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Abstract
Faculty teaching data analytics at undergraduate level are often faced with the tension created by
student under-preparedness vis a vis underlying and assumed statistical prior knowledge and demands
of the course and time constraints. How do faculty close this gap given time constraints and a desire
and need to keep the field open to the very student that is likely to be under-prepared? In this paper,
we propose the use of flow diagramming as an accessible method for aiding the student recap and
upskill by dechunking unfamiliar processes, e.g. interpreting regression analyses, in ways that are time
efficient and also not alienating to the student. In preliminary data collected for this pilot study, we
found that the use of flow diagrams to close prior knowledge gaps in regression analyses significantly
improved student understanding without additional remedial instruction. Time saved can be directed at
core learning objectives of the analytics. And yet, accessible remedial tools like flow diagrams may help
retain underprepared students in analytics courses.
Keywords: Data Analytics, Regression Modeling, Flow Diagram, Flow Chart, Remedial Activity,
Remediation
1. INTRODUCTION
The demand for analytics knowledge among a
variety of users has in business school programs,
and
specifically
in
information
systems,
marketing and finance, led to the incorporation of
analytics into curricula at both graduate and
undergraduate levels. Though these programs
variously cater to different levels of user
expertise, from the casual user of analytics to
business analysts and data scientists (Watson,
2013, 2015), what they all have in common is an
expectation for a foundational understanding of

statistical concepts. As a result, (Arawjo, 2020)
data analytics courses typically stipulate an
introductory statistics course as a minimal
prerequisite because, for students of analytics,
statistical understanding is foundational to
explanatory statistical modeling, inferential
testing and predictive analytics (Shmueli &
Koppius, 2011). Yet statistics are and have often
been one of the most difficult subjects for
undergraduate and even graduate students to
grasp. For many higher education institutions, at
undergraduate level particularly, the challenge is
made compounded for the thousands of students
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who
graduate
high
school
underprepared for college.

academically

Many analytics courses are taught or delivered
from within information systems programs, and
therefore taught by information systems (IS)
faculty because of the large overlap between
business
analytics,
data
analytics,
and
information systems programs (Ceccucci, Jones,
Toskin, & Leonard, 2020). In environments where
the student population is diverse, faculty teaching
these courses have to manage conflicting forces,
including: meeting course objectives and
analytics content coverage, against balancing the
needs and foundational knowledge gaps of
underprepared students or students intimidated
by
the
underlying
statistical
content
notwithstanding the prerequisites we impose for
our undergraduate courses. Faced with these
constraints, faculty and programs, it seems to us,
have one of two options, accept that they have to
reteach statistical foundations and yield on some
the depth in analytics content; we see this in
programs that offer two undergraduate courses
that aim to cover introductory analytics:
descriptive analytics, predictive analytics and
prescriptive analytics. While understandable, the
downside of this approach is arguable watering
standards and increasing the cost of the program.
Approaches that require student to take a “pass/
fail test” to enter analytics courses may result in
systemically excluding students graduating from
weaker high schools. Another approach, in the
absence or complexity and controversy attending
remediation, would be for faculty to develop
innovative methods and approaches that readily
open access to underlying content even for
underprepared and/or students with low
confidence about the material. Such approaches
would strategically and efficiently assist in
reviewing underlying concepts to bring students
up to some speed while leaving time for coverage
of analytics course objectives.
The purpose of this study is to propose an
effective pedagogical, visual artifact that
increases student efficacy in “relearning” an
important underlying statistical concept for
analytics without explicit remedial instruction. In
this pilot study, we chose the topic of regression
analysis:
namely,
interpreting
and
communicating one of the most prominent and
commonly used statistical modeling techniques,
simple and multiple linear regression.
The
proposed artifact can be applied using a wide
range of tools (i.e., SPSS, R, Excel, or Python).
We
use
flow
diagramming,
an
easily
understandable and widely used pedagogical aid,
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to graphically depict, for the student, prior
knowledge (i.e. process or steps) required to
successfully interpret and communicate a
regression model.
2. BACKGROUND
In the experience of the authors, students taking
an introductory analytics course often arrive,
notwithstanding the typical statistics prerequisite,
with little or no recollection or understanding of
foundational statistical concepts. This lack of
understanding extends both theoretically and in
an applied sense. Specifically, our analysis from
two data analytics undergraduate courses taught
in the Fall 2019, at two regional universities, with
coverage of multiple linear regression revealed
the following challenges: 80% of students
struggled with interpreting and articulating the
regression coefficients; 60% of students had a
hard time explaining the role of R-squared; 30%
of students made incorrect conclusions about the
model fit.
These difficulties were not limited to regression
analysis, they extended to statistical inference,
for example. Undergraduate data analytics
students, in our experience, have difficulty
interpreting and communicating the results of
performed analyses. In reviewing prior literature
in statistics education, it shows that there are
three types of reasons for these difficulties:
affective (Ashaari, Judi, Mohamed, & Wook,
2011; Reid & Petocz, 2002), cognitive (Chiesi &
Primi, 2010), and pedagogical (Ramsey, 1999)
reasons. Weinberg & Abramowitz (2000, p. 1),
researchers in statistics education, concluded
that “our challenge is to find ways of presenting
information to our students so that it is
accessible, relevant, applicable and even vital to
their own areas of interest”.
The truism that students learn by doing survives,
but, from statistics education Ramsey (1999)
argued, more thought needs to be put into
designing exercises to meet specific objectives.
Ramsey distinguishes between three areas of
competency as students learn statistics: [1] the
opportunity to “gain mechanical skills” in
manipulating data and calculating (i.e. practicing
calculating
means,
variances,
correlation
coefficients, Student t’s and F ratios); [2]
“Exploring
the
tools”
(exploring
the
characteristics and properties of the statistics,
examining the behavior of the statistics and
discovering their limitations to gain a sense of
what the calculations are providing (e.g. students
should be able to guess-estimate the effect on
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variance of adding larger, smaller, equally sized
or zero sized data items. [3] The third task,
“application”, to be completed after [1] and [2]
above, is about the interpretation and use of the
calculated statistics. In introductory data
analytics courses, we may outsource the formal
learning of [1] and [2] above to statistics
prerequisite courses; [3] falls in the remit of our
primary analytics course objectives.
On the other hand, the introduction of technology
in statistics education shifted the approach to
teaching statistics in ways that are instructional
to data analytics. In particular, technology
encouraged a shift away from emphasis on
computations, formulas, and procedures to an
emphasis on “statistical reasoning and the ability
to interpret, evaluate, and flexibly apply
statistical ideas” (Ben-Zvi, 2000, p. 130)
[emphasis added]. Arguably, this shift presaged
the widespread adoption and use of data analytics
where ability to interpret, evaluate and apply to a
variety of contexts is essential and primary and
therefore, the latter as skills we value for
analytics students.
In addition, for analytics educators there is the
added challenge of managing the tension
between giving students greater capacity to
interpret, evaluate and apply analytics ideas with
an understanding of the bigger picture or problem
context as well as the adequate grounding in
foundational statistical knowledge. The semiautomated analytics tools we use are a mixed
blessing in this regard, especially for the
underprepared student. There are useful lessons
from the research on statistical education: i.e.,
foster active learning through alternatives to
lecturing
(Ben-Zvi,
2000;
Cobb,
1992);
emphasize oral and written communication
(Cobb, 1992); incorporate more data and
concepts (Ben-Zvi, 2000); and use software
designed to foster conceptual understanding
(Cobb, 1992). In information systems education,
substituting
“artifact”
(Lee,
Thomas,
&
Baskerville, 2015) for “software” would be
entirely consistent with the array of IT/IS artifacts
[e.g.,
constructs,
models,
methods
and
instantiations (Hevner, March, Park, & Ram,
2004; March & Smith, 1995) integral to our field
and its teaching.

3. FLOW DIAGRAMMING USE FOR
PEDAGOGY
Flow diagrams, artifacts in computer science and
information systems were first introduced into
computing by John von Neuman in the 1940s;
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they were introduced as a visual representation
of the logical structure of a computer program
(Ensmenger, 2016). At the time of the ENIAC
project, it is understood that flow diagramming
was chosen as a form of representation that was
readily accessible to the diverse members of the
team with different levels of prior knowledge.
Flow diagramming was also seen as “superior to
introducing a more radical departure in (logical)
notation” that some members would have been
familiar with (Arawjo, 2020). Priestley’s (2018)
historical treatment of Von Neuman’s work retells
how flow diagramming was used in the planning
and coding reports of the project to broaden
access to understanding of the work by a diverse
team:
“[W]e have acquired a conviction that this
programming is best accomplished with the
help of some graphical representation of the
problem. We have attempted ... to
standardize upon a graphical notation ... in
the hope that [it] would be sufficiently
explicit to make quite clear to a relatively
unskilled operator the general outline of the
procedure. We further hope that from such
a block-diagram the operator will be able
with ease to carry out a complete coding of
a problem” (p. 59).
Flow diagramming use increased, primarily
because of Von Neuman’s fame and it eventually
grew to have a commanding influence on
software engineering and programming for
decades to come (Arawjo, 2020). Flow diagrams
have since been used in a variety of contexts,
namely: in modeling production processes; in
aviation for training and process management
(Yazgan & Yilmaz, 2018); in the accounting field
to teach CPAs to communicate complex plans
(Lehman, 2000); as a quality improvement tool
for documenting, understanding, analyzing, and
improving business processes (Nesbitt, 1993); to
aid reading comprehension in the teaching of the
law (Zacharias, 1986). Flow diagram use endures
in
aiding
the
teaching
of
introductory
programming and systems analysis and design
courses. Although, they have been criticized
specifically for their modeling accuracy in
programming (Hosch, 1977), they have lasted as
both process documentation and teaching aids
that make complexity readily accessible to a
novice. For information systems and computer
science students, they are familiar and useful
aids.
In this paper, we propose a method that uses flow
diagramming as an accessible teaching aid for reenforcing and developing students’ capacity to
interpret and communicate their analysis. We use
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the instances of both linear and multiple
regression models as examples. Our method is
also follows a learning theory belief that
managing or spacing repetitions in various
contexts is better than merely amassing
repetitions (Schmidt & Bjork, 1992). So that
carefully designed sequences of activities using
appropriate tools can help students improve
reasoning and understanding over substantial
periods of time (Ben-Zvi, 2000; Garfield & Ben‐
Zvi, 2007). We believe that similar flow
diagramming can be used for multiple areas of
underlying statistical and modeling concepts, not
just regression analysis.
4. METHOD
To illustrate this use of flow diagramming as
teaching aid in analytics, we designed two flow
diagrams, one for simple linear and multiple
regression respectively. We emphasize that the
focus is on aiding and strengthening students’
capacity for interpretation and communication of
analyses (implying understanding). The use of
flow diagramming is a deliberate calculus aimed
at creating easy access to understanding for the
underprepared student and novice. In other
words, affect considerations are also at play.
Description of Flow diagramming Artifacts
In this section we describe the proposed flow
diagramming artifacts: Appendix A to support
simple linear regression interpretation, and
Appendix E, to support multiple linear regression
interpretation. We refer here to regression as a
statistical method that seeks to estimate the
relationship between an outcome variable and a
predictor variable, or set of predictors. In its
simplest form, the relationship is expressed as a
simple linear equation.
Simple Linear Regression
This flow diagram (Appendix A) focuses on four
key elements as well as the need to articulate the
regression equation: the significance F or p-value
for the F statistic, the intercept or constant; the
slope or coefficient of the independent variable
(DV) and its p-value; and the interpretation of Rsquared for model fit. We note that for simple
linear regression, the instructor may want to
remind students that the significance of F statistic
(p-value) is equal to the p-value of the coefficient
of the independent variable (IV) or slope.
Multiple Linear Regression
This flow diagram (Appendix E) focuses on five
key elements as well as the need to articulate the
multiple regression equation. The process is not
dissimilar to simple linear regression. However,
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with multiple regression we assume students
start with all hypothesized independent predictors
included in the regression model. The five key
elements are: significance F (p-value for the F
statistic), the intercept or constant; coefficients
of the hypothesized independent variables and
their respective p-values (we also assume
students can, in stepwise fashion, remove nonsignificant variables, then re-run the model, i.e.
return to Step 1 of the flow diagram); the
interpretation of R-squared for model fit; and
adjusted R-squared. The final step is intended to
help nudge students to use adjusted R-squared
for model fit for multiple regression. This, to
reinforce understanding that adjusted R-squared
penalizes the addition of independent variables
that do not aid in predicting the dependent
variable where R-squared increases with every
additional variable regardless of its effect on the
dependent variable.
We note that to use both flow diagrams, we make
rudimentary assumptions related to prior
instruction. For instance, for multiple regression
(Appendix E – Step 5), we assume prior
instruction did cover that adjusted the R-squared
is based on R-squared adjusted for the number of
predictors and sample size. We use regression
equations, in both cases, without the error term.
We also assume students are previously
instructed on the fundamentals underlying
regression analysis including the checking of
regression assumptions: linearity, normality of
errors, homoscedasticity, and independence of
errors and the role residuals in assessing
regression assumptions.
Lastly, the proposed pedagogical flow diagrams
are intended to be used over time, with other
related
and
ideally
concept
repeating
assignments. In other words, they can be used
again for predictive analytics based on regression
models. Below we provide sample assignments
and their rubrics (Appendix B, C, and D for simple
linear; and Appendix F, G, and H for multiple
regression). It is not our intention that these
particular flow diagrams be used for instructing
regression analysis from scratch per se. Rather
we propose that instructors use them as a
remedial mechanism, to close the gap of the
forgotten or previously ill or misunderstood, and
for review. The purpose is to aid students in
gaining proficiency on how to interpret and
communicate regression analysis results by
focusing on essential information.
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5. EXPERIMENTAL CONTEXT
To test the efficacy of the proposed pedagogical
aids, students enrolled in a business analytics
undergraduate course, in the Fall of 2020, at a
regional public university were given an
opportunity to use the flow diagrams as a
mechanism
for
reviewing
assumed
prior
knowledge and provide feedback for this study.
Students participating the study are required to
have previously completed an introductory
statistics course as well as an introductory
information systems course that includes an
introduction to databases and introduction to data
analysis and functions in Excel.

ISSN: 2473-4901
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Data Collection – Participants and Procedure
Each student in the course was asked to complete
the four problems. Responses were recorded
using a Qualtrics survey where each problem was
presented in a single screen and students were
not permitted to go back to a previous screen.
This ensured students could not change or correct
their answers in the pretest while completing the
flow-diagram aided post-test, for example. No
review of linear regression was conducted in
class, students had to rely on (assumed) prior
knowledge. Out of nineteen students invited to
complete
the
survey,
fourteen
students
participated in the study (73% response rate).
6. RESULTS

Study Design
Our experimental design used a pre-test/posttest approach (Campbell & Stanley, 2015) to test
the effect of using pedagogical aid on student
understanding with respect to interpreting and
communicating regression analysis results.
Students were presented with four different
problems: two for simple regression and two
multiple linear regression problems. Each
problem included a hypothetical scenario
describing the student’s role and the problem
being investigated, model output (generated
using Microsoft Excel data analysis tools),
followed by seven questions to test students’
understanding of the statistical model presented
in the problem.
Step 1: students received a pre-test for simple
regression model (Appendix B), followed by a
post-test (Appendix C). Although both simple
linear regression models used the same data set,
the variables used in each model are different.
During the post-test, students were asked to use
the simple linear regression flow diagram as an
aid to formulating response questions for the
assigned problem (Appendix A).

The data was analyzed using paired sample ttests. The results presented in Table 1 show
statistically significant differences in the mean
test scores between the pre-test and post-test for
both simple and multiple linear regression
indicating that both flow diagrams had a positive
effect
on
student
understanding
and
interpretation of the statistical models presented
in the problems. In addition, when asked “How
useful did you find the flowchart aid in
interpreting the data?”, almost 90% of students
responded that they found the flow diagram
useful ranging from slightly to extremely useful.
Furthermore, 93% of students said, they were
somewhat likely to extremely likely to use similar
flow diagramming aids for other topics in business
analytics field.

Outcome
SLR
MLR
Outcome
SLR
MLR

Pre-test
Min Max
0
79
0
77
Pre-test
M
SD
36
27
34
29

Post-test
Min Max
0
95
0
96
Post-test
M
SD
45
34
45
34

t
-3.20**
-3.94**

Step 2: for multiple linear regression, the process
was similar to Step 1 above except a new data set
was used to generate the models. Students were
presented with a pre-test (Appendix F), followed
by a post-test (Appendix G). Variables in in the
post-test model were changed; and only the posttest included the flow diagram (Appendix E).

Note. SLR – Simple Linear Regression. MLR –
Multiple Linear Regression, ** p < .01, n = 14
Table 1. Descriptive Statistics & t-test
Results

To evaluate student responses to the assigned
problems consistently and using the same criteria
and scoring schema, grading rubrics were used.
A grading rubric was designed to evaluate
students’ efforts interpreting simple linear
regression (Appendix D) and multiple linear
regression (Appendix H) problems.

In this study, we propose a method for addressing
an important tension facing instructors of
introductory analytics courses, closing the gap in
assumed statistical prior knowledge. In this
study, we use examples from simple and multiple
regression analysis which are foundational to

7. DISCUSSION AND CONCLUSION
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predictive analytics. The reasons for the
knowledge gaps may be broad, from merely
forgetting work from prior semesters (or years as
in the case of older returning students), having a
poor experience with an instructor, mismatched
transfer articulations between community college
and a four-year institution, as well as underlying
and systemic under-preparedness for college.
The net result is, students taking undergraduate
analytics courses unprepared for the rigors of the
field. To aid students upskill or recap in ways that
feel accessible and non-intimidating, we propose
the use of strategically designed flow diagrams
focused on specific knowledge gap areas. Flow
diagrams are tools that have proven to in use to
readily foster conceptual understanding; they are
a good alternative to lecturing; they are both time
effective and time efficient. The gains in time
saved can be directed towards analytics content.
From a student perspective, flow diagrams are
easy to understand and perhaps even familiar for
students in information systems and computer
science; ease of use and familiarity are precursors
to favorable affective assessment. We believe
creating mechanism for underprepared students
to quickly feel more comfortable or less
intimidated by the demands and prior knowledge
assumptions of analytics courses can avert
conditions where students prematurely drop out
of the course out of early frustrations. Retaining
underprepared students of all stripes can
contribute to opening the field to a diversity of
students.

linear regression assumptions inclusive of
examining and interpreting residuals; these flow
diagram aids do not incorporate that. To minimize
the complexity and maintain the effectiveness of
the aid, we believe it would require a different but
similar flow diagraming aid. Such an aid could,
“walk” a student through how to use/interpret the
diagnostic features and charts for assessing
residuals generated by most statistical tools like
R, SPSS and Excel. For example, another flow
diagram could be used to aid a student needing
remedial activity on how to run the output to
examine residuals, remove outliers, or logtransform the data and re-run the regression
model before interpretation. Likewise, we do not
explicitly model or review steps for performing
stepwise regression for multiple regression. For
remedial activities, instructors can design such
aids. As a field, we could design and share these
such aids.

This pilot study shows test scores were higher and
statistically significantly when using flow
diagrams. Similar methods may not only help
student understanding of individual concepts but
may in the collective serve as important tools for
managing remedial work that attends analytics
classes taught at undergraduate level, and
therefore retaining underprepared students at
relatively little cost.

Ashaari, N. S., Judi, H. M., Mohamed, H., & Wook,
M. T. (2011). Student's attitude towards
statistics
course.
Procedia-Social
and
Behavioral Sciences, 18, 287-294.

Finally, information systems students, in
particular, could be encouraged to create their
own flow diagrams for other analytical processes
they find individually challenging, thus to
unlocking complexity for themselves. e.g.,
systematically checking regression assumptions,
hypothesis testing from problem statement, data
analysis to drawing correct conclusion.
8. LIMITATIONS AND FUTURE RESEARCH
The proposed pedagogical flow diagrams do not
make a claim comprehensively covering all issues
related to regression analysis. For instance, an
iterative part of the analysis includes examining

Finally, this study is limited by a small sample
size. Though we found statistical significance with
a small sample further investigation with a larger
sample is warranted to establish generalizability.
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Appendix A:
Simple Linear Regression Flow Diagram
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Appendix B:
Simple Linear Regression Assignment – Pre-test
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Appendix C:
Simple Linear Regression Assignments – Post-test
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Appendix D:
Rubric for Grading Simple Linear Regression Pre-test and Post-test
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Appendix E:
Multiple Linear Regression Flow diagram
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Appendix F:
Multiple Linear Regression Assignments – Pre-test
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Appendix G:
Multiple Linear Regression Assignments – Post-test
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Appendix H:
Rubric for Grading Multiple Linear Regression Pre-test and Post-test
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