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Training Data Scientists through
Project-based Learning

Fernando Martinez-Plumed and José Hernandez-Orallo

Abstract—The concepts of innovation, creativity, problem solv-
ing, effective communication, autonomy and critical thinking
are at the core of becoming a good data scientist. Adapting
to new technological resources and tools is also an important
skill, which also builds on the curious and inquisitive nature
associated with data science, and is fuelled by rapidly changing
data science ecosystems in industry. In this regard, Project-
based learning (PBL) has clear benefits for engaging students
in data science courses. However, the exploratory character of
data science projects, which do not start with a clear specification
of what to do, but some data to analyse, pose some challenges
to the application of PBL. Our aim is to improve students’ data
science learning experiences and outcomes through the use of
PBL. In this paper, we share our experiences with PBL and
present an assessment rubric that focuses on value, innovation
and narrative, which can be used as a scaffolding structure for
data science courses. Our analysis of a PBL data science course
at MSc level, together with data from student surveys, shows
how the methodology and rubric align well with the exploratory
nature of data science and the proactive, curious, and inquisitive
skills required of data scientists.

Index Terms—Data Science, Project Based-Learning, Assess-
ment Tools.

I. INTRODUCTION

HE search for new teaching methodologies in higher
education and lifelong learning is a widely debated topic
at universities and other training environments. The ease of
access to information (as well as the many and varied ways
of obtaining and contrasting it) have influenced the profiles
of younger and more mature students, at physical or online
courses. Furthermore, in contrast to encyclopaedic knowledge,
a person today can hardly ever master all the knowledge
in a very specific field. The accelerating generation of new
knowledge urges us to equip the educational and training
systems with new learning techniques that make all stake-
holders, including instructors, students and employers, more
suitable for this process of continuous change. This motivates
an open debate around the search for new methodologies
that make students learn more effectively, with the aim of
training professionals adapted to this new society. New models
look for learning process that are more student-centred than
teacher-centred. For this to happen, teaching methodologies
have to change. The so-called active methodologies [1] play
a preponderant role in achieving this objective.
One major active methodology is Project Based Learning
(PBL), a cooperative learning strategy that understands learn-
ing as a communication process and focuses on the learner
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as both an individual and a member of a group. In PBL,
solving a problem, the project, drives the whole process [2]
and the acquisition of the skills. Students are responsible for
their own progress and teachers take the role of providing
materials, feedback and support when requested, on top of
being advisors to facilitate the students’ work. Students are
also able to immediately see their project as a constant and
efficient testing ground for new ideas. Additionally, students
are much more likely to understand and apply concepts if they
can use their knowledge to effect change in the real world.

In the area of computer science, PBL has been proved to
be one of the most engaging elements for students [3]. Many
software engineering courses were pioneers using PBL, but
their use has been extended to other subjects in computing and
engineering more broadly [4]—[8]. In the particular character of
data science projects we deal with in this paper, there are spe-
cific elements that require a well-thought combination of data
science and PBL methodologies for the design of an effective
PBL course. In an explorative data science project, there is no
initial specification, unlike other PBL-based computer science
or software engineering courses. Many data science projects
even lack a clear goal, unlike directed data mining projects,
which starts with a business goal that has to transformed into
a data mining goal. In particular, in data science the data
take centre stage: we know or suspect there is value in these
data, how do we discover it? What are the possible operations
we can apply to the data to unlock and utilise their value?
While moving away from the process, the methodology we
should follow when addressing a data science task becomes
less prescriptive and more inquisitive: things you can extract
from the data rather than things you should do to data. The key
difference we perceive between the old, but related term, data
mining twenty years ago and data science today is that the
former is goal-driven and concentrates on the process, while
the latter is data-driven and exploratory [9].

In directed data mining, a whole project can follow a
sequence of stages starting from the ‘business goal’, translated
to a ‘data mining goal’, which leads the rest of the process
[10]. Accordingly, de facto methodologies such as CRISP-DM
[11], the CRoss-Industry Standard Process for Data Mining,
were conceived to catalogue and guide the most common steps
in data mining projects. However, in data science, context
becomes more relevant during the whole process. Accordingly,
new processes challenging CRISP-DM have been introduced,
by including context adaptation and model reuse [12], or
proposing a more flexible view of data science projects as
traversing trajectories [9]. Under this more accurate view of
data science, the paths that a project can take become more
varied and the order of activities depends on the domain as
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well as on the decisions and discoveries of the data scientist.
The illustrative Figure 1 shows a space of exploratory, goal-
driven and data-management activities which may —or may
not— be performed in a particular data science project by
following different trajectories in an order that is not prede-
termined. Many data science projects do not start from a clear
specification, nor can elicit the specification from a client or
expert, but the very value of the data is a journey, especially
looking for insights and novelty. This journey ends up in a
story, a data narrative, which has to be emphasised through
an appropriate presentation and exposition. This exploratory
journey of data science and the relevance of finding novel
insights that bring value to a particular domain suggest that
some small tweaks to the PBL methodology will not suffice.
Instead, we need an important overhaul of the methodology
and the associated procedures, most especially those rubrics
that assess the skills required by data scientists.

Data Source Data Value

{ Business }
Data Acquisition

{ Data ]
Data Simulation
Data Architecti

Data Release

Data Result
P Exploration
(__Data Release ]

[ Evaluation J { Modelling J

Goal
Exploration

Product
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Fig. 1. The Data Science Trajectories map (from [9]), containing the outer
circle of exploratory activities, inner circle of Data Mining (or goal-driven)
activities, and at the core the data management activities.

Despite the rapid growth in the need for data science skills
for many years, leading to a rise in the number of data
science programs [13], little has been written about how to
best educate data scientists [14]—-[17]. Instead, we can find
different generic pedagogical models such as flipped teaching
[18], the use of methods and tools to support learning [19],
or the consideration of collaborative efforts among instructors
with different academic disciplines [20] (trying to increase
participation and engagement [21], [22] and creativity [17]).
Less commonly, we also find works analysing the importance
of embedding a substantial practicum in the curriculum of
data science courses (see, e.g., [23], [24]). The main novelty
of this article is, therefore, to present a customised PBL-based
methodology for data science courses whose main aim is to
motivate students to improve skills such as innovation and cre-
ativity, problem solving, effective communication, autonomy
and critical thinking, also promoting collaborative work. To
this end, we make the following contributions:

« We describe a reframed teaching approach towards PBL
in a data science course with differentiated real-world
projects, also addressing several teaching aspects for the
enhancement of the learning process and its evaluation.

o We bring innovative didactic resources that instructors
can use to organise their courses, including a special
rubric to assess the balance between risk-innovation vs.

outcome for the project, which is used by the students as
scaffolding.

« We illustrate the operation of the PBL methodology and
use of the new rubrics presented here through the results
of a case study in a MSc data science course.

o We evaluate the success of the teaching methodology
through a questionnaire with rating scales (Likert-type)
and open answers, including questions on motivation,
objectives and achievement of competences.

The surveys show that more than 85% of the students
indicate a high motivation and that both the objectives and
the competences met their expectations.

The rest of the paper is structured as follows. Section
IT explains the new skills that data science profiles require.
Sections III and IV present a running case study and the
tailoring of the PBL for a data science course. Section V
presents the project-based assessment tools and rubrics. Sec-
tion VI analyses some illustrative examples. Finally, section
VII discusses the evaluation of the methodology and the
students’ results, closing the paper in Section VIIIL.

II. PROJECT-BASED LEARNING AND DATA SCIENCE

The role of the traditional teacher who taught a subject
through master classes and then, at the end of the course,
gave an exam on the subject has been questioned on many
occasions, with new models being sought since the late 1960s
[25]. New teaching models reduced the role of lectures and
developed students’ creative abilities by posing questions and
open-ended problems. The development of PBL began to
be applied at the university level in the field of medicine
[26]. Later, it was applied in engineering and specifically
in computer science [27], [28]. Actually, the teaching of
computer science disciplines proves to be a highly conducive
framework for the implementation of project-oriented activi-
ties and subjects [27]. In this scheme, teachers propose one
or several projects, usually inspired by real problems, which
students must solve in groups. Students have to decide how to
tackle the projects and which activities to carry out. This type
of learning can be of great value in fostering the development
of generic skills such as [29]-[31]:

o Teamwork: Working in teams develops coordination,

communication, responsibility and planning skills, etc.

« Resourcefulness: The students’ motivation is encouraged
by the search for and understanding of new information,
using all the resources available to them.

« Proactivity: The student is not a recipient of knowledge,
but an active agent in their learning and problem solving.

« Innovation and creativity: Conforming to the norm is
not a guarantee of success. Rather, innovative ideas are
encouraged and allow them to stand out over the rest.

« Abstract thinking: PBL facilitates interdisciplinarity and
higher-order thinking.

« Formative and non-punitive assessment: The aim of
the assessment is for the student to learn from mistakes,
which provides a richer learning experience.

e Critical thinking: PBL confronts students with real-
world situations and they have to compare pros and cons
for each single decision along the way.
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Data Science is a fairly young field of science and technol-
ogy —yet old roots in statistics and computer science— which
is particularly well-suited for the adoption of PBL methodolo-
gies in teaching and evaluation. In brief, data science is an in-
terdisciplinary field that involves scientific methods, processes
and systems for better understanding of data in its various
forms, whether structured or unstructured, extracting knowl-
edge and deploying it in a variety of domain. It is actually
the modern evolution of some other disciplines dealing with
and analysing data, such as statistics, data mining, database
technology, machine learning, and predictive analytics for the
purpose of understanding and analysing real phenomena [32].

Over the past few decades, data science has increasingly
become popular, becoming the part and parcel of every
business model. While the classical area of data mining for
deriving value from data has grown exponentially in size and
complexity, it has also become much more exploratory under
the umbrella of data science. In the latter, data-driven and
knowledge-driven stages interact, in contrast to the traditional
data mining process, starting from precise business goals
that translate into a clear data mining task, which ultimately
converts “data to knowledge”. In other words, not only has the
nature of the data changed but also the processes for extracting
value from it.

It is then expected that this new profile of applications and
projects would require new skills as well as the consolidation
of data science as a new profession. Data scientists are
expected to cover a wide range of soft skills, such as being
proactive, curious and inquisitive, as well as being capable
of communicating results, leading a team, being creative,
etc. [33]-[36]. Most of the new exploratory steps imply soft
skills. Also, the understanding of new domains must play an
interactive and exploratory role in most data science projects
[9]. It is no surprise that the more flexible, less systematic,
character of the new exploration and data management activ-
ities (see Figure 1) highlights the challenges that characterise
data science and paves the way for following innovation-based
PBL methodologies when training data scientists.

III. RUNNING CASE STUDY

In the past academic years, the authors have adapted and
tailored the PBL methodology for their data science course
(CDA). This was motivated by the experience gained from
other similar courses where the authors had seen that the
application of classical teaching methodologies (e.g., lectures,
laboratory practicals and independent work of the students)
may not be the most appropriate for the competences of a
data science course. With the aim of improving the learning
and performance of the students, by increasing motivation and
participation, the authors prepared this course paying special
attention to the following questions: Will the students learning
something useful? To what extent will they learn original
solutions? And, most importantly, what would happen once
they go out into the labour market and have to deal with
real problems? Driven by these questions, we designed var-
ious alternative assessment scenarios to evaluate our students’
performance based on the development of open-goal projects

that would be conducted collaboratively (maximising utility,
passion, curiosity and competition), inspired by the real-world
project-based nature of data science.

CDA is an optional subject (taught in English) in the
Computer Science Master degree at the School of Computer
Science and Engineering (ETSInf) of the Technical University
of Valencia (UPV), Spain. It is a four-month course and has
been assigned 6 ECTS' credits distributed in 1.5 credits of
classroom theory, 3 credits of seminar and 1.5 credits of
laboratory practice.

As an optional course, since its creation in the academic
year 2016/17, CDA has had around 30 students each year.
Students come from different Computer Science programs
from the UPV and other European universities (61% of the
student in year 2021/22 were from outside the UPV). This
course focuses on preparing students for the role of a data
scientist in an organisation, so that they can identify data-
related problems and opportunities, and deploy and communi-
cate data-driven products using effective tools. The main goals
can be summarised as:

O1: Recognise the value of data and the business opportunities
for the development of data-based products, in the context
of Big Data.

Determine the technologies that are needed to handle data
efficiently in different environments, different sizes and
formats, to ease data understanding and analysis.
Estimate the complexity and resources that are needed
for a data analysis project and establish the measures of
cost and success.

Convey the results, implications and value of the analysis,
building effective visual representation.

02:

03:

04:

In addition, the competences and skills through which to
achieve these objectives are as follows:

C1: Possess and understand knowledge that provides a basis
or opportunity for originality in the development and/or
application of ideas, often in a research context.

Apply acquired knowledge and problem solving in new or
unfamiliar environments within broader, multidisciplinary
contexts, being able to integrate this knowledge.
Integrate knowledge and face the complexity of for-
mulating judgements based on incomplete or limited
information, including reflections on the social and ethical
responsibilities linked to the application of their knowl-
edge and judgements.

Communicate their conclusions —and ultimately knowl-
edge and rationale behind them— to specialist and non-
specialist audiences in a clear and unambiguous way.
Possess the learning skills to enable further study in a
way that will be largely self-directed or autonomous.
Understand and apply the ethical responsibility, legisla-
tion and professional ethics of the activity of the profes-
sion of Computer Science.

Integrate technologies, applications, services and systems
specific to Computer Science, with a generalist character,

C2:

C3:

C4:

Cs:

Ce:

C7:

'The European Credit Transfer and Accumulation System (ECTS) is a
standard means for comparing academic credits for higher education across
the European Union and other collaborating European countries.
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and in broader and multidisciplinary contexts.

To meet these goals through competences, the course em-
phasises the value of data and the role of the “data scientist”
in real cases, with different kinds of data being integrated and
manipulated using data science tools. Furthermore, students
acquire further theoretical knowledge for the purpose of inde-
pendently addressing the different activities of a data science
project (e.g., data value exploration, exploratory data analysis,
data cleansing and transformation, modelling, assessment,
product exploration, etc.) but they are not usually able to apply
it towards a common goal. It is then important for students
to face an approximation of what a real (engineering or data
science) project is: the synthesis of a product (within a team)
from its conception to its delivery. Throughout the course, the
objectives will be completed through the work carried out by
the students, requiring or developing different competences.

On the other hand, the course also promotes and develops
generic skills or transversal competences (TC) [37]. These are
skills not specifically related to a particular area of knowledge,
but that can be used in a wide variety of situations and provide
competitive advantages for students entering the job market.
In particular, our data science course develops the following
skills:

TC1: Effective communication: Communicating effectively
means having developed the ability to transmit knowledge
and express ideas and arguments clearly, rigorously and
convincingly, both orally and in writing, using resources
appropriately and adapting to the circumstances and type
of audience.

Innovation and creativity: The development of this
competence requires both thinking differently in order to
provide different perspectives (creativity) and committing
certain resources on one’s own initiative in order to
explore an opportunity, assuming the risk that this entails
(entrepreneurship).

Analysis and problem solving: This competence refers
to the need for students to be able to apply structured
procedures to solve problems and to make decisions, thus
promoting their ability to learn, understand and apply
knowledge autonomously, as well as to understand the
mechanisms of knowledge expansion and dissemination.

TC2:

TC3:

IV. DATA SCIENCE PROJECT DEFINITION

Aiming at adopting a PBL methodology in CDA, we must
carefully choose the projects to be developed and, specif-
ically, what the main characteristics of these data-oriented,
exploratory projects should be, also trying to unlock the
prescriptive and inquisitive skills of the students. First, it was
first necessary to establish what kind of projects to solve.
To increase motivation and to improve students’ innovation
and curiosity skills, we decided that it should be real-world
problems so that the students could come up with novel con-
tributions in a given field. However, the main challenge (and
risk) is that the project proposal is conceived as a freelance
data scientist project and, thus, the students are responsible for
the project definition and development. No clear specifications,
guidelines, or recommendations are to be provided to the

students, unlike other PBL-based computer science or software
engineering courses. They are also not provided with any
sort of predefined topic, stages, template or technology to
be used. The reason behind this is that, if students suggest
the project and how to solve it, their motivation is very high
[38]. This way, the students themselves have to develop the
idea of a new product from data, or the improvement of an
existing procedure with data-acquired knowledge. Students
would choose to develop data-based products on a topic
they are genuinely curious about, also thinking on what an
employer or the general public would want to see. In any case,
the instructors must provide some guidance and apply certain
techniques to keep the students motivated, such as helping the
students with setting up their projects, selecting the topics that
may be more attractive, providing open data repositories, etc.,
as well as encouraging healthy competition among them if the
projects to be developed are related.

Data-oriented projects should also be end-to-end, requiring
students to form the teams, explore the options for data
value, perform the market research, specify the goals, identify
the data sources, design solutions, perform exploratory data
analysis, build, evaluate, deploy and maintain models, and deal
with the communication and presentation issues if applicable.
Students will manage their schedule as well, although some
guidelines are provided along with the deadlines for the
different phases to develop, such as team formation, market
research, data gathering, implementation, final deployment,
reporting, etc.). During the development of the project, the in-
structor plays the role of an “advisor” (a guidance counsellor)
meant to provide assistance whenever necessary, mainly in the
development of the different phases of the projects (e.g., help
in the search for new ideas, provide useful sources of data,
answer technical questions, etc.). From a pedagogical point of
view, there are a number of “tasks” that the instructor must
perform for the project to be successful:

o Seminars: Seminars will serve to introduce tools, meth-
ods, etc., that the student is unfamiliar with and that may
be somewhat difficult to learn from the beginning in a
self-taught way. Afterwards, it will be the students who
will go into them in depth on their own.

o Group monitoring: The instructor must know the evo-
lution shown by each group in the solution of the project
and the degree of involvement of each student in it (not
all students learn the same or in the same way). Effective
monitoring can be done during the classes, or in a more
personalised way through groupwise meetings, and it
depends on gathering information and giving feedback on
groups interactions, as well as anticipating and preparing
for potential problems (e.g., inadequate progress, mem-
bers not contributing, etc.).

« Group feedback: To support students in moving forward
with their project, the instructors must constantly provide
qualitative and/or quantitative feedback to reduce the
gap between actual and expected learning outcomes.
Feedback is provided following two mechanisms: 1) face-
to-face discussions where specific issues of the projects
are discussed; or 2) formal written feedback. We see this
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TABLE I

ASSESSMENT RUBRIC USED IN PBL-BASED DATA SCIENCE COURSES. ITEMS ARE WEIGHTED EQUALLY.

Item

Excellent (~ 10)

Good (~ 7.5)

Satisfactory (~ 5)

Needs improvement (~ 2.5)

Data VALUE

Weight: 20%

The students have identified the value of the data
they have worked with, their applicability in their
contemporary world, the people who may be bene-
fited by this work, and possible apps or even a future
entrepreneurship idea as an outcome. They have also
identified the limitations and sustainability issues, as
well as the overall impact of the use of the data and
the proposed idea on society.

The students have identified the value
of the data and its applicability, the
beneficiaries and final limitations. They
also identify the impact of the data
product and the risks of its use.

The students have briefly identified the
final value of the data and its applica-
bility. The project is sometimes domi-
nated by the details without seeing the
big picture.

The students describe the data, but fail
to transmit what the purpose of all
this will be and why this will provide
value and why it will be novel.

ALTERNATIVES
and innovation

Weight: 20%

The students have looked for alternative proposals
(bibliography, websites, apps) for the same domain,
the same data or application, and have compared
(quantitatively) their results with them at least at the
abstract level), and seen whether what they present
is the same or innovative, is below the current state
of the art, covers real needs, etc. Preliminary market
studies are well received.

The students have looked for some al-
ternative proposals for the same do-
main, data or application, also making
some qualitative or abstract compar-
isons, pointing to the innovations of the
project in general terms.

The students have looked for few alter-
native proposals in a general way, with
little or no relation to the presented
project. Very generic comparisons are
made, and innovations are not pre-
sented in a clear and specific way.

The students have overlooked alterna-
tive proposals and no comparisons are
made.

TECHNICAL
tool integration

Weight: 20%

The students have mastered different new techni-
cal tools (e.g., development IDEs and notebooks,
Python/R data analytic and modelling libraries, vi-
sualisation software, data/web scrapping, API man-
agement, etc.) and their integration to appropriately
meet their goals. The work and expertise seen during
the course are reflected in the technical solutions,
which take the best option from the state of the art
and the literature. The solutions show initiative and
originality.

The students have integrated several
tools (e.g., Python/R data analytic,
modelling and visualisation libraries,
data scraping, etc.), and used them ap-
propriately. The solutions reflect an im-
portant amount of effort and adequacy
for their needs.

The students have used some tools
(e.g., basic libraries and software) ap-
propriately for their goals. The work
and expertise seen during the course
are reflected in the technical solutions.

The students use inappropriate tools.
Not enough effort has been put in
finding the right tools or learning new
ones.

Project
EFFORT

Weight: 20%

The students have worked with different data reposi-
tories, and they have made a major effort of curation,
integration and collection (e.g., through appropriate
ETL data integration process). Also, they tried many
different models and variations of their features (e.g.,
through tuning grids and hyperparameter search),
chosen the right metrics and evaluation protocols
(e.g, split, hold-out, k-fold, etc. validation recipes).
Students show the lessons learnt and how they have
solved the problems or found a way around. They
show a clear evidence of teamwork.

The students have used, curated and in-
tegrated different data repositories (with
some integration effort through appro-
priate ETL processes), tried different
models, chosen the right metrics and
evaluation protocols. They show some
lessons learnt.

The students have used few data repos-
itories (with little integration), and
tried a few models. There are some
issues in the evaluation of the models,
the chosen metrics or the lessons learnt
provided.

The students have used very few data
repositories (with little or no integra-
tion), tried very few models and/or
evaluated them inappropriately, with
wrong model selection or overfitting,
and drawing wrong conclusions.

EXPOSITION
quality

Weight: 20%

The students have been able to transmit the ideas
very clearly, the motivation of the work and the
insights. The quality of the slides and the graphics
are impeccable, with the right element for illustrating
each point of the story. They make gestures, use
expression resources and really engage with the
audience. They are telling a story. They answer the
questions correctly and precisely.

The students have been able to transmit
the main ideas and the results. The
presentation is well organised and sup-
ported by graphics. They make some
gestures to avoid being monotonous.
They are telling a story. They answer
the questions correctly.

The students transmit what their
project is about. The presentation does
not seem to have a clear organisation,
and graphics are used by availability
rather than opportunity. They make a
monotonous presentation. They answer
most of the questions correctly.

The students are not able to transmit
the key ideas of their project. The
presentation is messy and not well
supported by graphics. They are bor-
ing, make many mistakes or do not
know how to follow. They answer
many questions wrong or vaguely.

in further detail in the next section.

V. PROJECT ASSESSMENT

The grading of the subject is based on three evaluation acts:
1) Short in-class quizzes (two assessments, 10% of the final
mark each); 2) practical assessments (three assessments, 10%
of the final mark each); and 3) a work (project) including oral
presentation (50% of the final mark), the latter being the main
component of PBL. To assess the performance of the students
within these projects, the students create a project portfolio
defining the activities, which is also used for assessing the
students work. The project has to be carried out in groups of
2-4 people. Since the students have to work in a team, they
have to employ transversal competences such as flexibility,
organisation, problem solving, negotiation skills, leadership,
etc.

All projects require a final presentation (carried out by all
members of the group) describing the main development and
results. It is worth mentioning that a very common mistake
is to grade this sort of projects from an excessively utilitarian
point of view. The project product is not intended to be directly
usable by society. While the project must deliver a product,
the evaluation should focus on how resourceful the students
are during the process.The fact that there are “problems”

the students detect and solve, should be encouraged and not
discouraged, and so should be reflected in the grading.

Students will be able to ask for feedback during the de-
velopment of the project. Also, students have a (first) pre-
assessment (rehearsal) of their presentation, receiving point-
by-point feedback. Two weeks after this first attempt, they
can do the (second) final presentation/assessment. The pre-
assessment grade can be considered final if students decide
not to resubmit their work for the final assessment. There
is no further resit after this final assessment. This project
rehearsal-improvement-resit process takes place in two weeks.
During the presentations, students from other groups should
ask questions and express what the project conveys to them.
The instructors write a detailed report following an assessment
rubric (shown in Table I). This first evaluation comes with a
provisional mark. Based on this feedback, which includes the
different sections of the rubric, especially the presentation, the
group works on improving the scope of the project and can
make a final presentation in the last week.

The goal of the rubric is not only to make assessment more
systematic. It is also a guide of what is going to be valued, and
serves as an abstract scaffolding for the students about where
they should put their focus and effort. For the development of
the rubric, we have tried to identify those target standards or
skills for data scientists [39], [40] that will frame and focus
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their work, as well as to identify the essential criteria we would
like to assess. The rubric should thus help assess all multi-
disciplinary knowledge and competences that are required
from the data science practitioners in data driven projects [15],
[20]. In this regard, the rubric seeks to emphasise a meaningful
set of skills and different aspects linked to the exploratory
nature of data science, such as the discovery of the value that
might be extracted from the data, the novelty and challenge
of the approach, the exploration and preparation of the data,
and its subsequent model building and evaluation, ending with
a product or study. The exposition of results (written or oral)
must be accompanied by a well-thought narrative to attract the
audience to the final product or understand the key insights. At
the technical level, the rubric will be used to assess the learning
outcomes of students in terms of their ability to use (open-
source) tools and methods to collect, process, store and analyse
data; apply machine learning and data mining techniques to
generate interesting business insights from the processed data;
and effectively test hypotheses and interpret predictive models
applied to the data.

Also, the rubric allows for the assessment of those transver-
sal competences developed in the course through the different
items it includes. In this regard, the effective communication
(CT1), as a process of purposeful exchange and presentation
of ideas, thoughts, knowledge and information, is evaluated
through the item exposition quality in the Rubric (Table I).
The item alternatives and innovation serves to measure the
originality of the ideas and whether the project has some via-
bility, which corresponds with CT2. Finally, problem-solving
the analytical and problem solving skills (CT3) is evaluated
through the item fechnical tool integration.

TABLE II
GROUP CO-EVALUATION RUBRIC USED IN OUR PBL COURSE.

teammates, etc. Finally, this coefficient multiplies the score
given by the instructor to obtain the final individual grade for
the project.

VI. PROJECT EXAMPLES

For illustrative purposes, we show the feedback provided
(via email) for a couple of projects with different levels of
maturity. The first one proposed a machine learning approach
to analyse and predict employment and its related economic
factors based on data from the stock market (IBEX35). For
the first assessment, the project was still at a preliminary stage
and suffered from a lack of a clear motivation and justification,
poor narrative, nonexistent comparison with related work and
insufficient coherence and cohesion regarding the analysis and
results. After the feedback (see Table III), in the resit, the
group improved their final (average) score from 2.8/10 to 5/10,
addressing some of the concerns raised.

TABLE III
FEEDBACK PROVIDED FOR AN IMMATURE PROJECT ON THE ANALYSIS OF
THE RELATION OF EMPLOYMENT AND OTHER SOCIAL INDICATORS BASED
ON DATA FROM THE STOCK MARKET.

Item Feedback

Data VALUE ‘Well done: Employment is an important problem and four big companies
may have an effect on employment.
Can be improved: Not clear what value is to be found here. Companies
can increase benefits and reduce employees or the other way round.
But the relationship is complex and using four companies is going to

be inconclusive anyway. We would need a clear case of an important
question that is to be answered, such as those the students introduce in the
conclusions, and who is going to be benefited by the insights of this study
and how.

ALTERNATIVES Well done: -

and innovation

Can be improved: There’s enormous economic literature about the effect
of employment and the trends of companies, but typically the studies use
economic models and more data. I suggest the students to consider some
data that is not usually analysed in economic studies, to make this is a
little bit more innovative and not compete with expert economists. It must
be something different to make a point.

Item Description

What’s the percentage of the total contribution that can be
attributed to your teammate X? (considering the result of
the project, not hours of work, as some people are more
efficient than others)

Contribution

On a scale between 0 and 100, how would you value the
collaborative attitude of your teammate X? (disposition,
helpfulness, seeking consensus rather than conflicts, etc.)

Disposition

Furthermore,we decided that it was necessary to also adopt
cross-assessment techniques to better assess the performance
of each student, so that the grade is more in line with the
contribution of each student within the group. In this regard,
the project assessment requires every student to complete peer
evaluation about the performance of their group members, as
shown in Table II. This evaluation is carried out after the
presentation of the project. The sum of “contribution” for
all participants in a particular team should be 100. Given
the above pair of marks for all team members in a group,
teachers use a procedure (not disclosed to avoid optimising for
it instead of being honest), to derive a coefficient between O
and 1.2 for each student, according to the values and harmony
of these cross-assessments. This coefficient should be close to
1 if the student has made a fair contribution to the share of
the project, has shown a collaborative attitude towards their

TECHNICAL
tool integration

Score: 3/10

Project EFFORT

Score: 5/10

EXPOSITION
quality

‘Well done: There’s some processing reading the CSV and integrating and
preparing data.

Can be improved: The analysis is merely a collection of bar plots and line
charts. We need to use some of the modelling tools to find clusters, trends,
sequences, etc. This may require more data than just four companies, or
more detailed information for each company.

Well done: There’s some effort fetching and integrating the data.

Can be improved: There’s insufficient data and insufficient analysis. More
effort should be done in many other aspects of the project, including value,
novelty, modelling and presentation.

‘Well done: In English. "The good an the bad slide” is the kind of slides
that help get attention. The students gave good answers to the questions.
Can be improved: They start too flat, not even clarify what the goal
is. They should think of something that catches attention, rather than a
summary. For instance, the conclusions at the end ask questions, some
of which could be emphasised at the beginning. The speakers should do
a smoother handover between them, keeping the flow. In the end, the
presentation does not look fully integrated; it lacks a narrative. It would
be good to have some take-aways at the end. Regarding the style of the
presentation, the three speakers should transmit more enthusiasm. Plots are
very simple and rough and slides overall could be improved significantly
(the first slides are screenshots from R and the rest is very sketchy).

The second project had to do with a better understanding of
the exposure of drivers to traffic risks along specified routes,
including the proposal of safe alternative routes. For the first
assessment, the level of readiness of the project was very high
and the students did a good job on the establishment of the
main requirements, goals and motivation. They carried out a
correct and illustrative exploratory data analysis, preprocess-
ing, modelling and evaluation, as well as a clear exposition of
the lessons learnt. The students were happy with their average
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TABLE IV
FEEDBACK PROVIDED FOR A MATURE PROJECT ON THE THE ANALYSIS OF
TRAFFIC RISKS FOR DRIVERS ALONG SPECIFIED ROUTES.

Item Feedback
‘Well done: There are two main areas for value, recommending safe routes
Data VALUE and the analysis of he data for policy making. Some interesting findings

were discovered or confirmed, such as the influence of age.
Can be improved: More value could be obtained in other ways, especially
if different recommendations are done depending on age or the same route
but with speed recommendations, etc.
ALTERNATIVES Well done: They have compared with RouteWise (safety-based route
and innovation  navigation) and papers.
Can be improved: Traffic/accident data is analysed by governments and
insurance companies. It is difficult to be novel here, but the use of external
information (e.g., density, industrial activity, age per area, etc.) could make
TECHNICAL
tool integration

the analysis different.
Score: 8/10

‘Well done: The students have integrated ideas from the course. Maps were
used at several points.
Can be improved: More modelling, such as ways of predicting the
probability of accident of a route taking into account the conditions, the
age of the driver, etc.

Project Well done: They work with large databases, an important effort in data
EFFORT preparation and attribute transformation.
Can be improved: The route recommendation model could have been
Seore: 9/10 explored further.
‘Well done: I really liked the 1.2 Million” slide, as it attracts the attention
EXPOSITION of the audience to an important problem. They focused on surprising
quality findings and their explanation (such as children driving). Good examples

(e.g., roundabouts). Good answers to the questions.

Can be improved: Too much time devoted on the weather attribute.The
plots used for representing slight vs serious are not the best option, as
everything is relative (proportion) but we don’t see the magnitudes.

score after their first presentation (8.6/10) and decided not
to improve and resubmit their work in the final assessment.
This was the final grade for the project (before using the co-
evaluation adjustments).

VII. RESULTS AND EVALUATION OF THE PBL
METHODOLOGY

A. Application of the rubric

Figure 2 shows the average results of the assessments from
the course CDA in 2021. The course had a total of 29
students, which formed 10 groups. The red series (one-shot
assessment) in Figure 2 represents the average performance
(with confidence intervals) of the students that were happy
with their score in the pre-assessment and decided not to do
the resit (8 groups and 25 students in total). The blue series
(pre-assessment) represents the average performance on the
pre-assessment phase for those students that decided to do the
resit (2 groups and 4 students in total). Finally, the green series
(resit) represents the performance of the previous students in
the resit after receiving feedback.

Figure 2 shows that for rubric items such as “Project
effort”, “Technical tool integration” and “Exposition”, students
did extremely well. Interestingly, results show that below-par
students perform very poorly on the rubric item “Alternatives
and Innovation”, where students should perform a scientific
literature search and market research for alternative proposals,
also checking how their project is placed with respect to
the state of the art. This item significanly improved after
the feedback provided. It seems surprising that the ability to
look at alternatives is such an important predictor of team
performance.

At the individual level, we see in Figure 3 that the project
grades do not correlate much (Spearman’s rank-order correla-
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VALUE  ALTERNATIVES TECHNICAL EFFORT EXPOSITION

Fig. 2. Students’ performance on the different rubric items (for course CDA
Fall 2021). Average score summarised by evaluation procedure/phase: one-
shot assessment (red), pre-assessment (blue) and final assessment (green).
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Fig. 3. Students’ final scores, broken out by activity.

tion) with those obtained in the average score of the three
practical assessments (0.21) and in the two questionnaires
(0.05). However, the correlation between the practicals and
questionnaires is much higher (0.47). The low correlation may
simply come from the fact that the practices and questionnaires
are graded individually and the group grade is collective, so
it depends on the other members of the group. This may also
be understood as an indication that PBL may lead to a lower
performance of students on certain (more traditional) course
outcomes while still obtaining better performance on those
more experimental, pragmatic and real-world tasks.

For its part, as mentioned in section V, the evaluation of
the final project through the rubric also allows us to assess
the acquisition of transversal competences by means of the
items included. In this regard, the final marks obtained in
the corresponding items will be used to obtain the values
required by the university, which has to be expressed as a
rating stated on a scale of 4 values: Poor (0 < z < 0.3),
Fair (0.3 < x < 0.5), Good (0.5 < x < 0.8) and Excellent
(0.8 < x £ 1.0). Figure 4 shows the overall results achieved.
In general terms, the majority of students have satisfactorily
acquired the different transversal competences. This coincides
with the the personal perception of the teachers of the course



IEEE REVISTA IBEROAMERICANA DE TECNOLOGIAS DEL APRENDIZAJE, VOL. XX, NO. XX, MONTH YEAR 8

20

Cumpetence
I CT1: Effective Communication
B CT2: Innovation & Creativity
15 [/ CT3: Analysis & Problem Solving
10
i el millm

Excellent Good Fair Poor

Fig. 4. Competence evaluation through the items in the Rubric in Table I.

in comparison with other courses taught by them where more
traditional teaching methodologies are followed. We encounter
the greatest problems with the competence of innovation and
creativity, where around 25% of the students did not acquire
the competence in the expected way. The poor performance of
these students in the rubric item “Alternatives and Innovation”
(already shown in Figure 2) shows a clear aspect of the
course that we can try to improve in the following years (e.g.,
by fostering brainstorming sessions with teammates, research
activities, incorporating further feedback from teammates and
teachers, working in class on related issues such as dealing
with uncertainty, ambiguity, independence, tenacity, etc.).

B. Course methodology survey

In order to assess whether the teaching methodology has
increased student motivation to achieve the competences set
out in the data science course, we have developed a ques-
tionnaire to be filled in by the students via Google Forms.
The questionnaire contains 10 questions, 8 of them based
on 5-point likert-type rating scales (from “Strongly disagree”
to “Strongly agree”) and the remaining 2 being open-ended.
Completing the form was optional and we received a total of
20 responses. The details of the questions can be found in
Table V.

Questions Q1 to Q3 refer to the motivation of the students
with regard to the methodology followed in the course. Ques-
tions Q4 to Q8 refer to the objectives and competences of the
course. Finally, questions Q9 and Q10 try to bring out critical
thinking about the methodology followed in the course.

Figure 5 shows the results of the questions based on rating
scales (Q1 to Q8). In the questions referring to the motivation
block (Q1 to Q3), we see that 5% of the students marked
questions Q2 and Q3 as “Disagree”. For its part, 85% of the
students consider that the teaching methodology has served to
motivate them in learning data science and considered the data
science project proposed in the course interesting. Finally, 75%
of the students consider that having worked collaboratively in
a team has improved not only their participation but also their
interest in the subject.

The second block of questions (Q4 to QS8) shows that
the students also broadly agree that they have achieved the
objectives and competences set by the course. The questions
with some disagreement are Q5 and Q6. Question Q5 shows

TABLE V
TEACHING METHODOLOGY EVALUATION QUESTIONNAIRE.

Q Question Answer
1 Did the way the course was developed motivate you? Likert (1-5)
2 Dl_d you ﬁnq the se}f—dnven data science project proposed in Likert (1-5)
this course interesting?
Do you think that your involvement and interest in the course
3 has been increased by working with your classmates in a Likert (1-5)

team?

The aim of the final project is for you to understand the

role of the data scientist in organisations, identify problems
4 and opportunities and deploy solutions using commonly used

tools. Do you think these objectives have been met after the

course?

After having completed and presented the final project, do
5 you feel more confident to apply what you have learnt in

your future work?

Do you think that the completion of the final project has

Likert (1-5)

Likert (1-5)

6 allowed you to work on skills such as innovation, creativity Likert (1-5)
and entrepreneurship?

7 Do you think that carrying out the final project has allowed Likert (1
you to work on problem-solving skills in an autonomous way? i (@)

P Do you QIink that the' ﬁr'lal project ha}s allowgd you to work Likert (1-5)
on effective communication and public speaking skills?

9 Mention positive aspects of this course Open

10 Mention negative aspects of this course Open

Q1
Q2
Q3
Q4
Q5
Q6
Q7
Q8

-50%

-25% 0% 25% 50% 75% 100%

M Strongly Disagree = Disagree ~ Neutral - Agree [l Strongly Agree

Fig. 5. Summary of results for the survey in Table V. 20 responses processed.

that, on average, there are 10% of students who do not feel
confident in applying what they have learnt during the course.
This could mean two things: either that their professional area
is very far away from data science, or that they still do not see
themselves qualified to work as data scientists and need to go
deeper into the subject with more advanced courses. The data
for Q6 shows that there is a small percentage (5% of students)
who claim not to have acquired or improved skills such as
innovation, creativity and entrepreneurship. This may be due
to a lack of curiosity or inspiration by the student which could
also be affected by a lack of understanding of how to properly
conceptualise and develop the project idea. Regarding Q7-QS,
no one marked them with values in the disagreement range,
which indicates that the competences of problem solving and
effective communication have been worked on appropriately
during the course. Overall, all the answers indicate a high
degree of agreement, where all the above questions have over
75% of positive answers, some of them (e.g., Q4 and QS5),
close to 100%. These data show that the vast majority of
students consider that both the objectives and the competences
set at the beginning have been achieved with the teaching
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methodology.

In addition to the Likert-type questions, Q9 and Q10 were
used to elicit the positive and negative aspects of the teaching
methodology. Below, we summarise the most relevant ideas
that we extracted from both questions. Regarding the positive
aspects:

e Teamwork and coordination are valued.

o Creativity and problem solving is enhanced.

« Students praise the structure of the course, the challenging
and exciting practicals, as well as the real utility of the
final project.

e The solid grounding in data science fundamentals is
useful.

As for the negative aspects, we highlight the following:

o It was difficult for some students to find interesting ideas
and data for the final project.

« Some students lacked time to fully develop some parts of
their project.

o Some students considered that the deadlines for practicals
and project delivery were too tight.

Overall, the majority of the students have recognised that the
methodology followed and the participation and development
of projects have pushed them to learn through collaboration,
research and better communication, improving also their inter-
personal skills.

We usually also receive positive feedback from the students
from the university surveys. Apart from some scores, these
surveys also provide useful information about the instructors’
performance. The survey had a total of 10 questions that
aimed to analyse different aspects of the subject, as well as
to try to verify the consistency of the answers, in order to
avoid random completion. Concretely, with a general average
satisfaction 8.5/10, the majority of the students recognised that
the instructors show a true commitment and interest in their
students, know how to be flexible and attend to individual
needs.

VIII. CONCLUSIONS

This article has presented the experience, innovations and
lessons learned from the application of a PBL strategy to a data
science subject. In fact, this work provided a set of innovative
didactic resources, assessment tools and knowledge that could
be used to organise data science courses in general. We have
seen how the absence of rigid schemes and the exploratory
character of data science, as well as the range of proactive,
curious and inquisitive skills that data scientists should have,
makes the adoption of PBL to be more advantageous, but also
more challenging, precisely because specifications and stages
are not clear as in other engineering projects. Still, the obtained
results follow the same line in terms of the effectiveness
and relevance of PBL methodologies in other computing and
engineering disciplines (see, e.g., [4], [5], [8]).

The aim for the students is to learn how to develop projects
themselves considering also the relevant role of data value
and innovation. By applying our rubric-based assessments,
we also helped to ensure that the discussions and feedback
with students are more effective, also making the monitoring

and evaluation more systematic. The teaching methodology
has been evaluated through a questionnaire filled in by the
students and the analysis of the grades obtained in the activity.
Both elements show that the objectives and the competences
necessary for working as data scientists have been achieved.
Also, according to the answers to the questionnaire, it seems
that the methodology followed has increased the motivation
of the students, capturing their interest and attention. This
perception is also shared by the teachers, based on their
experience in teaching other courses on similar subjects which
do not follow a PBL methodology.

While the application of this teaching methodology did
generate positive outcomes for project-based data science
courses, more work needs to be done to further compare
the results of this PBL methodology with other potential
pedagogical approaches. For example, one might compare case
studies or Kaggle-like competitions® with this project-focused
course. Also, this teaching methodology can still be refined
and improved. Based on student and university feedback,
specific refinements may include reducing, but not eliminating,
the amount of self-learning that needs to occur for students to
be successful in the class as well as the number of laboratory
practicals to be carried out (considering the perceived effort in
addition to the final project). Also, further activities intended
to enhance the innovation skills of the students will have to
be incorporated in the course, as it is the part where students
tend to perform worst according to the assessment rubrics.
On the other hand, student commitment for improving and re-
submitting the final project can be increased further through
the possibility of allowing them to participate in a closing
event, workshop or project fair where students may submit
and present their work to other students, industrial partners,
and interested third parties.

As future work, we also want to consider and encourage
the role of automation in these projects. As in other areas
using Al [41], it is becoming more common that students use
sophisticated tools that accelerate their process, from data-
wrangling to Auto-ML [42]. How to balance the ‘project
effort’ entry in the rubric with a smarter use of tools that
reduce data scientists’ effort require a very clear statement
about how to declare the use of these tools and how they are
positively graded.
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