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ABSTRACT

Data Science is the art of turning data into information. It
attracts learners from various disciplines and different levels
of fluency with statistical concepts. This paper describes the
experience of using systems thinking to design assessments
for a mixed skill classroom on data science foundations using
approaches from student-centric pedagogies, such as equity
grading, project based learning and authentic assessment.
Both formative and summative assessments jointly provide
experiential understanding of statistical concepts and result
in building programming literacy skills and holistic under-
standing of a data analysis project. Further, leveraging stu-
dent’s agency and interest in their domains of choice by
bringing their own data results in a more engaged learn-
ing environment. Unstructured assessments also have an
unintended consequence of uncovering challenging aspects
of the topics which would have been masked by structured
problem solving. This feedback loop aids the instructor in
creating more meaningful scaffolding assignments to make
the learning deeper.
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1. INTRODUCTION

Two forces, ubiquity of data collection of various types (such
as images, video, sound, among others) and an increase in
computing power to transform those complex data types to
information, has accelerated the use of advanced black box
models. There is now an urgent need to upskill the future
data scientist and ML engineers not only with how to per-
form data analysis but also an intuitive understanding of
the inner workings of the black box approaches. This starts
with understanding the simplest of approaches involved in
an end-to-end data analysis project. At San Jose State Uni-
versity, we have re-imagined the applied statistics and prob-
ability for engineers course to include foundational concepts

from matrix algebra and optimization disciplines. Expand-
ing the topics in this way presents an opportunity for stu-
dents to see the process of translating real world problems
into an analytic form, subsequently followed by collecting
and preparing data to statistical inference and prediction.
Typically the matrix decomposition and factorization based
approaches for feature engineering and inference are taught
as a separate semester-long course. That is also true for cal-
culus based optimization routines for parameter estimation.
Often different teaching styles and depth of topics covered
results in students developing weak connections. We are not
debating the importance of having semester-long courses for
a deep learning of topics, instead argue for at least one course
in the curriculum that views the representative problem of
the curriculum from a systems engineer perspective [15] and
provide end to end understanding of the approaches involved
in data analysis. We have observed that this approach makes
the learners develop stronger connections among the con-
cepts and prepare them better for deep treatment of the
topics.

The new course hence developed, ’"Math Foundations for De-
cision and Data Science, is a core course for the pursuants
of graduate degree in Engineering Management, Industrial
& Systems Engineering and Artificial Intelligence. It would
become immediately apparent to the reader that the career
goals of the students pursuing these degrees would be differ-
ent. There is also a strong possibility that the students enter
the program with different levels of exposure to these con-
cepts. The commonality among the students is their desire
to pursue professional careers using data skills.

In recent years there has been growth in adoption of open
source software and availability of public domain data. This
has created an interesting scenario of using evidence based
data science skills for screening candidates [1]. Hiring com-
panies now regularly do hands-on problem solving, and oc-
casionally host data competitions on platforms like Kaggle
to reduce the pool of applicants. Merely studying the course
is no longer sufficient, having experiential evidence either as
an active github repository or long form written blogs or a
rudimentary web application is becoming increasingly desir-
able.

The challenge then as an instructor becomes organizing the
content and designing assessments that would not only meet
the needs of the mixed experience level students but also
enable them to meet the demands of the companies hiring
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for data skills.

2. AUTHENTIC ASSESSMENT

The need of the students is to develop hands-on understand-
ing of approaches for turning unstructured data into infor-
mation. This includes being able to manipulate data using
statistical software and draw inferences based on the under-
standing of the approaches. To translate that into a lesson
plan, it is essential first to catalog concepts students need
to master and assessments to evaluate if that objective was
achieved. That is in essence the philosophy of reverse in-
structional design, [23]. Among the different types of as-
sessments, the first step is to design the high stakes cumu-
lative assessments (also known as summative assessment)
subsequently followed by designing low stakes assessments
that would serve as scaffolding assessments (or formative
assessment) and eventually resulting in development of les-
son plans. A more nuanced distinction among the different
types of assessments can be found in the paper [10].

An important guiding concept in rethinking course delivery
is authentic assessment [21], [22]. It has been explained as
, “... representative challenges within a given discipline.
They are designed to emphasize realistic (but fair) com-
plexity; they stress more on depth over breadth. In do-
ing so, they must necessarily involve somewhat ambiguous,
ill-structured tasks or problems.” [17]. The article lists var-
ious characteristics of authentic tasks. In particular it clari-
fies distinction between hands-on and real world learning by
stating that the latter focuses on the impact of the solution
versus the former focuses on creating or building artifacts
as a demonstration of understanding. There has been some
work of interpreting what authentic assessment means for a
statistics class over the years [9], [12], [8], [14]. The needs
of the industry and the students have evolved since then.
In this paper we revisit the assessments ensuring the assess-
ments meet the guidelines [4] among others of timely and
constructive feedback and opportunity for reflection among
the students.

Another useful concept is the connection between knowl-
edge, skill and course learning objectives [19], illustrated in
Figure 1. Developing hands-on data analysis skill is crucial
not only for demonstration of the knowledge but also under-
standing of the concepts, succinctly put as “students learn
best when they practice and perform on their own” [18].

3. DESIGNING ASSESSMENTS

An authentic cumulative assessment for a data analysis course
is a data analysis project. For learners getting started in
the field that would include understanding data using de-
scriptive statistics, visualizations of trends and patterns,
data quality checks, feature preprocessing, statistical infer-
ence to test hypotheses and a predictive model (simple lin-
ear regression or logistic regression). For the course, the
project was split into three intermediate submissions, the
first one around data selection and data quality checks, sec-
ond on performing exploratory data analysis and generat-
ing hypotheses, third using statistical inference and pre-
dictive models. To make it authentic, students were given
the agency to select a dataset that interested them [20].The
tasks were inherently unstructured due to the fact that the
students picked a different dataset with different challenges,
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Figure 1: Relaionship between knowledge, skill and course
learning outcome from Focus on skill mastery, not knowledge
acquisition by Toikkanen

but the task was scaffolded by providing a rubric to set ex-
pectations and providing guiding questions to walk them
through the thought process of the analysis. Data analysis
projects are part of data science courses, and are usually
implemented as a group project[5]. We propose individ-
ual data analysis projects with peer evaluations for selected
milestones.

Aware of the potential failings of unstructured projects [13],
we developed formative assessments that scaffolded skills re-
quired for the final project but on preprocessed data and
better defined tasks. This enabled the students to focus on
the approach and interpretation one task at a time.

To balance experiential learning, the assessments also needed
to evaluate for understanding of concepts. For this course,
that was implemented as a multiple choice quiz. This form
of assessment was focused on topic specific understanding so
it was delivered after the end of each of the four modules,
namely linear algebra, probability, statistics & optimization.

Finally the lessons were then designed to demonstrate the
mathematics of the approaches and illustrated the concepts
with applications and in-class worked-out examples.

3.1 Equity grading

The change in course assignments was designed and imple-
mented during the 2020 COVID pandemic and inequity in
the circumstances made it urgent to address the inequity
in student learning. Elements of equity grading [7] were
incorporated by allowing resubmission of the assignments
and quizzes to improve understanding. The resubmissions
specifically focussed on fixing the gaps in understanding. It
also included a reflection component for students to become
aware of their learning patterns. The other aspect of eq-
uity grading was removing the penalty for late submissions.
This drastically reduced missing submissions. Homework as-
signments and formative submissions focused on practicing
statistical programming language such as R/Python skills.
Creating milestones for the project submissions, reduced the
cognitive load of planning for an end to end data analysis
project.

3.2 Pedagogy Effectiveness



From the informal discussion with the students during class
and office hour, the students reported finding value in the
project component. Every semester a survey is sent to all the
students to evaluate teacher and teaching effectiveness. The
survey has ten questions and one among them is “Used as-
signments that enhanced learning.” The score on this ques-
tion was used to compare against the delivery of the same
content in two semesters. One with the assessments detailed
in previous sections and one without. The score for the end
of semester teaching evaluation question increased from 4.4
to 4.6 after implementation of the assessments described in
the paper.

3.3 Observation and Reflection

Unstructured assignments are hard. That is not surpris-
ing for anyone who is familiar with cognitive psychology.
Novice learners lack useful mental models to perform tasks
efficiently as an expert [6]. Further most students entering
this class have been part of systems where they were used to
being told what to do. This was reflected in some students
having difficulty in making decisions as simple as selecting
a dataset. Chunking up the summative assignments that
students submit over the course of a semester for feedback
and improvement before submitting the final project at the
end of the semester improved the quality and also reduced
the stress level among the students.

By introducing authentic assignments, the challenge often
encountered in a mixed skills class room was addressed. Stu-
dents on both sides of the spectrum of fluency in program-
ming skills and prior exposure to concepts felt challenged
and exhibited learning. It was observed that the students
chose and analyzed the dataset according to their skill and
experience level in the field. Students with prior exposure
picked a more nuanced dataset to challenge themselves and
relatively novice students were able to exhibit similar ap-
proaches on a simpler dataset.

Making the assignments more unstructured made it appar-
ent as an instructor what concepts students struggle with
the most[11]. Providing the opportunity to work on the cor-
rections for credit, motivated students to fix their gap in
learning. The project gave them the autonomy to apply the
concepts they were learning in the class on the dataset of
their choice further increased their engagement and under-
standing of end-to-end data analysis projects.

3.4 Next Steps

Designing the assessments as detailed in the previous sec-
tion, provided a novel perspective into gaps which the struc-
tured assignments often miss. Traditional assignments and
exams provide well defined problem statements, where the
student most often is tested on how they perform the anal-
ysis but less frequently on formulating the analytic prob-
lem. This enabled the instructor to develop scaffolding tasks
and formative assessments to focus on particular skills. Ad-
ditionally there are other pedagogies that could be incor-
porated to develop the student to become an independent
learner. Another potential next step could be to give the
choice to the student to collect data for analysis [2].

4. INSIGHTS AND RECOMMENDATIONS

A systems thinking approach to designing the assessments
for a foundation course can be extended to other courses as
well. The key difference between novice learners and expe-
rienced learners [6] is the richness of the mental models and
density of connections. Exposing learners to the end to end
process of data analysis, including data preprocessing, ask-
ing questions and translating that into analytic questions,
tasks which are often missing from traditional assessments,
provides a more authentic experience. A hands-on appreci-
ation of the iterative nature of data analysis projects makes
them better prepared for the real world tasks. Applying the
concepts using open source programming languages adds to
their skills repertoire.

The key insight and recommendation from the experience
has been to have at least one course in the curriculum that
uses the systems thinking approach to the tasks in the field.
A survey conducted among data science educators found
that systems thinking is often omitted from the data sci-
ence curriculum[16]. That is a lost opportunity to prepare
learners to be holistic thinkers and better prepared to en-
ter a professional world,[3]. This gap can be reduced with
assignments that provide a taste of the authentic challenges
in the discipline.

S. CONCLUSION

One might ask the question - What place does an applied
project have in a Math Foundations course? Shouldn’t the
learning objective be to develop mathematical fluency un-
derlying machine learning approaches? That is an important
question and the answer resides in the learners to whom this
course is targeted. As briefly mentioned in the introduction,
the course attracts students from a variety of disciplines and
different experience levels. Most of the students are look-
ing to apply their education via internship or a full time
job in the field. Employing a systems thinking approach
in organizing the topics and designing the assessments has
addressed the challenges of keeping mixed skills level class
engaged, equipping the students with experiential learning
using authentic tasks to become contributing professionals
and tying foundational concepts from linear algebra, proba-
bility, statistics and optimization, each justifiably a semester
worth topic, into one cohesive whole. The lectures focus on
providing the mathematical intuition for the approaches and
the assignments provide the much needed practice of appli-
cation of those concepts.

Apprenticeship has always been an excellent way to gain
knowledge as they expose the student to not only learning
the craft better but also learning the context. In the class-
room, sometimes the context is lost or the analysis is so
tunneled that the onus is left on the student to figure out
the whole life cycle. Systems thinking of designing authen-
tic assessment and equity based grading has given the stu-
dent experiential understanding of end-to-end data analysis
projects.
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