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ABSTRACT

We present a vision of how the practice of data science will evolve
over the next decade due to advancements in automated machine
learning (known as AutoML or AutoAI). Akin to how certain other
industries experienced a shift in, rather than an elimination of; jobs
when automation technologies were introduced, data science work
will experience a similar shift. Based on our experiences in building
and studying user interfaces for automated machine learning tools,
we propose seven new specializations of the future data scientist:
translators, label-wranglers, interpreters, referees, operators, hack-
ers, and auditors. These roles will offer new opportunities to data
scientists, their organizations, and people entering the field.

CCS CONCEPTS

« Social and professional topics — Automation; - Computing
methodologies — Machine learning; - Human-centered com-
puting — HCI theory, concepts and models.
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1 INTRODUCTION

New technologies in data science, known as AutoML [8] and AutoAI
[25], automatically perform work such as data cleaning, feature cre-
ation, model building, and pipeline evaluation. These technologies
threaten to deskill data scientists by eliminating the need to man-
ually perform these activities [26]. We ask: will these technologies
spell the end for the practice of data science as we know it?

When we examine how automation has historically affected jobs
in other industries, we find some stories that involve a paradoxical
combination of job-content improvement and overall job losses [16,
28], and other stories that are more about complementarity and job
growth rather than displacement [3]. We believe that AutoAl and
AutoML are in the latter category.

One popular example of automation is in the automotive industry.
In the 1970s, many factories began adopting robotic technologies
to automate dangerous manual tasks such as heavy lifting and
welding that were previously conducted by human workers [24].
Automating these tasks resulted in huge improvements to worker
safety [24] and shifted the kinds of tasks performed by human
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workers away from low-skill tasks toward higher-skill (and higher-
paid) tasks, including the maintenance of the robots themselves
and dealing with anomalies in their performance. While the robots
saved humans from injury by doing the more hazardous work, they
also displaced workers from those jobs.

By contrast, a second example occurs in the aviation industry,
in which automation and “fly-by-wire” technologies made similar
threats to the skills of pilots, who no longer needed to spend the ma-
jority of their time flying a plane under normal circumstances [10].
In this case, however, the work of pilots shifted toward intensely
training for emergency scenarios, and commercial flights today still
require human pilots in the cockpit. A similar effect occurred in
banking, in which the introduction of automated teller machines led
to a net increase in the number of jobs for human bank tellers [3].

For human work in data science [14], we anticipate similar shifts
away from low-level, mechanistic ways of feature engineering,
model building, and hyperparameter tuning (all of which are cur-
rently well-automated), toward higher-level reasoning about busi-
ness goals and performance requirements of the resulting models.

2 FUTURE DATA SCIENCE
SPECIALIZATIONS

We envision the future of data science work through a series of roles
that highlight the different areas in which future data scientists will
specialize. These roles are an outgrowth of our work examining
current data science practices [17, 29] and adoption and use of
automated machine learning technologies [6, 25-27]. We note that
these roles imply a broadened view of the skills that make up
data science practice, drawing from other disciplines such as XAl,
systems engineering, security, DevOps, and behavioral science.

2.1 Translators

Much of data science work involves translating between the lan-
guage of business and the language of data. Data scientists often
mediate between business leaders who desire to define a set of im-
portant metrics or KPIs, and the underlying data and models from
which those measures are computed. For example, a data scientist
may translate a business requirement to predict the demand for
a product in the next month into a predictive model trained on
historical sales data. We anticipate a continued, if not increased
need, for data scientists to act in this mediating role. Improvements
in automation may provide efficiency gains in conducting the ac-
tual work of translation, but data scientists will always need to be
involved in turning qualitative business desires and goals into a
quantitative set of data to be collected and metrics to be computed.

2.2 Label Wranglers

Discriminative models require a set of features by which to classify
an instance, and ground-truth labels for those instances. In many
cases, domain experts or SMEs are required to provide input on
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what those features should be, and labels for a set of instances
in order to train a model. Several techniques exist that ease the
burden on these labeling and feature engineering tasks. Zhao et
al. [30] describe a technique for propagating labels from a small
subset of instances to other instances in the larger data set. Khu-
rana et al. [13] developed a way to automatically collect domain
knowledge from web searches as part of feature engineering. Active
learning [21] selects instances to label that lie along the current
decision boundary, forcing the classifier to converge faster. Despite
these improvements in the efficiency of the labeling process, human
effort and oversight will still be required in reviewing automatically
engineered features for their relevance to the business problem,
and in providing ground-truth labels to bootstrap supervised (or
semi-supervised) discriminative algorithms.

2.3 Interpreters

The long-term goal of Explainable AI (XAI) is to provide fluent
and understandable explanations of how Al algorithms make de-
cisions. Many algorithms exist for producing explanations for dif-
ferent kinds of AI models [2], and we expect these off-the-shelf
approaches to be useful for low-stakes scenarios, such as prod-
uct recommenders. However, for higher-stakes applications!, soci-
eties will require explanations not only for how Al models operate
and make decisions, but also for how they were created and evalu-
ated [1, 12, 22]. Thus, the model interpreter will need to apply data
science forensic skills to help creators, users, and other stakeholders
answer important questions about their production and operation:

o How the model was produced: what data was used to train the
model, how was that data de-biased?

e How the model was evaluated: how accurate is the model on test
data, how accurate is the model expected to be in a production
environment, does the model produce fair outcomes?

e How the model operates: how does the model make decisions
in general (e.g. global explanations), how did the model make a
decision in a particular instance (e.g. local explanations), what
are the performance characteristics of the model?

o Why the model is trustworthy: what governance processes were
used to protect the integrity of the model during its development,
how robust is the model to adversarial attack?

Techniques from XAI [2] and adversarial robustness testing [20]
will be helpful in answering some of these questions, but more
work needs to be done to capture and document the development
of an Al model throughout its lifecycle [1, 12] in order for a model
interpreter to address questions of trustworthiness.

2.4 Referees

Recently, many researchers, policy makers, and social justice ad-
vocates have focused their attention on the issue of fairness in
Al systems. Many metrics and techniques have been developed
to quantify and evaluate biases present in data sets, models, and
outcomes, and to mitigate those biases [4]. Frustratingly, there are
currently 21 different mathematical formulations of fairness [19, 23],
some of which are wholly incompatible with each other. How is
a data scientist to know how to use these mitigation techniques

!Examples of higher-stakes applications that incorporate Al models include prison
sentence recommendation [11], credit decisions [18], and hiring [5].
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and metrics to evaluate their system in a way that translates to
higher-level business goals or ethical principles?

We envision a role of a referee who helps intermediate between
culturally-situated social definitions of fairness (e.g., [7]) and differ-
ent computational formulations of fairness. This role would involve
negotiating and operationalizing fairness criteria across the com-
plex set of social aspirations and legal requirements for fairness
that exist across society, as well as ensure that the resultant Al
system conforms to those requirements.

2.5 Operators

Once a machine learning model has been trained and tested, it
will be up to an operator to consider many issues when deploying
that model in a production environment: what kinds of guardrails
should be established to ensure the model continues to perform
accurately while preserving desired levels of fairness, and who is
responsible to act if the guardrails should fail? When a model’s
performance drifts, how should new training data be acquired to
improve the model’s performance? How can adversarial attacks
against an Al service be detected and mitigated? Although we antic-
ipate the actual monitoring of a model’s real-time performance to
be automated, business decisions will ultimately determine how to
bound a model’s performance drift and weigh the cost of acquiring
additional training data against expected business value.

2.6 Hackers

As Al systems perform increasingly important work for society, they
will become attractive sites for hacking. In software engineering,
the defensive practice of ethical hacking has become so important
that one can earn certification in that field [9]. We anticipate a
similar role in which certified, ethical AI hackers use a multitude
of techniques to identify weaknesses in an Al model. For example,
work by Li et al. [15] discusses a blackbox method for fooling an
image classifier with a 100% success rate. Tools that help ethical
AT hackers ensure the adversarial robustness of their models are
beginning to emerge [20], and we believe this role will be critically
important for the future of data science.

2.7 Auditors

To establish trust in Al systems, we envision a need for independent
auditors who would use their technical and reputational authority
to certify and strengthen crucial properties of an Al system, such as
performance, fairness, robustness, and ethical application. The audi-
tor would examine all aspects of a system’s development, validating
not just the actual Al system, but also the people who designed and
built the system. The auditor is a meta-role that would draw upon
the skills of all the roles previously discussed in order to certify the
trustworthiness of an Al system and provide a “seal of approval”

3 CONCLUSION

Based on our experience in building and studying automated ma-
chine learning technologies, we view these technologies as evolving
enablers [3]: they will enable data scientists to focus on higher-value
work by automating low-level tasks; they will enable organizations
to expand the range of data science jobs; and they will enable as-
piring data scientists to join the field by lowering barriers of entry.
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