoML services; also, technical teams need to de-
velop intuitive visualization to explain the ML solutions generated
by AutoML to other stakeholders. In theory, a human-in-the-loop
paradigm for augmenting the data science workflow can be useful
for understanding the types of engagement between humans and
machines to ameliorate certain trust concerns. However, we found
that human-in-the-loop is limiting since an AutoML correction
and refinement loop not only exists within a wider scope of data
science processes but also within organizational processes. While
the nomenclature of human-in-the-loop is not exclusive to single
individuals interacting with AutoML, we argue that the notion
of “humans-in-the-loops” more accurately captures how AutoML
technologies are used within enterprise settings [19].

5.4 Design Implications
First, our study highlighted the heterogeneous nature of real-world
data science. Participants reflected that current AutoML platforms
are not customizable for certain domains (P7) or have not addressed
language localization (P6). One practical implication is to design
domain-specific AutoML platforms (e.g., healthcare [82] and fi-
nance [1]). Another way to improve compatibility with specific
contexts is to enable users to select relevant tasks or contexts [42].
Techniques, such as active learning, that help AutoML capture user
preferences may be promising. Also, techniques such as backward
compatible learning [38, 63] may help ensure the backward com-
patibility of AutoML-generated solutions. As participants indicated,
domain knowledge is also vital for resolving the customizability
issue; thus, it is crucial to develop features that incorporate domain
knowledge to support context-specific applications. For example, it
may allow users to specify domain knowledge as first-order rela-
tions or introduce connections into neural network models based
on the logical constraints enforced by such domain relations [48];
it may also allow users to refer to domain-specific sources (e.g.,
knowledge graphs) to perform data augmentation before feeding
the data to AutoML [51].

Meanwhile, our research discovered that the present transparency
tools do not yet fulfill the needs of AutoML users. Although some
participants are satisfied with the transparency of AutoML’s out-
comes, others address more concerns about understanding and
monitoring AutoML’s process. The design of future transparency
tools could consider adding different features to provide both static
(i.e., results) and dynamic (i.e., process) transparency. In addition, as
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some participants reported, there is an increasing need to communi-
cate AutoML results to other stakeholders, such as clients without
relevant ML backgrounds, transparency designs could include not
only unpacking algorithmic black-boxes, but also addressing how to
communicate data and models among teams, products, and services.

Lastly, our research also highlighted the necessity of resolving
privacy concerns when implementing AutoML in real-world con-
texts, which echoed the call for addressing privacy by design [86].
Specifically, our study found that participants with more extensive
ML expertise tend to show a higher level of privacy awareness.
On the other hand, participants with less expertise and those from
enterprises with fewer resources rely on the legal compliance of
AutoML platforms. Thus, designers of AutoML platforms could
consider more proactive approaches, such as incorporating privacy
notices [26] and nudges [14] to make users aware of privacy risks
and engage in privacy-enhancing practices.

6 LIMITATIONS AND FUTURE WORK
The study has a few limitations that could inform future research.
We discovered that our participants come from a wide variety of
backgrounds and have varying understandings of AutoML. Despite
the fact that our findings shed fresh light on how users actively
adopt AutoML in real-world contexts, our participants are not suf-
ficiently representative to permit comparisons. For example, we
recruited our participants mainly through words of mouth, mailing
lists within enterprises, and social media, with diversity potentially
limited by the nature of such channels. Future research could ex-
amine the difference between AutoML users with more varying
ML expertise levels or from more diverse domains to further elu-
cidate how their competence and domain needs may impact their
perceived challenges and workarounds. Future studies could also
expand on the results of our study through quantitative research
methods that lead to more generalizable implications. Furthermore,
the voluntary participation in our study may result in self-selection
bias [61], with participants who consented to participate in our in-
terviews may be more active users compared to those who did not.
This opens the questions for future research on comparing active
users with non-active users of AutoML. In addition, although our
study discovered three main challenges that users develop strate-
gies to cope with (i.e., customizability, transparency, and privacy),
future work is needed to systematically investigate other emerging
concerns and challenges not covered in this study. For example,
how AutoML may magnify the fairness and bias concerns in ML
[53] and how users perceive and seek solutions for such difficulties
are potential topics that could be explored in future research. Lastly,
participants outside the United States revealed novel issues such
as lacking local language support from AutoML. Future research
could compare AutoML use cases across different countries and
examine other factors that may impact the adoption of AutoML
(e.g., languages and cultures).

7 CONCLUSION
In this research, we demonstrated how privacy concerns, lack of
transparency, and lack of customizability in AutoML affect and
complicate real-world data science activities. The study revealed
a range of tactics used by AutoML users to control, resolve, and

utilize various resources (such as internal AutoML resources, le-
gal teams, and manual checking) to overcome those obstacles in
imperfect but ultimately practical workarounds. Understanding
the situated and discretionary adoption and use of AutoML opens
up new possibilities for research and practices to promote more
effective human-automation collaboration in applied data science.
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