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ABSTRACT
Data is everywhere and in everything we do and in many cases in massive amounts. While on its own
data has little value its analysis under the lenses of data science currently supports valuable functions
and systems. The problem is that the amount of data generated and the fast-growing need to analyze
it is not compatible with the number of workers with the necessary skills. A possible way to mitigate
this issue is to propose methodologies and tools that more people, with less programming skills can
still use. In this paper we propose our vision to create such methodologies and tools.

1. INTRODUCTION
Data by itself, even if massive, has little value [11, 23, 30]. Indeed, it is the extracted information
from data that has the potential to keep changing and improving our lives. However, the extracting
process is quite complex and requires several tasks1 [8], such tasks make up what is called data1Such tasks include cleaning, transforming, un-

derstanding, analyzing and interpreting data science [5]. These steps are challenging as they require a variety of skills including mathematics,
statistics, machine learning, algorithms, correlation or causation [6], with experts with all such skills
being hard to come by. In fact, data science related job openings stay unfilled about 10% more time
than the market average [12]. Studies have shown that by 2020 the number of positions for data
scientists in the USA will be of 2.7 million [12], while also advocating that academia must ensure for
data literacy for all in any field of education. In fact, many countries have defined national strategies
regarding data science [5]. As widely suggested by companies and governments [5, 9, 12] academia
should prepare courses and degrees to capacitate the next generation of data scientists with data
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science skills. Additionally, researchers and industry should create methodologies and tools for non-
programmers or end users to be capable of performing such activities. In this paper we pursue the
latter proposal discussing and proposing ways to achieve – data science for all (DS4All).

2. WHO ARE THE DATA SCIENTISTS?
A Data Scientist’s job is relatively recent, being recognized as such for little over a decade (although
many have performed tasks similar to what data scientists nowadays do) [5]. Many working on the
topic have a CS background as they have the skills and know the tools (e.g. PLs) to manipulate data.
Indeed, in many job offers, employers ask for skills such as SQL, Java, or Unix [12] which are tools
common to be known among workers with CS background. However, given the rapid growth of data
science job openings [12], many hire workers with different backgrounds [21]. For instance, physicists
and other highly quantitative disciplines are being hired for financial quantitative analysts [12].
Given this eclectic scenario we argue that the research community needs a better understanding

of the people doing data science. CHI 2019 held a workshop raising this concern [19], with other
researchers studying the field in detail [20, 27, 29].We have also recently presented results of interviews
with data science professions in order to further understand their skills, methodologies, difficulties
and needs [21]. Such studies are fundamental to understand who are today’s data scientists.

3. MINDING THE GAP BETWEEN HUMANS AND TOOLS
Beyond understanding data scientist it is also necessary to know the gap between them (skills and
needs) and the existing tools (capabilities and abstraction).

For a CS background worker, the best tool s/he uses may be a PL like Python. Nevertheless, it may be
possible to create abstractions to help improve her/is productivity. In fact, many Python programmers
use Pandas [18] for data science related tasks, as this library has abstractions to help programmers
become more productive. For non-CS workers the gap and need for stronger abstractions may be
wider. The industry has proposed tools such as RapidMiner [22] or KNIME [1] allowing users to define
data science tasks using control flow visual languages. Tableau [25] goes even further by allowing
users to manipulate data through drag-and-drop actions and other intuitive graphical interactions.
However, there is little scientific knowledge about the effectiveness of these approaches.

We thus propose to study the gap between data science workers and their currently used tools. It is
necessary to create users’ profiles characterized by skills and tool knowledge. Depending on their
purpose different solutions may arise. General purpose tools, i.e. PLs, require very different skills and
abstraction power when compared to tools that are closer to direct manipulation of the data, such
as Tableau. We thus need to understand the users skills’ and needs, as well as the tools and their
requirements, and map these two sets to be able to propose impactful solutions.
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4. TOWARDS HUMANIZED DATA SCIENCE
Data scientists must master several tools which can be challenging. This is even more of an issue for no-
CS background workers as having end users developing software is a very well known problem [4, 14].
Computer science is challenging for several reasons and in particular because of its need for

abstraction, something paramount for students yet very difficult [16]. In general there does not seem
to exist a course specifically on abstraction, but it is mastered by practising it in software development
and math courses [16]. In fact, not all computer users are willing to create abstractions as it heavily
involves both investment and risk, yet programmers tend to do it more than end users [2].

On the other hand, direct manipulation offers “visibility of the object of interest; rapid, reversible,
incremental actions; and replacement of complex command language syntax by direct manipulation of
the object of interest” [24]. This makes users feel they master the system under use, ease the learning
process, and increases the desire to explore more powerful aspects [24].

Another interesting approach to include in a data science tool for all is to allow users to define their
tasks by example. Programming by example has been extensively explored by the research community
with very good results [17]. It allows users to give a set of examples of the results one wishes to
achieve and have a program synthesized that generalizes the results for any given input.

More generally, all these approaches have the common characteristic of easing the development of
software, specially for end users or non-programmers, which is the case of many data science workers.

Based on the following facts: a) programming is difficult in part due to abstraction [2]; b) learning to
abstract is difficult [16]; c) direct manipulation allows for mastering a system in use [24]; and d) visual
programming, PBE, and live programming intend to ease programming [3, 10, 26]; we advocate
that a visual environment for direct manipulation of data is the best tool one can desire for
allowing anyone to perform data science, that is, to achieve a data science for all.

5. TOWARDS A HUMANIZED DATA SCIENCE TOOL

Figure 1: Humanized Data Cleaning
DS4ALL Interface

We have proposed a prototype, shown in Figure 1, for a humanized data cleaning interface [7]. We
believe data should be represented in a way users can see and manipulate it using a tabular format.
Indeed, presented in Figure 1-V, is the original and unaltered dataset shown at all times, allowing the
user to better accompany their transformations. All such transformations are previewed in Figure 1-III.
This side-by-side look at the dataset before and after applying changes aims to help remove a level of
abstraction of how data will be changed, and directly present such actions. At any point, the user
may directly manipulate the data within the preview dataset, such as updating cell values, or through
a drop down menu (Figure 1-IV) to allow changes or filtering data on a specific column.

When selecting a column, a statistics card is displayed to help summarize the contents of the chosen
column, as shown in Figure 1-I, where the Codename column is selected and details of the different data
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entries are shown. Additionally, a collection of suggestion cards are automatically displayed (shown in
Figure 1-II), where each presents a data transformation action, based on statistics and data inference.
For example, here the system detects two very similar values: Marshmallow and MARSHMALLOW, and
thus suggests replacing one data value by the other or by a new value. Figure 2 shows another example
of such cards if choosing the Battery_level numerical column.
Such statistic cards and suggestion cards aim to remove a layer of complexity in data cleaning by

automatically presenting common statistical information, which users otherwise have to calculate,
and by suggesting transformations. In both cases, the user would have to resort to either programming
or using complex tools to gather the statistical information and apply their transformation.

6. COMMUNICATION, DOCUMENTATION, REUSE AND MORE

Figure 2: Numerical statistics and sugges-
tion card example

Data science tends to be an iterative activity [28]. For instance, after a first cleaning phase, one may
still find data quality issues during analysis, and thus the need for more cleaning. If the cleaning and
analysis phases are done by different teams, then they need to communicate with each other. On
one hand, the analysis team needs to tell the cleaning team that some issues still need work, while on
the other hand, the cleaning team needs to describe what was changed from the original data set.
Additionally, the performed operations must be documented if at any point one may need to debug
or understand how the data reached the current state. This is specially relevant if someone other
who performed such changes wants to understand what happened2. Thus, a data scientist needs to

2For example when a new member comes to
the team

additionally document the transformations. In fact, PL Notebooks mix code, execution results and
text annotations. However, studies show that such Notebooks have been found to be messy by users
[13]. Thus, a tool designed for end users should provide a proper way (e.g. a language, possibly visual)
to easily allow the description of data changes to be communicated back and forth between different
teams. Studies have also shown that data scientists tend to reuse code [15]. However, in some tools
this is the common copy&paste [15] which is dangerous as one duplicates code. Thus, good tools
need to provide support for proper reuse by allowing users to define some kind of reusable function.
In fact, we argue these issues – communicate, document, and reuse – are quite connected. In

fact, they can be seen as different perspectives over the same needs. To communicate between the
different teams, documentation is needed. If the documentation of the operations is performed using
a language with proper semantics, then these operations can be reused. Thus, we propose that a tool
for end user data scientists should provide a language to document such operations, so everyone can
understand what was done to the data. The language should have a semantics so it can be used to
re-execute the operations. Such a language could be inspired by block-based languages which are
being used with quite success among novice programmers. As the operations are being executed
in the data, the tool could build a block-based program with the operation. This could be used by
everyone to read what happened, specify what should be done, or even re-execute a set of operations.
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