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ABSTRACT
Due to workforce demands and changing societal needs, ideally all university students, regardless of
major, should have the opportunity to gain some level of data acumen in their university career. This
article provides thoughtful methods of analysis for measuring how a higher education institution serves its
students in providing opportunities to achieve three different levels of data acumen. Using one institution as
a case study, the results show that overall students need more exposure to data analysis skills. The methods
presented can be generalized and applied to other institutions worldwide thus contributing to the literature
on how to assess students’ attainment of data acumen in their undergraduate experiences.
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1. Introduction

The demand for people educated in statistics and data science
has grown tremendously over the past decade. Jobs related
to statistics and data science are expected to grow by about
33% between 2024 and 2034 (https://www.bls.gov/emp/tables/
occupations-most-job-growth.htm). Moreover, new founda-
tional skills of the digital age for all jobs include working
with data and making data-driven decisions (Business Higher
Education Forum (BHEF) 2018). Key attributes to be successful
in jobs are good computing, analytic and statistical skills, good
communication skills, ability to work with real data, ability to
tell a story with data both verbally and visually, and the ability to
work as a team (Davenport and Patil 2012; Holdren and Lander
2012; Zorn et al. 2014). While it is clear that today’s workforce
demands require increased data acumen (National Academies
of Sciences, Engineering, and Medicine 2018), general societal
demands also require more data skills (Gould 2010) Data
skills are needed to digest and read the news (Engel 2017), to
determine whether information is fake or real (Mihailidis and
Viotty 2017), to make data-driven decisions with health, and
to interact with technology online or through devices such as
apps, cell phones, and padlets that are collecting data on all of
our habits every day.

Because of these needs, it is important that students in all
disciplines graduate from college with at least some level of data
acumen. While there has been clear agreement that students in
STEM need to develop data skills, we contend that some level of
data skills is needed for all undergraduate students, regardless
of their major, merely to serve as engaged participants in society
today. In this article, we define three levels of data literacy: Basic,
Proficient, and Advanced. This article then presents a method-
ology for measuring whether a university provides students
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with the opportunity to achieve these different levels of data
literacy. Our goal is to illustrate a process institutions can follow
to measure the opportunities to learn students have at their
institutions. As universities aim to better prepare their students
for workforce and societal demands, it is not clear whether
adequate opportunities exist within university structures for
students to deepen their data acumen as they progress through
their education. Our methodology provides a systematic and
rigorous way to assess the opportunities of a student within a
university.

2. Background

Universities in the United States typically have statistics course
offerings in several different departments across campus.
Because it is very common to have statistics courses housed
in different disciplines (e.g., mathematics, computer science,
psychology, economics), the American Statistical Association
(ASA) and Mathematical Association of America (MAA) have
offered guidelines for teaching introductory statistics targeted
at non-statistics departments (see https://www.amstat.org/
docs/default-source/amstat-documents/edu-teachingintrostats-
qualifications.pdf ). In addition, several documents published
by other disciplinary-specific professional societies describe
the statistical and data-related understanding necessary for
students within the discipline (e.g., American Sociology
Association/ASA, American Economics Association). Often
times topics included in courses offered by various departments
overlap and yet their prerequisite structures do not allow a stu-
dent to move from a statistics course offered in one department
to a more advanced course offered by another department,
thus, potentially hindering a student from progressing their
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data skills. Departments, often rightfully, argue that the type
of statistical techniques needed are discipline specific and thus
necessitate the offering of a course within a specific discipline.
Because data skills are not necessarily gained solely in statistics
majors, it is therefore important to understand the full picture
of where students have access to data-analytic skills in an
undergraduate education. It is particularly salient that the
promotion of diversity is kept under close watch as accessing
opportunities to gain data-analytic skills in undergraduate
education promotes subsequent success in the work-force.
Although specific statistical and data analysis techniques do
vary from discipline to discipline, certain basic themes of
working with data should be present in all courses (Bargagliotti
et al. 2020). Moreover, it is suggested that statistics instruction
focus on interpretation and understanding instead of the mere
application of formulas (Carver et al. 2016).

3. Learning Outcomes

To begin measuring the opportunities students have at a uni-
versity to achieve data acumen, an inventory of courses being
offered across departments at an institution must be taken. Once
such classes are identified, then one must understand the data
skills being targeted in each class and how the classes fit together
within a university prerequisite structure. Learning outcomes
are a popular and useful manner in which universities set goals
for student learning within courses. A university may use pre-
determined learning outcomes or make learning outcomes of
their own to help assess student opportunities. In this article, we
will illustrate the developed methodology using a set of 13 learn-
ing outcomes (LOs) for undergraduate statistical literacy (see
Table 1) defined in Bargagliotti et al. (2020). The authors devel-
oped these LOs using data from a survey and cross-disciplinary

working group discussions. They subsequently validated the
learning outcomes using a community survey and study.

Using these 13 LOs, we define three levels of data literacy.
Bargagliotti et al. (2020) used the LOs specified in Table 1
to define Advanced data literacy for undergraduate students.
Advanced Data Literacy refers to the completion of all of the
13 learning outcomes. An undergraduate completing this level
would be deemed as an undergraduate expert with a high level
of data acumen. In this article, we define two additional levels of
data literacy: Basic data literacy and Proficient data literacy.

Basic data literacy is defined by learning outcomes 1, 2, 3, 7,
8, and 9 as specified in Table 2. These learning outcomes focus
on the statistical process, descriptives, visualizations, commu-
nication, design, and limitations, and being critical consumers.
The Basic level requirements to represent the learning outcomes
that hopefully every undergraduate student graduating should
achieve. We argue that every student in today’s society must have
some level of data acumen. The Basic level focuses specifically
on skills needed for existing in society today.

We also define an intermediate level, Proficient data literacy,
that builds upon the Basic level yet does not aim to meet the
Advanced level. Proficient is defined by additional LOs of 4, 10,
and 11. These three LOs refer to basic inferential statistics, mul-
tivariate questions and problems and introduction of software
(see Table 2). The Proficient level is meant to be above a level
that all undergraduates should achieve and introduces a degree
of specialization. It might be expected that students in STEM
disciplines or business might be likely to aim for a completion
of the Proficient level.

The definitions of levels of data acumen may vary as an
institution chooses their goals. The levels defined in this article
are merely exemplary so that the proposed methodology can be
illustrated.

Table 1. Learning outcomes for undergraduate data literacy.

Learning outcomes Description

1 (Univariate Statistical Process) Students formulate and/or address questions about univariate data, collect/consider univariate data,
analyze univariate data, and interpret results

2 (Descriptive Measures) Students can calculate and interpret descriptive measures for quantitative and/or categorical variables to
describe characteristics of the data

3 (Data Visualization) Students create and interpret basic data visualizations for quantitative and categorical variables
4 (Basic Inferential) Students can carry out, and interpret basic inferential statistical procedures for one or two samples
5 (Bivariate Processes) Students can carry out, and interpret results from estimating statistical models for bivariate data (e.g., linear

regression, interpolation, extrapolation, predictive inference)
6 (Data-driven Projects) Students carry out and communicate results from extensive data-driven project(s) related to a real-life

problem (extensive is defined as having a single project that takes more than two weeks to complete or a series of projects that
take more than two weeks to complete and are worth at least 25% of the final grade)

7 (Communication) Students communicate their analyses and the interpretations of their results in a manner that is appropriate to
their discipline in the context of the data (e.g., communication could be emphasized with presentations, oral explanations of
results, oral/written answers for in-class work, written explanation of results)

8 (Design and Limitations) Students can explain the implications of study design, can select appropriate statistical methods for data
analysis, and can explain limitations of their analyses and interpretations

9 (Critical Consumers) Students become critical consumers of statistically-based results reported in popular media, recognizing
whether reported results reasonably follow from the study and analysis conducted

10 (Multivariate Statistical Process) Students formulate and/or address questions about multivariate data, collect/consider multivariate
data, analyze multivariate data, and interpret results

11 (Software) Students use current statistical software or statistical packages that are appropriate to the discipline and context beyond
basic Excel or a calculator

12 (Programming) Students write a program (using a programming language) to analyze data or extract information from the data
13 (Advanced Methods) Students study at least one type of advanced data-analytic methods such as (not limited to): generalized linear

models, Bayesian analysis, advanced probability theory and stochastic processes, nonlinear models, machine learning, advanced
study-design, big data analysis, econometrics, or statistical computing

∗Italicized descriptions represent brief labels that will be used to describe the learning outcome throughout the article. For example, learning outcome 1 will be referred
to as LO 1 (Univariate Statistical Process).
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Table 2. Definitions of data literacy levels.

Data literacy Learning outcomes met

Basic 1, 2, 3, 7, 8, 9
LO 1 Univariate Statistical Process, LO2 Descriptive Measures, LO3 Data Visualization, LO 7 Communication, LO 8 Design and
Limitations, LO 9 Critical Consumers

Proficient 1, 2, 3, 4, 5, 7, 8, 9, 10, 11
LO 1 Univariate Statistical Process, LO2 Descriptive Measures, LO3 Data Visualization, LO 4 Basic Inferential, LO 5 Bivariate Processes,
LO 7 Communication, LO 8 Design and Limitations, LO 9 Critical Consumers, LO 10 Multivariate Statistical Process, LO 11 Software

Advanced 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13
(all of the LOs)

Table 3. Course descriptives.

Liberal Arts College

Department Course Title Number of Prerequisites

AFAM African American Studies Research Methods 0
ECON Introductory Statistics 1
ECON Accelerated Intro Statistics 0
ECON Econometrics 3
ECON Advanced Econometrics 1
POLS Empirical Approaches 1
POLS Advanced Empirical Methods 1
POLS Public Policy Analysis 0
PSYC Statistical Methods for Psych 1

PSYC Research Methods 2
PSYC Advanced Research Methods 4
SOCL Quantitative Research Methods 0
Department Course Title Number of Prerequisites
AIMS Database Management Systems 2
AIMS Analytics & Business Intelligence 1
AIMS *SS:Intro to Big Data & Data Science 0
BADM Analytical Concepts/Methods for Business 0
Department Course Title Number of Prerequisites
EDES Research Methods/Early Childhood Assessment 0

College of Science and Engineering

Department Course Title Number of Prerequisites
BIOL Biological Databases 0
BIOL *SS: Biostatistical Analysis 0
CMSI Biological Databases 0
CMSI Artificial Intelligence 2
MATH Elementary Statistics 0
MATH Applied Statistics 1
MATH Intro Probability/Stats 1
MATH *SS: Biostatistical Analysis 0
MATH Adv Topics in Probability & Stats 2
MATH *SS: Stats & Modeling for Teachers 0
MATH *Probability & Statistics Lab 0
MECH *SS: Statistical Design of Experiments 0

Source. Data retrieved from LMU Registrar’s Office, Upper Division in Dark Grey, Lower Division in light Gray, *Special Topics.
AFAM = African American Studies, ECON = Economics, POLS = Political Science, PSYC = Psychology, SOCL = Sociology, AIMS = Applied Information Management Systems,
EDES = Education, BIOL = Biology, CSMI = Computer Science, MATH = Mathematics, MECH = Mechanical Engineering.

4. Coursework

To show an example of the proposed methodology at work, we
use the courses at a mid-sized private institution in the western
part of the United States. At this institution, twenty-nine differ-
ent undergraduate courses dealing with statistics and data anal-
ysis were identified spanning the departments of African Amer-
ican Studies, Biology, Civil Engineering, Economics, Electrical
Engineering and Computer Science, Mathematics, Mechanical
Engineering, Political Science, Psychology, Sociology, the Col-
lege of Business Administration, and the School of Education.
The courses were identified by interviewing faculty, depart-
ment chairs, and deans across the university. In addition, course

descriptions were combed and course syllabi were consulted.
Table 3 shows all the courses and the number of prerequisites
each course has. Some courses listed in the table have multiple
course numbers due to cross-listings or changing courses num-
bers during the study period

Using the LOs in Table 1, each course was coded according
to whether it covered a LO or not. Therefore, 13 dichotomous
variables were created denoting whether or not a course met
each LO. For example, introductory statistics (calculus based)
offered in the mathematics department was flagged with LO 1,
LO 2, LO 3, LO 7, and LO 8. The flagging of the courses followed
a rigorous process described in Appendix A.
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The courses being offered cover a total of 11 different depart-
ments and therefore have a wide reach across the university.
As shown in the Table 3, The College of Liberal Arts offers 12
courses related to data; the College of Science and Engineering
offers 12, the College of Business Administration offers four, and
the School of Education offers one course. Of the 29 courses,
9 are lower division (shown in light gray) courses and 20 are
upper division courses (shown in dark gray). Of these upper
division courses, five were special reading courses offered in
small settings. Fifteen courses do not have any prerequisites,
eight have one prerequisite, four have two, one course has three,
and one course has four prerequisites. The high number of
courses with none or one prerequisite suggests high duplication
of content at the lower level entry courses and few offerings at
the upper division advanced level.

The economics and mathematics departments, not surpris-
ingly, offer the most courses related to data analysis at the
institution; economics offers four and mathematics offers seven
courses. However, of the seven mathematics courses, two of the
courses are special topics courses offered to students wanting
to be secondary teachers. The number of courses meeting dif-
ferent learning outcomes is not uniformly distributed across
lower division and upper division courses, nor is it uniformly
distributed across learning outcomes. Upper and lower division
courses can be distinguished by course numbering. A lower
division course may be numbered between 100 and 299 while an
upper division course may be numbered 300–599. Table 4 shows
the number of courses at each level by learning outcome. We
see that LO 1–LO 5 are primarily satisfied in the lower division
courses while LO 12 and 13 are only satisfied in upper division
courses. Few courses satisfy LO 9, LO 12, and LO 13; only eight
courses meet LO 9, six courses meet LO 12 and seven courses
meet LO 13.

Only one course meets the Advanced data literacy criteria,
five additional courses meet the Proficient criteria, and only
one additional course meets the Basic criteria. Table 5 shows
the courses meeting each level. As seen in the table, Advanced
Econometrics meets all of the LOs for Advanced data literacy.

Interestingly, none of the mathematics courses meet the
entirety of even the Basic data literacy criteria. The two
introductory statistics courses offered by the mathematics
department, Elementary Statistics and Applied Statistics, each

miss the Basic literacy criteria by one LO. Elementary Statistics,
which is taught as a general education course does not meet LO 8
(Design and Limitations), and Applied Statistics, which carries a
calculus prerequisite, does not meet LO 9 (Critical Consumers).

5. Methodology for Assessing Students’
Opportunities to Learn

Once courses are identified and learning outcomes are flagged
for each course, we then employ an algorithm to determine
the possible pathways students can take to achieve the different
levels of data literacy and subsequently a cluster analysis to
examine similarities and differences of the pathways.

5.1. Prerequisite Structure and Pathways

The prerequisite structure of the courses can be studied in
order to illustrate which courses and departments are connected
to others. Studying the prerequisite structure gives an impor-
tant snapshot of the possibilities that students have or don’t
have to access different data-related courses across a university
campus. Courses are inherently connected through prerequisite
structures in place at the university. For example, several math
courses, such as a semester of calculus and a semester of linear
algebra, may be required to enroll in an advanced economics
course.

Figure 1 illustrates the course dependencies of the 29 courses
at the example institution as well as their prerequisites. Each
course on the network graph is represented by a colored node
on the graph. The color of the node represents the department
the course is housed in. Two courses are connected by a direc-
tional arrow if a course is a prerequisite for another course. For
example, MATH 112 has an outward arrow going to MATH 204
which means that 112 is a prerequisite for 204. While calculus
does not contain data analysis, it is represented by a node on
the graph because it is a prerequisite to several data courses. If a
group of arrows is depicted in color, then an “OR” prerequisite
structure is in place, such that any one of those prerequisites is
sufficient. For example, AIMS 3770 in blue has a prerequisite
of either ECON 3050 or ECON 3100 since those arrows are
the same color and point toward the node for AIMS 3770.

Table 4. Number of courses at each level fulfilling each LO.

Course Levels LO1 LO2 LO3 LO4 LO5 LO6 LO7 LO8 LO9 LO10 LO11 LO12 LO13

100- 1 1 1 1 0 1 1 0 1 0 0 0 0
200- 8 8 7 8 8 5 6 7 3 5 6 0 0
300- 4 5 3 4 2 4 4 2 1 4 3 2 1
400- 5 6 5 5 6 6 6 5 2 6 5 2 5
500- 2 2 2 2 2 2 2 2 1 2 2 2 2

Table 5. Courses that meet all LOs for basic, proficient, or advanced levels.

Basic Proficient Advanced

Political Science: Public Policy Analysis Economics: Econometrics Economics: Advanced Econometrics
Political Science: Empirical Approaches
Political Science: Advanced Empirical Methods
Psychology: Statistical Methods for Psychology
Sociology: Quantitative Research Methods
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Figure 1. Network graph of prerequisite structure among data-analysis courses.

Otherwise, uncolored arrows indicate an “AND” dependency
(all prerequisites to that course must be met).

The network visual immediately reveals that political sci-
ence (orange), psychology (lavender), African American studies
(yellow), education (pink), and sociology (purple) have siloed
statistics offerings. On the other hand, we see that, as expected,
mathematics (red nodes) is a key player for prerequisites for
economics, computer science, and business. Computer science,
economics, mathematics, biology, and business are intercon-
nected; specifically, mathematics is the connector with all of
these other departments since mathematics courses are prereq-
uisites for certain courses in these other disciplines (and not the
other way around). We also see that there are a total of eight
of the identified data-analysis courses that have no prerequisite
attachments (indicated by the singleton nodes on the top right
of the graph). This means that these courses can be taken by any
student at any time, however, this also means that these courses
may not lead a student to more advanced data courses (although
they may contribute by satisfying one or more LOs).

Given the prerequisite structures that are in place at the
example university, we then find all possible “pathways.” See
Rovetti and Bargagliotti (2025) for the description and proof
of the algorithm used to generate the pathways. We define a
pathway as a set of courses that meet all of the required LOs
per level and that contains all possible prerequisites, even if the
prerequisite is not a data analysis course. The pathways must be
maximally efficient, in that no course can be removed without
causing the pathway to no longer meet the requirements of the
level LOs. We are interested in finding all possible pathways
at the university for reaching all three different levels of data
literacy. Once all possible pathways are found, we consider the
feasibility of students being able to follow a pathway using a
number of metrics and subsequently using clustering methods
to identify key critical courses. We begin by defining the total

Table 6. Number of pathways by level.

Data literacy Total number of Median number of
level possible pathways courses for pathways

Basic 22 5
Proficient 40 6
Advanced 104 11

number of individual courses in a given pathway to be the
Pathway Length.

For each of the levels of data literacy, Table 6 shows the
number of possible pathways that are available for students to
complete as well as the median number of courses within a
pathway for each level.

The number of possible pathways is large which is encourag-
ing. Note that the number of possible pathways increases as the
levels increase due to the number of ways each Basic pathway
can be extended to meet the requirements of the subsequent
levels of Proficient and then Advanced. While the number of
pathways gives the complete picture of what is possible, many of
the pathways are not in fact practical for a student to pursue. We
also note that some pathways are minor variations of other path-
ways, with only the choice of a lower-division, non-LO bearing
prerequisite course distinguishing them. Figure 1 illustrates an
example of the shortest (least number of courses) and longest
(largest number of courses) pathways for each level.

The shortest pathways for the Basic and Proficient level both
consist of only one course. This is because “Sociology 2100,”
entitled Quantitative Research Methods, meets all of the LOs for
both levels. In contrast, the shortest pathway for the Advanced
level is given by a five-course sequence consisting of mostly
economics classes with one pre-requisite math course. This
pathway shows that students in the economics program have a
viable pathway toward meeting the Advanced LOs.
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One of the longest pathways for Advanced literacy level
requires a total of 19 courses in 6 different departments. This
is because only a small number of classes exist that meet the
higher level LOs and these courses require many prerequi-
sites. Longer pathways may require students to take many extra
courses potentially outside of their major. Even at the Basic level,
a longest pathway may have 10 courses in it.

Measures of Feasibility. Because pathways may vary widely
in length, we further characterize each pathway in terms of
the course burden placed upon students enrolled in various
academic programs (e.g., economics major, mathematics major,
film major). For a given pathway, we then define the Minimum
External Cost (MinEC) to be the lowest external cost incurred
by that pathway over all programs. Similarly, the Maximum
External Cost (MaxEC) is the highest external cost over all pro-
grams. The MinEC and MaxEC represent the best- and worst-
case scenarios, respectively, for a given pathway. We also count
for each pathway the Number of Programs with External Cost less
than 4 (NPEC4), as a way to measure the general accessibility
of that pathway to students across curricular departments. For
example, the longest pathway pictured in Figure 2 for basic lit-
eracy has a minimum external cost of 2 courses for Accounting
majors, and a maximum external cost of 10 courses for all those
majors which require none of the 10 courses in that pathway
(e.g., History). The longest pathways in the Proficient level in
Figure 2, has a minimum external cost of 3 courses for Computer
Science majors, and a maximum external cost of 12 courses. The
Advanced longest pathway in Figure 2 has a minimum external
cost of 10 courses, again for Computer Science majors. These
external costs illustrate the difficulty some students may have
with access if they are not in certain majors. These analyses
provide enlightening insights about how university structures
might hinder or help student access to data literacy.

Because students have their own major requirements as well
as general education requirements to fill their schedules, it is
ambitious to expect a student to take more than 1–3 elective
courses related to data analysis. This bodes well for achieving
the Basic and Proficient levels. Table 7 shows that all majors
can achieve Basic and Proficient by taking only one extra course
outside of their major (external cost = 1). This is because there is
one course, namely Sociology: Quantitative Research Methods,
that has no prerequisites and satisfies all Proficient-level LOs,
and there are two courses, namely again Sociology: Quantitative
Research Methods and Political Science: Public Policy Analysis,
that meet all the Basic-level LOs. However, the fact that only one
or two specific courses are available to gain these literacy levels
at low external cost shows that there is in fact very little flexibility
for students (e.g., since the course could not be offered one year,
the course could be closed to non-majors). Also, while these
courses may meet these particular literacy levels, the subject
matter might be far from a students’ interest or assume some
disciplinary background that is not reflected in the prerequisite.
For example, although Political Science: Public Policy Analysis
has no prerequisites, it is an upper division course and thus does
assume a high level of interest in the specific topic of public
policy.

Achieving advanced literacy proves even more difficult. The
external costs are high thus showing there are prerequisite
university structures that possibly hinder students’ ability to

become advanced data literate. Only one major can reach
Advanced literacy with an external cost of 0 (Economics), six
majors can reach Advanced with an external cost of 1, 11 majors
with an external cost of 2, and 3 majors with an external cost
of 3 extra courses. All 32 other majors at the institution have
external cost greater than 3.

5.2. Cluster Analysis

The other component of our proposed methodology relates to
identifying the key critical courses in the pathways by applying
a standard clustering algorithm to group together pathways
based on specific shared course components. Applying clus-
tering methods allows for us to analyze potential road blocks
toward ease of achievement for students toward the three differ-
ent literacy levels. Clustering approaches group together items
(in this case, pathways) based upon some predefined measure
of similarity, and both the number of clusters achieved and
the notion of similarity is dependent on how fine a distinction
between items one wishes to make. Here, the measure of sim-
ilarity we use is the Jaccard Index (Everitt, Landau, and Leese
2009). Given any two pathways, the Jaccard Index is computed
as

J = n11
n1

where n11 is the number of courses present in both pathways,
and n1 is the number of course present in both pathways com-
bined. Since n11 ≤ n1 for any two pathways, the Jaccard index
ranges from J = 0 (the two pathways share no courses in
common) and J = 1 (the two pathways share all courses in
common, and therefore must be the same pathway).

Once these distances are computed between all pairs of path-
ways, we employ hierarchical clustering to assign each pathway
to a distinct group. A number of methods are available to create
these groups. We use a bottom-up approach known as “complete
linkage.” This method operates by iteratively agglomerating two
smaller clusters into one larger cluster, if those two clusters
are “the most similar” of all existing clusters (see James et al.
2013). The resulting clusters are then examined to determine
which critical courses were essential to defining each cluster of
pathways.

As an example, we show how this cluster analysis can be
used for the Advanced level on all of the possible pathways.
It is important to note that an institution using the proposed
methodology may choose to limit the pathways considered in
the cluster analysis to only those that are feasible or that make
sense from a subject and major perspective. Here we use all of
the possibly Advanced pathways merely to show the process,
however, we recognize that due to the combinatorical nature of
counting all of the possibly pathways, there are some pathways
that are not feasible for students.

The cluster analysis reveals seven major groupings of path-
ways each grouping being characterized by the presence of one
or two key courses. Each terminal node in Figure 3 depicts
one of the 104 Advanced data pathways (pathways that shared
the same LO-bearing courses are merged into a single node).
Pathways that are located close together by distance within the
graph are those that share large number of LO-bearing courses
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Figure 2. Example long and short pathways for each level.

Table 7. Number of majors per level for each amount of external cost.

External cost = 0 External cost = 1 External cost = 2 External cost = 3

Basic 7 All majors – –
Proficient 7 All majors – –
Advanced 1 6 11 3
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Figure 3. Cluster diagram for advanced pathways.

(the measured path lengths along the edges of the graph are
directly reflective of the computed Jaccard index values).

The right side of the Figure 3 contains 49 rows corresponding
to the 49 essential pathways, with markers indicating the
individual courses contained in each pathway.1 To the left is

1After removing the non-LO bearing courses from the pathways, there
remained 49 essential pathways that defined the basis for the clustering.

a branching structure that encodes the relatively similarities
between pathways, as measured by the Jaccard Index. The
branching structure can be read much like an evolutionary tree.
Pathways which are most similar to each other (as measured
by the Jaccard Index) are located next to each other, and as the

After clustering was completed, each of the original 104 Advanced data
pathways were then assigned to their matching cluster.
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Figure 4. Cluster analysis of advanced pathways.

clusters evolve (moving leftwards) we see pathways coalescing
into larger and larger groups, until there are seven major clusters
remaining. Another way to visually see the clusters is provided
in Figure 4. Pathways that share the same color not only are
close together and thus have many courses in common but they
also are each characterized by specific individual “key” courses
that satisfy the Advanced LOs.

Individual courses were identified as “key courses” if they
were dominant in a given cluster, and were generally absent in
all other clusters. Table 8 gives the characteristics of these key
courses color coded by cluster.

As seen in the table, there are ten courses which serve as “key
courses” and define the clusters; these courses derive from five
separate programs: Economics, Computer Science, Mathemat-
ics, Information Systems, and Psychology. Some of these clusters
are more feasible than others in terms of practical completion.
For instance, Cluster B (which is defined by the singular pres-
ence of Advanced Econometrics) has an average pathway length
of 5 courses (due to the four prerequisites needed for Economics
5320). The next-shortest cluster is Cluster G, with an average
pathway length of 6.4 courses. Cluster D has the longest average
pathway length (12.6) and would not be a practical choice.

The average Minimum External Cost is lowest for Clusters
B, C, F, and G, with average values all below three courses,
indicating that there exists at least one or two majors for whom
these are feasible pathways. While the pathway length is high for
Cluster C (Computer Science) in particular, its average MinEC
is still low, due to the fact that computer science majors would
be taking all of those courses as part of their proscribed major.

Because the prerequisites for each key course can generally
be assumed to be within the same respective programs, we
can draw the general conclusion that students enrolled in Eco-
nomics, Computer Science, Mathematics, and Advanced Infor-

mation Management Systems currently have a viable pathway
to achieving advanced-level literacy that does not entail taking
an undue number of extra courses. We can also note that the
10 key courses are all upper-division courses, most of which are
fairly highly specialized and field-centric, which may not appeal
to students outside of those programs.

6. Discussion and Conclusions

This article demonstrates an in-depth methodology to exam-
ine course offerings at a university. The developed algorithms
to analyze available pathways and the cluster analysis provide
methods for determining key courses, roadblocks, and potential
university structures that could hinder or help student access to
gaining data acumen.

The results from the case study institution indicate that there
are a large number of courses related to data being offered across
campus, a total of 29 courses across 11 different departments.
While the offerings are encouraging, these courses either miss
the mark on some of the important learning objectives necessary
in today’s statistics education or access to such courses is limited.
Access to Advanced data literacy is only really viable to four
majors at the university—mathematics, economics, computer
science, and business. Because gender imbalances might also be
present in these academic programs, from an equity perspec-
tive, the access concern is further exacerbated. While achieving
Advanced data literacy should be challenging, all students from
all major backgrounds should have access to a feasible pathway.

Using the methodologies presented in this study, universities
are equipped with a guideline for examining their own curricula.
To improve course offerings and student access to data analysis
skills, perhaps several courses could also be adjusted to meet
specific LOs. For example, at the case study institution, two
mathematics courses miss only one LO to classify them as
meeting all of the LOs needed for proficiency. Such courses
could be purposefully redesigned to ensure that specific LOs are
covered that meet the requirements. We found that prerequisite
structures hinder student progress toward the different data
literacy levels, particularly to the advanced level. Because only
a handful of courses across the university meet the difficult
LO requirements, there are few pathways that exist that make
sense for students. To achieve certain LOs, students incur large
external costs. It would not be plausible nor advised for each
department to develop their own pathway. This would lead to
further siloes and more duplication of efforts across an insti-
tution. Instead, a suggestion would be to create an advising
group that collaborates on cross-department course offerings
and provide each department with a pathway mapping to help
advise their students.

It is well documented that data acumen is a worthwhile and
needed skills in today’s workforce and society. Universities need
to address the issue of preparing students to meet these societal
needs in a pro-active and effective manner. There is certainly
student demand for the acquisition of data skills. For exam-
ple, recent data shows that from 2016 to 2017, undergraduate
degrees earned in statistics grew by 22% to a total of 3398
(these include both statistics and biostatistics programs) offered
across 132 institutions (Pierson 2018). Our goal as authors is to
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Table 8. Characteristics of pathway clusters.

Average Average number
Key Average minimum of programs with

Pathway upper-division pathway external cost external cost less
cluster courses length (MinEC) than 4 (NPECL4)

A ECON:
Econometrics

9.6 3.2 3.3

B ECON: Advanced
Econometrics

5.0 0.7 9.3

C CMSI: Artificial
Intelligence

11.7 2.7 3.1

D MATH: Intro to
Probability and
Statistics
AIMS: Business
Analytics

12.6 6.0 1.3

E PSYC: Advanced
Research Methods

8.7 4.7 1.0

F AIMS: Intro to Big
Data & Data
Science

7.9 2.9 0.8

G MATH: Intro to
Probability and
Statistics
MATH: Adv Topics
in Probability
and/or Statistics
MATH/BIOL:
Biostatistical
Analysis

6.4 2.7 2.1

offer a thought-provoking, systematic, in-depth way to look at
undergraduate course offerings. Our hope is that institutions
will rigorously evaluate the opportunities and access students
have to gain data skills.

Appendix

In this appendix, we provide details of the methods used to flag the LOs
met by each course as well as include a full descriptive table of all the 29
data courses and two large graphics describing the data pathways.

A total of 22 faculty raters participated in the course flagging/coding,
with different combinations of raters assigned to each course. Out of the
29 courses, nine were coded by one rater, 16 were coded by two raters, and
4 were coded by three raters. Coding occurred primarily over four Zoom
meetings in early April, 2019. The faculty raters who attended each meeting
received documents containing the learning outcomes, a set of coding
criteria (discussed below), a link to a Box folder containing syllabi for the
courses, and a link to a Google spreadsheet where they would enter their
codes for their assigned courses. These instructions for coding included the
following coding criteria, all of which had to be met for a course to satisfy
a given learning outcome:

1. The LO must be covered by course activities and pedagogy, as opposed
to simply being a pre-requisite.

2. The LO must be assessed during the course.

• Exams or specific assignments are sufficient for assessing “content”
outcomes

• “Process/skills” outcomes must be explicitly emphasized in the class
and impact a student’s grade, for example, through a single project, a
series of smaller projects, through assignments that require commu-
nication, assignments that require the use of software, and so on

• For group work to count as assessment, each person in the group
must be required to do work that addresses the outcome.

3. If the course has recently been updated, code it according to the way it
is currently being taught.

In addition, faculty were asked to write down their ratings for each
course privately before entering them into the Google spreadsheet, to avoid
seeing others’ ratings before making their own judgments.

After any questions about the coding criteria or process were answered,
faculty coded each of their assigned courses according to which learning
outcomes the course met, if any, and entered their ratings on the Google
spreadsheet. If the faculty raters for a given course were present at the
same session, they resolved any disagreements through discussion and
entered their final agreed-upon ratings in the spreadsheet, while keeping
their original ratings intact for reliability analyses. If the raters for a course
attended different coding sessions, they resolved any disagreements later
via offline or email discussions. Over the course of the coding session,
faculty raters pointed out ambiguities in the coding criteria and learning
outcomes. These ambiguities were resolved through discussion before these
raters made their independent judgments.

A handful of faculty raters could not make it to any of the coding
sessions; these raters received the materials described above via email and
coded their assigned courses individually. Once all of the raters had sub-
mitted their judgments, reliability analyses were conducted on the ratings
they had entered before resolving any disagreements.

The data for the 20 courses that received more than one rating were used
to conduct reliability analyses. Notes from the coding sessions and email
records post-coding sessions determined that disagreements between raters
fell into the following categories:

• Raters interpreted the learning outcomes differently.
• One rater did not fully apply the coding criteria when making his or her

independent judgment; upon discussion, the rater in question agreed
with the other rater(s) for the course and outcome in question.

• One rater had more specific knowledge about how the course is cur-
rently being taught.

• There were differences between raters in how they teach their respective
sections of a course.

Table A1 presents the frequencies of each type of disagreement for each
learning outcome.

When considering interrater reliability, only the disagreements due to
differences in how raters interpreted the learning outcomes are relevant
in the context of the study; the other sources of disagreement do not
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Table A1. Frequencies of reasons for disagreement between raters for each learning outcome.

Reason for disagreement

Differences in Criteria More specific Differences in
Learning interpretation of not fully knowledge about how how sections Not
outcome learning outcomes applied course is taught are taught reported

LO1 1 1 0 1 0
LO2 0 0 0 1 0
LO3 1 1 1 1 0
LO4 0 0 1 0 1
LO5 0 0 1 1 0
LO6 2 2 0 2 0
LO7 3 0 0 0 0
LO8 1 1 0 0 1
LO9 1 0 1 1 0
LO10 3 1 0 0 2
LO11 1 0 0 2 1
LO12 0 1 0 1 1
LO13 0 0 0 0 0

Table A2. Krippendorff’s alphas for the 20 courses with more than one rater.

Learning Outcome Alpha

LO1 0.78
LO2 1.00
LO3 0.86
LO4 0.86
LO5 1.00
LO6 0.79
LO7 0.55
LO8* 0.72
LO9 0.79
LO10 0.55
LO11 0.87
LO12 0.71
LO13 1.00

∗Only 19 courses received at least two ratings for Learning Outcome 8.

Table A3. Courses for which disagreements occurred on Learning Outcomes 7 and 10.

Course Disagreement on LO7 Disagreement on LO10

BIOL/MATH 388: Biomathematical Modeling *
ECON 230/2300: Introductory Statistics * *
ECON 235/2350: Accelerated Introductory Statistics * *
PSYC 241/243/2001: Statistical Methods for Psychology *
AIMS 3710: Database Management Systems * *

reflect differences in faculty’s interpretations of the outcomes per se. Thus,
if any disagreements were not due to differences in interpretation, those
differences were re-coded to match the final rating agreed upon codes. For
example, if two raters initially disagreed about whether a course met LO 1,
but then agreed that one rater had more up-to-date knowledge of how the
course was being taught, then that rating was re-coded to reflect the up-to-
date judgment. If the reason for a disagreement was unknown, the ratings
in question were left in disagreement.

Krippendorff ’s alpha was computed as a measure of interrater reliability
for each learning outcome. Compared with other measures of reliability
(e.g., Cohen’s Kappa), Krippendorff ’s alpha has the advantage of handling
situations with more than two raters, and situations where raters do not
necessarily code each case under consideration—as in the current study,
where each course was coded by a maximum of three out of 22 total raters,
and most courses were coded by two raters. Krippendorff ’s alpha penalizes
a set of ratings by how often they disagree on specific cases, adjusted for
how much disagreement would be expected by chance:

Alpha = 1 – (Disagreement observed/Disagreement expected by
chance)

An alpha of 1 represents perfect agreement, with lower values repre-
senting lower levels of reliability and 0 representing no reliability, that is,
only a chance level of agreement. While Krippendorff suggested a value
of 0.80 as strong evidence of reliability and 0.67 as a minimally acceptable

standard, interpreting alpha ultimately depends on how much uncertainty
across raters is acceptable given the goals of a study. Table A2 presents the
alphas for each learning outcome, calculated for the recoded ratings.

Alpha exceeds the rule of thumb of 0.80 for six of the thirteen outcomes,
and falls between 0.67 and 0.80 for another five outcomes. Learning out-
comes 7 and 10 each have alphas of 0.55, indicating fairly low reliability.
Table A3 presents the courses where disagreements occurred for each of
these two outcomes.

Five out of the 20 courses in the analysis accounted for all of the
disagreements that were due to differences in interpretation of outcomes
or to unreported reasons.
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