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Abstract—Developing literacy with unfamiliar data visualization

techniques such as Parallel Coordinate Plots (PCPs) can be a significant

challenge for students. We adopted the Revised Bloom’s taxonomy to instruct

students on Parallel Coordinate Plots (PCPs) using Mastery Learning in the

classroom. To evaluate Mastery Learning’s impact, we conducted an intervention

in a Data Visualization course to teach students about PCPs with and without

Mastery Learning. Based on our intervention, we found that while students in both

groups performed similarly on the first two (Remember, Understand) modules,

the students in the Mastery Learning group performed better on modules

that required more advanced thinking (Analyze, Evaluate) and demonstrated

a better comprehension of PCPs. We provide all the materials developed

including a new, six-module Bloom’s Taxonomy PCP literacy (BTPL) test for full

reproducibility on our website at https:// vis-graphics.github.io/ PCP-Literacy-Test/ .

As a society, we increasingly rely on visual
representations of data to make informed de-
cisions about health, home energy usage, fi-

nances and so on. The ability to effectively read, inter-
pret, and critically evaluate graphical representations
of data has become extremely crucial [1].
In this paper, we present the results of our intervention
with undergraduate students in a Data Visualization
course that are taught to read, interpret, analyze, and
create Parallel Coordinate Plots (PCPs). The teach-
ing material was created by following the principles
of the Revised Bloom’s taxonomy by Krathwohl [2].
The Revised Bloom’s taxonomy contains six stages of
increasingly complex cognitive processes: Remember,

Understand, Apply, Analyze, Evaluate, and Create.
Mastery Learning (ML) is a pedagogical strategy that
requires students to demonstrate competency on a
particular learning module, before continuing onto the
next increasingly difficult module [3]. In this paper, we
present the results of evaluating the impact of ML
on student performance using the Revised Bloom’s
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taxonomy-based modules that focus on the topic of
Parallel Coordinate Plots (PCPs). The contributions of
our paper are as follows:

1) Mastery Learning (ML) modules based on
Bloom’s taxonomy to develop PCP literacy,

2) Assessment of the impact of ML when teaching
students about PCPs using the modules,

3) An Open PCP Literacy Test (Bloom’s taxonomy
based PCP Literacy Test - BTPL) 1 with the con-
tent and the assessments per module provided
for reproducibility and potential reuse by instruc-
tors in their own data visualization courses.

Here are the research questions that we explored in
this paper:

• RQ1 - What is the impact of Mastery Learning
on the learning of PCPs concepts, as opposed to
just the Bloom’s taxonomy-based intervention?

• RQ2 - What is the impact of the intervention on
students’ awareness and confidence in recog-
nizing and using PCPs in the future?

1https://vis-graphics.github.io/PCP-Literacy-Test/
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FIGURE 1: This figure shows the pathway of intervention that includes Revised Bloom’s taxonomy-based modules
to teach students PCPs. In the Conclusion section, students are asked to specify their confidence in remembering,
interpreting, creating, and using PCPs in the future.

Related Work

Visualization literacy is defined by Börner et al. as, “the
ability to make meaning from and interpret patterns,
trends, and correlations in visual representations of
data” [1], while Lee et al. [4] referred to it as “the ability
and skill to read and interpret visually represented
data and to extract information from data visualiza-
tions.” Firat et al. [5] presented a literature review that
discussed various studies from the data visualization
and related communities that investigate, evaluate, and
test visualization literacy skills. Assessments for overall
visualization literacy have been developed such as
VLAT [4], mini-VLAT [6], CALVI [7]. We present a PCP
Literacy Test (BTPL) that can be used to teach and
assess the ability of learners on various aspects of
PCPs.
Bloom’s taxonomy was revised by Krathwohl [2] to
include the learner’s thinking processes rather than
behaviors. Burns et al. [8] developed a framework
utilizing Bloom’s taxonomy to assess different levels of
understanding of charts. They found it to be superior to
existing methods focused solely on quick and accurate
comprehension. Our approach differs from previous
work as we investigate the benefits of incorporating

Mastery Learning (ML) into modules teaching Parallel

coordinate plots that are developed with Bloom’s tax-
onomy.
Prior research in data visualization literacy has pri-

marily concentrated on testing various educational
methods to instruct individuals on specific techniques.
Peng et al. [9] provided Corrective Immediate Feed-
back (CIF) to students as they were learning about
PCPs. They found that students who received imme-
diate feedback outperformed those without feedback
across all modules. In this work, we specifically explore
the impact of ML [3] and the impact it has on the
performance of students as they study PCPs.

Approach

We developed and evaluated the impact of ML-based
modules on student understanding of PCPs based on
the material by Peng et al. [9] that served as a starting
point for the modules. Those modules are based on
the Revised Bloom’s taxonomy principles, but do not
contain any of the ML implementation. According to ML
principles [3], learners see the results of the assess-
ment at the end of the assessment and are required to
review the material and retake the assessment, if they
score less than 80%. We incorporated these principles
into the Remember, Understand, Analyze, and Evalu-
ate modules of the Revised Bloom’s taxonomy such
that students must retake the Formative Assessment
(FA), based on their scores in the FA.
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Mastery Learning Modules
Each module follows the cognitive processes in the
Revised Bloom’s taxonomy in increasing complexity.
Table 1 (included in supplementary material) shows an
overview of the number of questions in the Formative
(FA) and Summative assessment (SA) for each cogni-
tive process. There are no FA questions for the Apply
and Create modules due to the fact that students are
producing PCPs (by hand or using an online tool) and
the learning occurs in an applied setting in these cog-
nitive processes. ML was incorporated into the other
four processes (Remember, Understand, Analyze, and
Evaluate) such that the students (in the ML group) saw
their score on the FA after every attempt of the FA.
The difficulty level for the Remember and Understand

modules is much lower, as all the students have to
do is identify what a PCP looks like and recognize
the various components of a PCP (axis labels, axis
ordering, and so on). The Analyze and Evaluate mod-
ules require students to apply higher-order thinking

skills to complete the assessment. This was validated
by the comparative performance of the students on
the modules as well. These findings are discussed in
detail in the Results Section. All the questions asked in
each cognitive process are available in the supplemen-
tary material at https://github.com/vis-graphics/ml-pcp-
literacy as well as on the PCP Literacy Test website
(BTPL) 2.

Methods
To evaluate the impact of ML on students’ under-
standing of PCPs, we conducted an intervention with
undergraduate students in a data visualization course.
Students were randomly assigned either to the ML

group or the Control group. There were a total of 55
undergraduate students across two offerings of a Data
Visualization course. 54 of the students were in the 18-
24 age group, 1 student was in the 25-44 age group,
with 14 females and 41 males. 27 students were in
the ML group and 28 were in the Control group. The
intervention was carried out in a single session lasting
a little more than two hours on average.
Figure 1 shows an overview of the modules and the
pathway that the students in both groups followed.
Students in both the groups (ML and control) complete
each module in order of increasing complexity. At
every step, they learn more in-depth about PCPs and
then complete the Formative Assessment (FA) and
the Summative Assessment (SA) (See Figure 2). Both

2https://vis-graphics.github.io/PCP-Literacy-Test/

FIGURE 2: This figure demonstrates the procedure
that the students in the ML group follow. Students in
the Control group move to the Summative Assessment
(SA) without any feedback.

the assessments consist of a combination of multiple
choice questions and a couple of free-form text ques-
tions in some modules (more details can be found in
Table 1. We compare the students’ performance on the
SA to evaluate the impact of ML on their learning for
the given module. Students responded to confidence-
related queries following the completion of the “Create”
step in the intervention.
Students in the ML group receive feedback on their
answers for all the questions in that module after
completing an attempt of the FA. If they score less
than 80% on the FA, they retake the FA after reviewing
the instructional material before they continue to the
SA. Students in the control group do not receive any
feedback after the formative assessment and continue
on to the SA regardless of their score on the FA
for each module. The 80% threshold was determined
based on a literature review of Mastery Learning [3].
The overall accuracy of the students on the individual
modules was used to answer RQ1, whereas the con-
fidence questions at the end of the intervention was
used to answer RQ2.
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Results

We analyzed the accuracy of students on individual
questions in each SA (Fig. 3) as well as the overall
scores received by the students in each SA (Figure 5).
We now discuss each module, as well as specific
questions where the majority of the students in one
group (or both groups) performed poorly.

Remember Module
The SA of the Remember module consists of 9 ques-
tions that includes identifying whether a chart was a
PCP or not and identifying a PCP out of a line-up
of charts. The topmost chart in Figure 3 shows the
performance of students on individual questions in both
the groups. A large majority of the students (greater
than 90%) in both the groups (ML = purple, Control
= green) answered the questions accurately. Question
Q4 is one question where students in the control
group performed worse than those in the ML group.
Figure 4(a) shows the exact chart that students saw.
Students in the control group may have misinterpreted
the scatterplot as a PCP [10].

Understand Module
The SA of the Understand module consists of 10 ques-
tions. The second chart from the top in Figure 3 shows
the performance of the students in both the groups on
the SA. For most questions, a large majority of the
students in both the groups answered the questions
well. For Q9, though, only 25% of the students in the
Control group answered it correctly, whereas 48% of
the students in the ML group answered the question
correctly. Figure 4(b) shows a screenshot of that ques-
tion. We conjecture that students in both the groups
may have misread the chart and could potentially have
confused it for a similar visualization design such as a
Sankey diagram or a line graph [10].

Apply Module
For this module, students applied their knowledge by
drawing a PCP using pen-and-paper or a digital tool.
They then answered 5 questions using the PCP that
they had drawn by hand. The third chart from the top
in Figure 3 shows that the majority of the students
are able to answer most of the questions accurately
in both the groups. Additionally, we also graded each
hand-drawn chart on a 10-point rubric (included in
supplementary material) for their completeness, use of
color, data labels, axis labels, and so on. The median
score for the students in the ML group was higher

FIGURE 3: Students in both the groups performed
equally well for the first three modules, but the students
in the ML group performed better on the advanced
modules.
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(a) Q4 from Remember SA (b) Q9 from Understand SA

(c) Q9 from Analyze SA (d) Q9 from Evaluate SA

FIGURE 4: Difficult Questions in each module - Top left figure shows Question 4 from the Remember SA, where
96% in the ML group answered it correctly compared to 86% in the Control group. The Top right figure shows Q9
from the Understand SA that students in both the groups answered incorrectly. Students may have confused this
chart with a Sankey diagram [10]. Bottom left figure shows four PCPs that the students had to choose from to
answer a question about two data variables in the PCP. Bottom right figure shows Q9 from the Evaluate SA that
students in both the groups struggled to critique. The chart was missing axis labels and the color legend does
not start at zero.

(9/10) as compared to the median score in the Control
group (8/10).

Analyze Module
The SA of the Analyze module contains 9 questions
that students in both groups answered. The fourth
chart in Figure 3 shows that students in both the
groups struggled to answer some questions correctly.
Figure 4(c) shows one of the questions (Q9) that more
students in the ML group answered correctly as com-
pared to those in the Control group. Overall, despite
variability in the design of PCPs and the presence
of visual clutter, students in the ML group performed

better on average. There were, however, a few outlier
questions where the students in the Control group
performed better. These instances seemed irregular
and likely represent question-specific effects rather
than a consistent pattern.

Evaluate Module
The SA of the evaluate module contains 12 questions
that assess students’ ability to evaluate PCPs. The fifth
chart from the top in Figure 3 shows the number of
students who answered each question correctly. The
majority of the students in the ML group performed
well on most of the questions. Students in the ML
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FIGURE 5: A summary of the students’ scores on
the Summative Assessment (SA) for each of the six
modules. Students in the ML group (purple) performed
better in most modules, but the median accuracy is
higher in the advanced modules such as Analyze,
Evaluate, and Create.

group perform much better on Question 2 and 6
(64% and 61% accuracy respectively) than students in
the Control group (47% accuracy and 33% accuracy).
For Question 9 (see Figure 4(d)), very few students in
both the teams answered the question correctly, but
the students in the ML group performed better overall.

Create Module
In the Create module, students demonstrated their
ability to use PCPs for analysis tasks by creating a
PCP given a CSV file and then answering 5 questions
about the chart they create. The bottommost chart in
Figure 3 shows a range plot demonstrating that a large
majority of the students in the ML group answered
questions accurately, whereas students in the Control

group made more mistakes than students in the ML

group.

Results Summary
Figure 5 shows a summary of the accuracy of stu-
dents in every module. For the Remember module,
the accuracy of the students in the ML (purple) group

was slightly higher with a median of 100, whereas the
students in the Control (green) group had a slightly
lower median score. Similarly, in the Understand mod-
ule, the distribution of accuracy of student scores is
quite high in both the ML and Control modules. For
the Apply module, we see a higher median accuracy
for the students in the ML group as compared to those
in the Control group. For the Analyze module, which
is a more difficult module, we see that the students
in the ML group performed better than the students in
the Control group. Similarly, with the Evaluate module,
students in the ML group had a higher median score
as compared to the students in the Control group. In
the Create module, students had higher accuracy with
higher median scores for the students in the ML group.
Based on the results in Figure 3 and Figure 5, we can
state that students in the ML group performed better
on higher difficulty level tasks (Analyze, Evaluate, and
Create) as compared to students in the control group,
thus answering RQ1.

The accuracy scores across the six learning mod-
ules were compared between the Control and ML
conditions using box plots with error bars. Accuracy
was measured on a 0–100 scale, with higher scores
indicating better performance or mastery of each cog-
nitive level. Although the ML condition showed higher
median accuracy scores across most modules com-
pared to Control, independent samples t-tests revealed
no statistically significant differences between the two
groups.

Impact of Retakes on Student Learning - We ex-
amined the number of times students in the ML group
had to retake the FA per module. Figure 6 shows the
average improvement in scores for students in the ML
group who retook the FA in each module. The top
figure shows the average scores of students who took
the FA once and received a low score, followed by a
marked improvement in the second attempt. Average
scores improved from 7 to 9 for the Understand mod-

ule, from 4 to 9 for the Analyze module, and from 9

to 14 for the Evaluate module. The bottom chart in
Figure 6 shows the improvement in the average score
from 9 to 11 to 14 for the students who attempted the
Evaluate FA three times. There were no students who
had to take the FA more than three times. Out of the
27 students in the Mastery group, only 1 student had
to retake the FA for the Understand module, 5 students
had to retake the FA for the Analyze module, and 13
students had to retake the FA for the Evaluate module.
Only 2 students had to retake the Evaluate FA three

times.
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FIGURE 6: ML Improvements - Students scores are
higher in the second iteration of the Understand,
Analysis, and Evaluate FA. The bottom chart shows
the improvement in scores for the two students who
repeated the Evaluate FA three times.

FIGURE 7: This figure shows Student Confidence in
recognizing, interpreting, creating, and using PCPs in
the future. Students in the ML group had higher for
recognize, interpret, and create.

Increased Student Confidence
Students in both the groups expressed their confidence
in being able to Recognize, Interpret, Create, and use
PCPs in the future using a 7-point Likert scale - 1 (low
confidence) and 7 (high confidence).
These results provide an answer for RQ2 showing
that the intervention leads to high student confidence
in recognizing and using PCPs in the future.

Student-to-Instructor Feedback
We collected qualitative feedback through open-ended
questions about the difficult level of each module and
we also asked for suggestions for improvement. Stu-
dents in both groups reported that the Evaluate module
was the most difficult and the Remember module was
the easiest. One student expressed high interest in
engaging with PCPs- “It would be fun to upload our

own data to try to create a parallel coordinate chart

and play around with it.”

When we asked students to compare a Scatterplot

Matrix to a PCP representation of the same data, we
found that students could identify the advantages and
disadvantages of both techniques. The control group

students found that it was “easier to visualize the

correlation between two variables” when using a Scat-
terplot Matrix, but also commented that it was easier to
see correlations across the dataset when using PCPs.
One student summarized both techniques’ drawbacks:
- “The scatterplot matrix shows poor visualizations

when the number of variables increase (too many small

multiples). The parallel coordinates chart gets visually

cluttered when there are too many individual points.”
These comments suggest that students understood
PCPs well and could articulate the strengths and weak-
nesses of both visualization methods.

Discussion

Students in the ML group performed better in the
higher-level thinking modules (Analyze, Evaluate, Cre-
ate). The ML approach lead to an improvement in
student learning based on the scores in subsequent
attempts, thus answering RQ1 about the impact of ML.
Self-reported confidence among ML group students
equaled or surpassed that of Control group students
in every PCP skill category (recognition, interpretation,
creation, and future use), thereby answering RQ2.
These results point to broader implications for the de-
velopment of mastery learning tools outside of PCPs.
Designing activities that offer clear feedback and re-
peated practice at different levels of reasoning can help
students better understand other complex visualiza-
tions. Mastery learning approaches can help students
move from simple recognition to higher-order reason-
ing tasks, such as analyzing patterns and comparing
relationships.

PCP Literacy Test
In addition to the details of the intervention, we have
also open-sourced the Bloom’s Taxonomy-inspired
PCP Literacy Test (BTPL) that we developed. The
BTPL is an open educational resource that was de-
signed to improve understanding and proficiency with
PCPs. The test contains the videos developed, the
questions included for the Formative and Summative
Assessments for the Remember, Understand, Analyze,
and Evaluate modules and can be found at https:
//vis-graphics.github.io/PCP-Literacy-Test/. For the Ap-
ply and Create modules, we have included the original
datasets used in our intervention for instructors and
students to use, as well as the rubrics used to score
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the student created PCPs in the Apply and Create
modules.
The test can be used by an instructor teaching PCP
in their classroom to introduce and assess student
learning after each module. We have provided links
for students to watch the training video(s) and answer
questions in the formative and SA on our website https:
//vis-graphics.github.io/PCP-Literacy-Test/. The forma-
tive and summative assessments are applicable to
the Remember, Understand, Analyze, and Evaluate
modules.

Limitations
The study’s main limitation is that the PCP literacy
test only included undergraduate students from one
course, reducing demographic diversity. This may limit
generalization of findings, as different results could
emerge with participants of varying data visualization
expertise.

Summary

We present the results of conducting a Bloom’s
taxonomy-based intervention and found that students
in the group that had Mastery Learning performed
better than students in the Control group. The study
suggests that the ML approach not only improved
student performance in PCP tasks but also increased
their confidence and understanding of PCPs. Addition-
ally, we provide open PCP literacy modules for the 6
cognitive stages along with formative and summative
assessments for reuse in the classroom.
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Appendix

Cognitive Process Description Representative Figure Formative Summative

Remember
Recognize a parallel coordi-
nates chart individually or from
a line up of other charts

8 9

Understand Understand the various
characteristics of a PCP related
to identifying axes, learning
about correlations among
variables of neighboring axes,
and axis reordering.

10 9

Apply Draw a PCP on paper or using
an electronic drawing tool.
Students answer 5 questions
using the PCP drawn by them

- 5

Analyze Make decisions about a scenario
using PCPs that requires finding

patterns in the data across
multiple axes. Some questions
require tracing polylines across
multiple axes to answer queries.

8 9

Evaluate Critique and Evaluate the
efficacy of the PCPs that contain
flaws in them (missing axis
labels, mismatched color
legends, repeated axes, and so
on.)

15 12

Create Create a PCP using
RawGraphs.io and an online tool
using the d3.parcoords package.
Students answer 5 questions
that based on PCP generated by
them.

- 5

TABLE 1: This table contains an overview of the Cognitive Processes from the Revised Bloom’s taxonomy,
including the number of questions that comprised the FA and SA in each respective module. Each question
asked at each stage of the cognitive process is available in the supplementary material at https://github.com/vis-
graphics/ml-pcp-literacy
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