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ABSTRACT
Data science (DS) often refers to the data-driven decision mak-
ing process, which consists a set of highly interdisciplinary labor-
intensive tasks. Lately, researchers have built various automated
machine learning (AutoML) systems to automated various DS tasks
and have yield some promising results. In this paper, we introduce
IBM AutoAI, a human-in-the-loop automated machine learning sys-
tem that can support data scientists with various DS tasks. Further,
we conduct a between-subject user study to evaluate the system’s
usability with a focus on the modeling building task. Professional
data scientists (N = 30, Years of Practice = 3.5) were randomly
assigned into one of the two conditions: in the Notebook condi-
tion, participants were asked to build a model in Jupyter Notebook,
which replicated their existing work practice; in the AutoAI condi-
tion, the participants were firstly introduced to AutoAI, and then
were asked to build a model using AutoAI. Each participant was
given the same dataset and the same amount of time (30 mins). Our
preliminary result showed that participants in the AutoAI condition
built models three times faster, and the model had a higher accuracy
score, when compared to the Notebook condition. We discussed the
implications for human-in-the-loop automated data science system
design and future research directions.

CCS CONCEPTS
• Human-centered computing → User studies; Empirical studies
in HCI ; • Computing methodologies→ Artificial intelligence.
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1 INTRODUCTION AND BACKGROUND
Data Science (DS) refers to the practice of applying statistical and
machine learning approaches to analyze data and generate insights
for decisionmaking or knowledge discovering [6, 30, 32]. It involves
a wide range of tasks from understanding the problem to coding
and training a machine learning model [32, 42]. Thus, a DS project
often requires an interdisciplinary DS team (e.g., domain experts
and data scientists) [28]. Previous literature suggest that as much
as 80% of DS team’s time [39] spent on low-level activities such
as tweaking data [18] or trying and selecting various candidate
algorithms [45]; thus, they do not have enough time for the ac-
tual knowledge discovery activities. To cope with this challenge,
researchers have started exploring the use of machine learning
algorithm (i.e. bayesian optimization) to automated the low-level
activities, such as automatically training and selecting a best algo-
rithm from all the candidates [25, 27, 29, 45], this group of work is
called Automated Data Science (or AutoDS in short) 1.

Many research communities, universities, and companies have
recently made significant investments in AutoDS research, under
the promise that the world has so much data and there is an un-
precedented demand for data scientists [17]. For example, Google
released AutoML in 2018 [13]. Startups like H2O [16] and Data
Robot [5] both have their branded products. There are also Auto-
sklearn [10] and TPOT [8, 33] from the open source communities.

However, little is known on how data scientists would actually
use an AutoDS system. To fill this gap, we designed a prototype
AutoDS system, IBM AutoAI2, and conducted this between-subject
user studyWe recruited 30 professional data scientists and assigned

1Some researchers also refer to Automated Artificial Intelligence (AutoAI). In this paper,
we use AutoDS to refer the collection of all these technologies, AutoML, AutoDS,
AutoDS.
2When this study was conducted in 2019, IBM AutoAI was a prototype system [41].
Now, it is available at https://www.ibm.com/cloud/watson-studio/autoai.
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them into one of the two conditions: half of them were asked to
build models using AutoAI, and the other half were asked to buld
models using Python in a Jupyter Notebook environment [20]. We
acknowledge there are many tasks in a data scientist’s workflow
(e.g., data preparation, model building, model deployment, etc. [32,
42]), we focus only on themodel building task. Then, we collected
various measurements to quantify the participant’s performance
and the final outcome, such as how long each participant spent in
building the model v.s. evaluating the model, whether they made
human-error, and the final model’s accuracy.

We found that the participants with AutoAI’s support generated
more models (8 models v.s. 3.13 models), faster (5 minutes v.s. 15
minutes), and with less human errors (0 out of 15 v.s 7 out of 15
made mistakes). To the best of our knowledge, this is the first work
that reports a systematic investigation of users’ behaviors in using
an AutoDS system in a controlled experiment setting. Our result
can shed lights on future designs of AutoDS systems.

2 RELATEDWORK
2.1 Human-Centered Machine Learning
Many researchers have studied how data scientists work with data
and models. For example, it was suggested that 80 percent of the
time of a data science project is spent in data preparation [15, 32,
44, 45]. As a result, data scientists often do not have enough time
to complete a comprehensive data analysis [40]. Passi and Jackson
suggested that when data scientists preprocess their data, it is often
a rule-based, not rule-bound, process [34]. Pine and Liboiron further
investigated how data scientists made those rules [37].

A popular topic in this domain is the user experience of inter-
active machine learning. Interactive machine learning research
aims to design better user experiences for human users to provide
more information to the machine learning tool [1]. These are often
labellers of a data sample or domain experts who hve better domain
knowledge that the machine learning model does not easily reflect.

Based on these empirical findings, many tools were built to sup-
port data scientists’ work practices [24, 38? ]. For example, Jupyter
Notebook [20] and its variations such as Google Colab [14] and
Jupyter-Lab [21] are widely adopted by the data science community.
These systems provide an easy code-and-test environment with a
graphical user interface so that data scientists can quickly iterate
their model crafting and testing process [26, 32]. Another group of
tools includes the Data Voyager [19] and TensorBoard [4] systems
that provide visual analytic support to data scientists to explore
their data, but they often stop in the data preparation stage and
thus do not provide automated support for model building tasks.

Today’s AutoDS systems focus mostly on the model building and
data analysis tasks, with only a few exceptions that cover the data
preparation tasks. In the context of AutoDS in this paper, we focus
only on the model building task, and study how data scientists can
collaborate with AutoDS to build models.

2.2 Human-in-the-Loop AutoDS
AutoDS refers to a group of technologies that can automate the man-
ual processes of data pre-processing, feature engineering, model
selection, etc. [45]. Several technologies have been developed with
different specializations. For example, Google has developed a set

of AutoDS products under the umbrella of Cloud AutoML, such
that even non-technical users can build models for visual, text, and
tabular data [13]. H2O is java-based software for data modelling
that provides a python module, which data scientists can import
into their code file to use the automation capability [16].

Despite the extensive work in building AutoDS systems and
algorithms, only a few recent efforts have focused on the interac-
tion between humans and AutoDS. Gil and collaborators proposed
a guideline for designing AutoDS systems [12]. However, they
envisioned new design features for AutoDS based on their under-
standing of how data scientists manually build models, and their
understandings were from surveying the previous literature and
their personal experience. In our study, we conducted an experi-
ment to systematically examine how data scientists actually used
AutoDS in a lab setting.

Wang et al. presented a multi-granularity visualization system,
ATMSeer, that enables users to browse AutoDS processes at the
algorithm, hyperpartition, and hyperparameter levels [45]. Their
results indicated that users with a higher level of expertise in ma-
chine learning were more willing to interact with ATMSeer [43].
But their work only focused on the visualization aspect and re-
vealed information on existing AutoDS pipelines, and they did not
measure the data scientists’ behaviors. Thus, the feedback from
these users were limited to the AutoDS visualization user interface,
not to the automated model building functionality.

Another recent work studied data scientists’ perceptions and
attitudes towards AutoDS systems through an interview with 30
data scientists [42]. The interviewees, who have never interacted
with AutoDS before, believed that AutoDS could potentially change
their work practice. They also believed automation in data science
work was the future, but they certainly hoped that such automation
can support their jobs instead of sabotaging them. We follow this
line of research. We aim to provide an account for the actual user
behaviors when a data scientist uses an AutoDS system to build a
model.

3 METHOD
3.1 Experimental Procedure
We designed and conducted a between-subject lab experiment to
understand how the introduction of AutoAI can change the work
practices of data scientists, following a lab experiment study set
up [11]. The prototype AutoAI system (shown in Figure 1 (a)) is a
web-based system that allows user to upload any tabular datasets
and it can then automatically detect the problem typs (e.g., classifi-
cation or regression), clean the data, train and select models, and
present a list of model results in a leaderboard and tree-chart visu-
alization. The user can download a model result as a model pickle
file or as a Jupyter Notebook for further evaluation or deployment.

Participants were asked to try their best to build a machine
learning model for the given UCI Heart Disease dataset [3], either
by writing Python code in a Jupyter Notebook (Notebook Con-
dition) [36] or by using the AutoAI prototype system (AutoDS
Condition), shown in Figure 1.

To simplify the study setting and also to be focused only on the
model building task, we selected the UCI Heart Disease dataset
as it contains only 303 patients’ basic medical record information
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(a) Screenshot of results from our experimental AutoDS system.
This figure shows how four pipelines are constructed (top visual-
ization), as well as a leaderboard that ranks models according to
a selected metric (bottom list). Both models shown use logistic re-
gression, but model pipeline 2 (P2) includes a hyperparmaeter op-
timization step, differentiating it from model P1. Models P3 and
P4 are in process. The “Open notebook” button automatically gen-
erates and presents the Python code for a selected pipeline.

(b) Screenshot from the Jupyter Notebook used in the study. The
Notebook contained skeleton code to load relevant data science
libraries (numpy, pandas, skikit-learn), as well as the data set.
Instructional sections in the Notebook were provided to remind
participants to perform the following tasks: data preprocessing
(optional), feature engineering (optional), model training (with 5
different algorithms recommended), and model comparison (op-
tional).

Figure 1: (a) Experimental AutoDS user interface. (b) Jupyter Notebook user interface.

(13 features with both continuous and categorical values) that can
be used to predict whether the patients have heart disease (target
feature with 0 represents no disease). It was widely used benchmark
dataset in research papers as well as in machine learning compe-
titions (e.g., Kaggle [22]). No further data cleaning or preparation
was needed. In both conditions, the dataset (and required libraries
in Notebook) was pre-loaded so participants did not need to find
the data.

Participants were given up to 30minutes to build their best model
in one of the two conditions. During this time, participants were
free to try out more than one model. By the end of the experiment,
participants were asked to submit the best model’s name and ROC
AUC score3. Theywere allowed to submit early if theywere satisfied
with the model. All experiment sessions were conducted remotely
using a video conferencing system, and participants used their own
laptops during the experiment. We asked the participants to share
their screens, and with their consent, we recorded each session for
further analysis.

3.2 AutoDS Condition
Participants in the AutoDS Condition used an AutoAI prototype
system, shown in Figure 1. AutoAI can automate the following
portions of the data science process: reading data; detecting the
type of prediction needed (e.g. binary classification, multi-class
classification, or regression); splitting the data into separate training,
testing, and validation subsets; training all candidate models and
selecting the top ones; engineering new features; and optimizing
hyperparameters.

As a default setting, AutoAI can generate a list of the 4 model
pipelines. A model pipeline corresponds to all of the steps taken

3one of the widely-used model performance metrics [35]. For simplicity, we refer to
this metric as “accuracy” in the rest of paper.

in generating the model, from reading data to optimizing hyperpa-
rameters. Not all pipelines had the hyperparameter optimization
step or feature engineering step, leading to the variety of generated
models and their accuracy scores. Participants could modify AutoAI
setting and get up to 8 model pipelines.

Participants could inspect the generated model results with a
visualization and a leaderboard showing information such as the
confusion matrix, a feature importance chart, and tables with var-
ious evaluation metrics (e.g. ROC AUC, precision, F1, etc.) and
descriptions of feature transformations. In addition, the AutoDS
systems can automatically generate Python codes in the Jupyter
Notebook format for user to download. Thus, participants were
also able to view, execute, or edit the generated code and further
improve the model generated by AutoAI.

3.3 Notebook Condition
Participants in the Notebook Condition were provided with an
online Jupyter Notebook environment to replicate their current
work environment. To simplify the task and to provide a fair com-
parison, we designed the task to help participants focus only on
the model building part of coding. Thus, we provided notebooks
with pre-scripted code sections and a skeleton of instructions. The
notebooks were preloaded with data, and necessary libraries. And
we provided instructions in the markdown cells in different sections.
For example, we listed “(Optional) Feature Engineering section”,
“(Required) Modeling Training and Selection section”, and blank
code cells for users to fill in their code. In the model training and
selection section, we suggest five commonly used algorithms for
this particular task: Logistic Classifier, KNN, SVM, Decision Tree,
and Random Forest [35]. Note that from our pilot runs, a data sci-
entist only needed to write no more than 10 lines of code to get
the expected result: split train and test data subsets, define a model
variable, and run a cross-validation function to train the model
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and report the accuracy score. Out of the 5 algorithms, Random
Forest gives the best performance with accuracy score at "0.925"
on a 3-fold cross-validation set up.

3.4 Measures
We are interested in how data scientists users may perform differ-
ently in the two conditions. Thus, we manually analyzed the video
recording data to extract measures such as how many models each
participant generated, what the final algorithm they selected, and
what its accuracy was. We also captured time-related measures
such as how long they spent on the model building task.

We performed three pilot study sessions, all our pilot partici-
pants were able to accomplish the task in less than 30 minute. We
considered a participant completed the task if they got at least one
model. However, some of their solutions contained human-errors.
For example, in the Notebook condition, some participants forgot to
split the data, and thus reported a very high but incorrect accuracy
score on the training dataset. We created one additional marker to
track whether a participant made mistake or not.

3.5 Participants
We recruited 30 professional data scientists in IBM and randomly
assigned them to one of the two conditions (AutoDS v.s. Notebook).
These participants come from different locations from the U.S.,
Africa, and Australia. Seven participants out of 30 were female
(23%), which was similar to the 16.8% ratio reported in the Kaggle
2018 survey of data science [23].

Our recruitment criteria was that the participants were profes-
sional data scientists and they practiced data science or machine
learning works in their day-to-day work. Participants reported
practicing data science for an average of 3.5 years (SD = 2.7). Six
participants (20%) rated themselves as beginners, 17 (57%) as inter-
mediates, and 7 (23%) as experts in data science. Participants had a
moderate amount of experience (M (SD) = 3.2 (.97) out of 5) with
SK-learn, the Python library we used for our study.

4 RESULTS
All 15 participants (100%) in AutoDS condition and eight partici-
pants (53%) in the Notebook condition finished the model building
task without any human error. We refereed to these participants as
the “successful” participants. In contrast, seven participants (47%)
from Notebook condition made one or more mistakes in the process.
Common human-errors included the participant forgot to split the
dataset into training and testing subsets, or they reported a different
accuracy metric other than the required ROC AUC score

The experiment time was limited up to 30 minutes for both the
conditions, but participants could finish the task early if they were
confident in the model they generated. Out of all 30 participants,
the fastest participant to reach a state of completion was P23 (Note-
book), who finished the task early in 17.9 minutes with an accuracy
score of 0.923. This was an extraordinarily good performance of
human data scientists in the Notebook condition, because on aver-
age participants spent 15 minutes (SD = 6.8 minutes) in generating
1 model. For comparison, AutoDS generated 4 model pipelines in
about 5 minutes. This is a 300% productivity increase.

As for the model chosen as the final model, 18 participants chose
Random Forest (also the best one we achieved prior to the study),
9 chose Logistic Regression, 2 used SVM and 1 chose ExtraTree.
The AutoDS condition outcome was dominated by Random Forest
(13 out of 15), while 2 participants chose Logistic regression. In the
Notebook condition, participants’ choices were more diverse.

4.1 How Data Scientists Worked with AutoAI
In this subsection, we report how participants built models using
AutoAI.

Participants needed to explore the data and understand the prob-
lem, they did so in the AutoDS configuration step, e.g., viewing the
data distributions and setting prediction type to binary classifica-
tion (M (SD) = 2.3 (.96) min).

Feature engineering, model training, and model selection steps
were fully automated by AutoDS; we tracked time as participants
waiting for AutoDS to complete runs (M (SD) = 2.1 (.59) min).4

“It’s fast and it gives you visualisations to compare the
models, this saves me a lot of time” (P8, M, AutoAI)

Because it was fast for data scientists in AutoDS condition to
generate models (in total less than 5 minutes), participants had
more time to further examine or improve the model pipeline results
produced by AutoDS. They spent most of their time in examining
the leaderboard and visualization as shown in Figure 1 (M (SD) =
9.7 (3.4) min). Then, they also went into particular model’s detailed
information page for further information (M (SD) = 3.9 (2.2) min),
and some of them downloaded the generated notebook and changed
the code in it to further improve the model (7 out 15 participants,
spent an average of 2.3 (SD = .70) minutes).

The path of selecting the best model in AutoDS condition seemed
straightforward: a participant ran AutoDS and selected the model
with the “highest performance AUC ROC score”. But some partici-
pants did not select the top performance model as their final choice.
Of the 8 possible models that could be produced with AutoDS, 8
participants chose the highest-scoring one (model pipeline 7 “P7”)
with a Random Forest algorithm, and 7 chose a different model with
a lower ROC AUC score than P7. It appeared that even though P7
with the highest ROC AUC score was available to the participant, in
some cases they had already invested time and effort in inspecting
and tweaking parameters within an earlier generated pipeline, in
the end selecting a pipeline with a lower ROC AUC score than P7.
The mean ROC AUC score for the final selected model was 0.919
(SD = .01).

4.2 How Data Scientists Worked with
Notebooks

We collected the same measurements from the Notebook condition
as a baseline to compare with AutoDS condition. But because the
work practices are fundamentally different, for somemeasurements,
we could only collect proxy indicators. we found that participants
spent 15 minutes (SD = 6.8 minutes) in building the first model.
Note that this measure also included the time participants spent on
pre-processing and splitting data (9.4 minutes, SD = 5.5minutes),
4In our study, the dataset was simple, so it took AutoDS only a few minutes to get the
first model generated; with a more complicated dataset (e.g., hundreds of MB data file),
this training step could take hours.
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so the actual model building task did not take that long. A couple
participants (N = 2) were marked “un-successfull” as they did not
perform the necessary data splitting step.

In investigating the dataset, seven participants (47%) performed
some form of exploratory data analysis, either by generating a
description of the tables, or by producing graphs and charts. From
the post-study interview, almost all participants mentioned that if
they had had more time, they would have loved to conduct more
data exploration or maybe to learn more domain knowledge about
the heart disease field, and consulted with domain experts.

“... I need to talk with domain experts or doctors to
understand the data and feature ... whethermy current
model makes sense ...” (P29, M, Notebook)

Only four participants (27%) performed some form of feature en-
gineering, by transforming, scaling, or combining existing features
to create new features. Some argued that they did not have time,
while a few others stated they did not need to do so for this simple
dataset.

About the quantity of the outcome, Notebook participants tried
on average 3.13 (SD = 1.69) models. Three participants focused all
of their attention on just one model, and four participants tried
all five suggested models. Despite finishing the task minutes early,
participants who finished only one model argued they did not have
enough time to try more models, or so they believed.

In summary, the results from the Notebook condition echoed
what previous literature reported as a data science workflow. This
result suggested our Notebook condition study design replicated
data scientists’ current day-to-day work practice. And by tracking
various behavioral and perceptional measures, we had a solid base-
line metrics to compare with the measures we collected from the
AutoDS condition.

4.3 Manually-Crafted Models v.s.
AutoDS-Generated Models

We will use this sub-section to report the differences between the
model building practices in the two conditions.

4.3.1 AutoDS can build more models, use less time, and have fewer
human-errors. AutoDS easily generated 8 models with various algo-
rithm and hyperparameter combinations, whereas participants in
Notebook condition generated 3.13 (SD = 1.69) models. To provide
a fair comparison, participants in AutoDS examined in detail 3.8
(SD = 1.2) models out of the 8 models, which served as a candidate
set for participants to select the final model. That count was still
higher than those in Notebook condition, though the 𝑡-test shows
the difference is not signification 𝑡 (28) = 1.25, 𝑝 = .223.

About the accuracy of the final selected model, 7 participants
in the Notebook condition reported either an accuracy score other
than the ROC AUC metric, or reported the score from the same
training data set; as a result, their scores were not considered as
valid model scores. We conducted an analysis of variance (ANOVA)
to compare the ROC AUC scores between participants with AutoDS
and only the successful Notebook participants. When reporting
ANOVA results, we included effect size as partial 𝜂2, which is the
proportion of variance accounted for by each factor in the model,
controlling for all other factors. To interpret effect sizes, Miles &

Shevlin [31] gives an guidance that partial 𝜂2 ≥ .14 is a large
effect, ≥ .06 is a medium-sized effect, and ≥ .01 is a small effect.
Participants in AutoDS conndition generated and selected the final
model with higher ROC AUC scores (M (SD) = .919 (.01)) than
participants with Notebooks (M (SD) = .899 (.02)), 𝐹 [1, 21] = 7.61,
𝑝 = .01, partial 𝜂2 = .27.

As aforementioned, participants spent much more time in build-
ing models in Notebook condition than in AutoDS condition. Even
if we compared only the time participants spent on the first model
in Notebook (time to first model M (SD) = 15.0 (6.8) min) v.s. the
time they spent in generating 8 models in the AutoDS condition
(config + run time M (SD) = 4.3 (1.0) min), that difference is still
significant 𝑡 (14.7) = 6.0, 𝑝 < .001. One factor that contributes
to this time difference could be that participants in the Notebook
condition spent a significantly greater amount of time searching
for SK-learn library documentation on the web (M (SD) = 6.4 (2.6)
min) than participants in the AutoDS condition (M (SD) = 0.93 (1.4))
(B3), 𝑡 (21.3) = −7.2, 𝑝 < .001.

4.3.2 Data scientists trust more in manually-crafted models than
AutoDS-generated models. Other than the productivity of model
building and the performance score of the model result, we also
collected how much trust each participant has in their final selected
model at the end of the study. Overall ratings of confidence landed
in the middle of the scale (M (SD) = 2.9 (.97) out of 1 to 5, 5 is
strongly trusted), suggesting that participants were not satisfied
with the produced model and they could have produced even better
models if they had had more time.

Participants in AutoDS condition were significantly less confi-
dent (M (SD) = 2.4 (.98)) in their models than the participants had in
the Notebook condition (M (SD) = 3.3 (.72)), 𝑡 (25.7) = −2.9, 𝑝 < .01.
An important consideration here was that more confidence did not
equate to better models. This may suggest that while the partici-
pants in the AutoDS condition had more model results generated by
AutoDS very faster, their counterparts in the Notebook condition
were slowly invested in writing code line by line. This investment
of time and effort into a model could influence users’ perspectives
when it came to how confident they were.

5 DISCUSSION
Motivated by literature, we began the investigation on how data
scientists use an AutoDS system in model building task. Through
our analyses, we found that participants working with AutoDS can
create more models, faster, and with fewer human-errors, compar-
ing to working alone with a Jupyter Notebook coding environment.
With AutoDS’s help, data scientists can afford to spend more time
in understanding the results and inspecting the codes generated by
AutoDS, whereas in the baseline condition participants had to spent
lots of their efforts and time in searching for library documentations
and writing code from scratch. However, despite such productivity
gain from AutoDS, participants still trust their manually-crafted
models more than the AutoDS generated model. These results en-
lighten us about the future of data scientists work, and suggest
design improvement for the existing technology.
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5.1 Toward The Future of Human-in-the-Loop
AutoDS Research and System Design

We believe AutoDS technologies will become available to more
and more data scientists, affording them a chance to craft models
together with AI. We agree with the majority of our participants
that AutoDS will not replace data scientists’ job. Instead, it will
play an important assistant role to the human data scientists in the
data science workflow. Data scientists’ role will shift, as suggested
by our findings: they may spend less time in the tedious modeling
training and hyperparameter tuning tasks, but spend more time in
understanding the data, communicating with the domain experts,
and selecting the model to best fit the domain and context. In
addition, they will need to spend a big proportion of their time to
rationalize the AutoDS decisions and results, and translate those
decisions to present to other human stakeholders. The future in
which data scientists can work together with AutoDS is promising,
but there are works needed to be done to achieve that vision.

Our result showed that some participants worked over a wider
range of AutoDS results, some others focused on improving the
code of one particular model. It might be possible that the more
successful participants were the ones who tried a wider range of
approaches rather than focusing all of their attention on just one
model. This finding echoed wisdom in the artistic domain, where
the most creative works emerge when favoring quantity over qual-
ity [2]. And this was not isolated that the data science work appears
linked with a practice in the art design domain, as [32] argued that
“Data science workers work is a new type of crafting”, while in the
AutoDS context, users are crafting the AutoDS generated results as
a material.

Our results suggested that AutoDS prototype’s code generation
feature, where it can automatically translate a resulting model into
Python code, is very welcomed by the participants. They could
inspect the codes to see the decisions made by AutoDS. They can
rationalize some of those decisions, and they could even change the
code and see if that changes the result as expected. Furthermore, we
observed there are a couple participants who kept working on the
code generated by AutoDS to achieve a better model, that use case
again supports our claim that data scientists and AutoDS together
could deliver better results. Other than the possible use of the entire
code, data scientists could also easily migrate or replicate a seg-
ment of the generated code, maybe with a transformation function,
some hyperparameters, or other decisions made by AutoDS into
a different task and context. Thus, we highly recommend AutoDS
systems to provide such code-generation feature.

The fact that people loved the code-generation feature could
also attribute to the needs of a transparent and trusted AutoDS.
Participants wanted to understand not only what the decisions
are (code-generation satisfied that), but also why AutoDS made
such decisions. However, only the generated code for the result
model was not enough. We need to design AutoDS systems to
provide better explanation for why certain decisions were made.
For example, when showing users the top performed algorithm and
the optimized set of hyperparameter values, we could also reveal
the information about all the other candidates considered, and why
AutoDS eliminated those options. Another example is that for the
new features engineered by AutoDS, users should have a better

view of how those features are generated and chosen in the middle
of the feature engineering process, because users may have some
domain knowledge to prevent the nonsense transformations (e.g.,
absolute value of gender). We are glad to see that recently there
are some researchers moving toward this direction [7]. We should
also caution readers that we are not arguing to show a user all
the information AutoDS has. Full transparency causes information
overload and is no better than no transparency. This links back to
a classic social computing theory: “social translucent” [9], where
researchers argue to show the information at the right moment and
at the right level of details, and we should learn from our past.

This collaborative step that emerged over practice, between data
scientist and the AutoDS, appears to us as a demythification of the
AutoDS replacing the job of the data scientist, and instead, offers a
perspective on how the relationship between this parties towards
a collaborative partnership is maturing. We argue a Human-AI
Collaboration future, where human data scientists can work on
the understanding of domain knowledge and context tasks, while
AutoDS systems work on the computation tasks. Then human data
scientists can work on result interpretation tasks, while AutoDS
can work on deployment tasks. They hand over information to each
other and share responsibility. Together, AutoDS plays a partner
role in the future of human-in-the-loop data science practice.

5.2 Limitations
We acknowledge our works limitations as follows: this is a lab
experiment study, thus it has the common limitations as any other
lab experiments [11]. For instance, the task and data set is simple
and specific to model building task, thus participants may have
different behaviors and perceptions toward AutoDS in other tasks
or dataset. But we argue that we used the same task and data set
for the AutoDS and Notebook conditions, thus the comparison
result between these two stands. Another limitation is that all
the participants are professional data scientists coming from a
technology company, there may be some selection bias in their
background. Another limitation is that the results collected from
this lab experiment could be different from the ones in a real-world
deployment. We hope to further explore these in future research.

6 CONCLUSION
Our work reveals collaborative details pertaining the indispensable
role that humans and AutoDS play to create better models together,
through a between-subject experiment with 30 professional data sci-
entists building models with Notebook or with AutoDS. Grounded
by the results, we propose design implications and also extend the
discussion of Human-AI Collaboration to contexts beyond data
science.
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