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Figure 1: This figure demonstrates the methodology followed to identify the specific knowledge dimensions along which the
students studied about Parallel Coordinate Plots (PCPs) in a Mastery-Learning based intervention.

ABSTRACT

The Anderson & Krathwohl (A&K) taxonomy was used to ana-
lyze and measure the learning process of data visualization con-
cepts. The A&K taxonomy extends the enduring Bloom’s taxon-
omy, consisting of both a cognitive process dimension and a knowl-
edge type dimension. The cognitive process dimension describes
how learners think, while the knowledge type dimension describes
what learners know. In this study, the cognitive process dimension
was used to teach undergraduate students about an unfamiliar data
visualization concept (to the students) - parallel coordinate plots
(PCPs). Students were assigned to one of two groups: Mastery
Learning (ML) or Control to better understand the effect of ML on
depth of learning. Learning assessments were administered to stu-
dents after each PCP teaching module. The knowledge type of the
A&K taxonomy was then used to categorize each of these learning
assessment questions. This helped us to better understand if there
were differences between groups in terms of what students learned.
Results indicate that students in the ML group received a higher
score for each respective knowledge type compared to the control

group.
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1 INTRODUCTION

Interventions designed to teach students a visualization technique
frequently focus on the students’ ability to read or interpret a chart
created with that technique. This knowledge is useful for critically
consuming charts and gaining insight from it. However, this ap-
proach does not capture whether the students have a fine-grained
ability to understand the mechanics of how the chart is drawn nor
whether the students are able to follow the correct procedures when
reading and interpreting the chart.

While it is important to assess whether students can interpret a
completed chart, this alone does not fully reflect learning gains.
To better understand what factors influence students’ development
of visualization skills, we must examine learning outcomes at a
more granular level. In particular, we were interested in whether
a Mastery Learning (ML) approach (where students could revisit
and retake assessments) led to different kinds of learning outcomes
compared to a control group. Our goal in this paper is to evaluate
learning outcomes beyond surface-level comprehension, and iden-
tify specific types of learning gains that students made.

To examine these learning gains in more detail, we categorized
each assessment question using the Anderson & Krathwohl (A&K)
taxonomy, a framework that builds on Bloom’s original taxonomy.
Bloom’s taxonomy is a ubiquitous taxonomy that was developed to
help educators be more specific in developing learning objectives
for students [4]. The A&K taxonomy [2] extended Bloom’s tax-
onomy in response to an increased understanding of how people
think and learn. The A&K taxonomy consists of two orthogonal di-
mensions, the cognitive process dimension and the knowledge type
dimension [2, 27]. The cognitive process dimension describes how
learners think, while the knowledge type dimension describes what



learners know. The A&K taxonomy was developed to specify learn-
ing objectives and their associated learning activities and learning
assessments.

Specifically, the A&K taxonomy consists of a cognitive process
dimension with six processes: remember, understand, apply, ana-
lyze, evaluate, create. The cognitive process dimension runs on a
continuum from the most simple process (remember) to the most
complex process (create). The knowledge type dimension is or-
thogonal to the cognitive process dimension and consists of four
knowledge types:

1. Factual Knowledge: Knowing the basic elements and termi-
nology specific to a field (facts, technical vocabulary, and so
on)

2. Conceptual Knowledge: Understanding the connection be-
tween foundational concepts and principles related to the field

3. Procedural Knowledge: Knowledge of methods or tech-
niques needed to perform tasks or solve problems in a field

4. Metacognitive Knowledge: Awareness and regulation of
one’s own learning processes, including self-assessment skills

The knowledge type dimension ranges from concrete (factual)
to abstract (metacognitive) and enables instructors to design and
assess learning that includes not just concepts but also higher-order
thinking skills.

In this paper, we started with the results from a Bloom’s
taxonomy-based intervention to teach students about Parallel Co-
ordinate Plots (PCPs), and analyzed the intervention [23] as well as
student learning using the knowledge types of the A&K taxonomy.
Specifically, we manually categorized each learning objective and
assessment question into a particular knowledge type (factual, con-
ceptual, procedural, or metacognitive). Additionally, we evaluated
their findings based on the two groups that the students were as-
signed to - the Mastery Learning (ML) group and the control group.
Students in the ML group were required to redo a module if they
received a score of less than 80% on the formative assessment (see
Figure 2). Students in the control group did not receive any feed-
back after completing the formative assessment. Based on the anal-
ysis, we found that students in the ML group had higher accuracy
scores and demonstrated better performance on the questions that
evaluated the factual, conceptual, and procedural knowledge types.

Here are the primary contributions of this paper:

* Identifying knowledge types in which students face chal-
lenges when studying about PCPs

* Evaluating student performance on the PCP intervention in
terms of knowledge types with and without Mastery Learning

* Categorization of the assessment questions from the interven-
tion by Srinivas et al. [23] into particular knowledge types'

2 RELATED WORK

The related work section reviews prior research on Bloom’s and
A&K taxonomies, visualization literacy, and studies focused on
parallel coordinate plots and their usability.

I'This data has been provided as supplementary material at https://
github.com/vis-graphics/pcp-literacy-1lens.
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Figure 2: This figure illustrates that the students in the Mastery
Learning group were required to score greater than 80% on each
of the cognitive processes. Note: This figure has been used by
permission from Srinivas et al. [23].

2.1 Bloom’s and A&K Taxonomies

Bloom’s Taxonomy provides a cognitive framework designed to as-
sess learning outcomes [4]. It outlines six hierarchical cognitive
processes that progressively build upon one another, allowing learn-
ers to develop and demonstrate increasing levels of understanding
and mastery. It is widely adopted across diverse fields due to its
ability to structure learning objectives and promote deeper under-
standing [1, 9, 24]. Krathwohl!’s revision of Bloom’s Taxonomy
introduced a two-dimensional model that emphasized the knowl-
edge gained in each cognitive process, rather than just observable
behaviors [16], forming the basis of our work. Expanding on this
idea, Burns et al. [7] developed a framework that applies the revised
taxonomy to assess different levels of chart comprehension. Their
method proved more effective than traditional approaches focused
solely on accuracy.

We apply Anderson and Krathwohl’s [16] revised taxonomy to
categorize questions from the PCP Literacy Test across various
knowledge types. This methodology is based on the previous re-
search conducted by Urgo et al. [27], who utilized the taxonomy to
systematically develop and evaluate learning tasks related to search
behavior. While prior work often refers to Bloom’s taxonomy to
mean the cognitive process dimension of the A&K taxonomy, we
refer only to the A&K taxonomy in this paper as our cognitive pro-
cesses reflect the six A&K processes of remember, understand, ap-
ply, analyze, evaluate, and create.

2.2 Visualization Literacy

Numerous studies have been conducted on visualization liter-
acy [11, 12] to explore and compare the existing body of research.
Borner et al. [5] define it as the “the ability to make meaning from
and interpret patterns, trends, and correlations in visual represen-
tations of data.”

Multiple assessments have been developed in past research to
evaluate an individual’s visualization literacy and their ability to in-
terpret visual representations of data. Lee et al. developed the Visu-
alization Literacy Assessment Test (VLAT) [17], which has gained
widespread recognition and acceptance. It features 12 data visu-
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alizations aimed at assessing an individual’s capability to compre-
hend and interpret different types of visual representations. More
recently, Pandey and Ottley introduced the mini-VLAT [18], a
shorter version of the assessment containing only 12 items. Build-
ing on previous work, Ge et al. broadened the concept of visual-
ization literacy to encompass the ability to identify and critically
evaluate misinformation in visualizations. They created the Critical
Thinking Assessment for Literacy in Visualizations (CALVI) [13],
which includes a combination of normal and trick questions de-
signed to measure a user’s skill in recognizing any misleading vi-
sual information.

2.3 PCP Literacy

Inselberg was the first to develop parallel coordinate plots [15] as
a way to visualize high-dimensional data. PCPs have since been
used to find patterns and relationships in complex datasets. In their
work on PCP literacy, Firat et al. [10] define it as “the ability to
correctly read, interpret, and construct PCPs”. Wang et al. [29]
propose the use of cheat sheets as helpful resources for learning
and applying different data visualization methods. They emphasize
that cheat sheets can support the understanding and construction of
Parallel Coordinates Plots through clear, diagram-based guidance.

Firat et al. introduced the Parallel Coordinates Literacy Test (P-
Lite) [10], which features a range of visuals generated using pop-
ular PCP software. The goal of P-Lite is to evaluate how well
users comprehend and interpret complex, high-dimensional visual-
izations like PCPs. Their study revealed seven distinct categories of
challenges users face, outlining these as common barriers to under-
standing PCPs. Peng et al. developed six instructional modules [19]
on PCPs, structured around the cognitive stages outlined in Bloom’s
taxonomy. Furthermore, Srinivas et al. identified and elaborated on
the obstacles [22] to comprehending parallel coordinate plots using
a post-hoc analysis of P-Lite test results, providing guidance for
educational approaches that encourage active learning.

Recently, Srinivas et al. [23] investigated the impact of Mastery
Learning on student learning of PCPs using the Bloom’s Taxonomy
PCP literacy test (BTPL). They found that students in the Mastery
Learning group performed better on the higher difficulty level tasks
in the test as compared to students who were in the control group.
The work presented here builds on the data provided in this inter-
vention and analyzes their intervention through the A&K lens.

3 METHODOLOGY

We started with the responses from the PCP Literacy intervention
from Srinivas et al. [23] that was administered to students who were
assigned to one of two groups: the Mastery Learning (ML) group
and the Control group (ML Control). We chose this intervention
because all the data for the intervention had been made available
on the GitHub repo and a post-hoc analysis of the student perfor-
mance based on the A&K taxonomy would lead to insights on stu-
dent learning of PCPs.

Each module in the test was aligned with the cognitive processes
in the A&K taxonomy and included both a formative and a summa-
tive assessment, except for the Apply and Create modules, which
only had one summative assessment. Participants in the ML group
were required to retake the formative assessment if they scored be-
low 80%. Figure 2 shows a schematic to illustrate the concept.
There were a total of 55 undergraduate students, of whom 27 stu-
dents were in the Mastery Learning group and 28 were in the con-
trol group. The students are undergraduate computer science stu-
dents in their third/fourth year.

The intervention was part of a Data Visualization elective course
for undergraduate students. It was designed to replace a traditional,
lecture-based introduction to PCPs. Students required between 90-
105 minutes to complete the intervention. Students were required
to complete all the six modules that introduced them to PCPs based

on the A&K taxonomy. Students completed the modules in class on
their laptops. Two of the authors of this paper were the instructors
of the Data Visualization course. The instructors were not required
to intervene when the students worked through the modules.

As the intervention replaced the traditional lecture, the partici-
pants of the intervention were the students in the course. The stu-
dents are familiar with common data visualization techniques and
are introduced to Treemaps [20] and scatterplot matrix representa-
tions, but they had not learned anything about Parallel Coordinate
Plots (PCPs) yet.

Students were assigned to the ML group or the control group.
Students in the ML group took longer to complete the interven-
tion because some of them would have to repeat a module if they
received a score that was lower than 80% in the summative assess-
ment of the module. Students in the control group would continue
from one module to the next regardless of their score on the sum-
mative assessment of the previous module. More details about the
intervention such as how many time students repeated the formative
assessment can be found in the original paper by Srinivas et al. [23].

The questions for every cognitive process from the interven-
tion by Srinivas et al. [23] are available online at https://
vis-graphics.github.io/PCP-Literacy-Test/. Their PCP
literacy test is called BTPL (Bloom’s taxonomy-based PCP literacy
test).

We manually classified each question item in the BTPL test us-
ing the A&K taxonomy’s knowledge type dimension [16]. Four re-
searchers (who are also the co-authors of this paper) from our team
examined each question in each cognitive process and classified it
as being one of factual, conceptual, procedural, or metacognitive.
For instance, items involving the identification of minimum or max-
imum values on a specific axis, or identifying specific data points in
the PCP, were categorized as factual knowledge. Tasks related to
PCP-specific concepts such as axis reordering, axis flipping, iden-
tifying incorrect axis/data labels, or recognizing a parallel coordi-
nates plot were classified as conceptual knowledge. Meanwhile,
items that required following a specific procedure to arrive at an
answer, such as tracing a polyline to determine values or mapping
colors from a legend to polylines were classified as procedural
knowledge. There is a fourth knowledge type in the A&K knowl-
edge type dimension, metacognitive knowledge. Table 1 shows a
detailed breakdown of the number of questions in each cognitive
process and the number of questions per knowledge type in each
cognitive process. The knowledge classification was established
through inter-rater consensus among the research team members.
The majority of the questions were tagged as conceptual questions,
but there were many questions that were tagged as factual or pro-
cedural. None of the questions from their intervention fell into the
metacognitive category, though. This is a limitation of the interven-
tion by Srinivas et al. [23] and indicates that future interventions
could indicate that metacognitive knowledge of the learners in not
being tested.

Based on the manual tagging, we analyzed the student accuracy
for each knowledge dimension (factual, conceptual, procedural) to
get a better understanding of what students were learning and where
there may be learning gaps. Given that the data contains two student
groups (ML and ML-Control), we wanted to examine if students in
one group achieved higher scores than those in the other, when it
came to examine what students had learned.

4 RESULTS

We analyzed the performance of the students across all the six cog-
nitive processes on the BTPL and found that the students in the ML
group had higher accuracy scores on the factual, conceptual, and
procedural knowledge types.

Factual Accuracy Figure 3 shows a box plot with the aggre-
gated scores across all the questions that were categorized as fac-
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[ | Factual [ Conceptual | Procedural | Metacognitive |

Remember 0 9 0 0
Understand 5 2 2 0
Apply 5 0 0 0
Analyze 1 8 2 0
Evaluate 0 14 1 0
Create 5 0 0 0
Total 16 33 5 0

Table 1: This table shows the number of questions in each knowledge type for each cognitive process in the PCP intervention by Srinivas et
al. [23]. There is a good distribution of questions along the factual, conceptual, and procedural knowledge types, but none of the questions

were classified along the metacognitive knowledge type.
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Figure 3: Factual accuracy - Students in the Mastery Learning
group scored higher (92%) as compared to students in the control
group (86.6%) on the questions tagged as factual.

tual. Students in the ML group (shown in purple) received a median
score of 92.0% on the questions categorized as factual, whereas stu-
dents in the control group (shown in green) received a median score
of 86.6%. The accuracy is relatively high for both the groups be-
cause the factual knowledge dimension questions are easier as com-
pared to other knowledge dimension questions. This also aligns
with the findings of Srinivas et al. [23] where they found that stu-
dents in both the groups performed similarly for easier, lower-order
thinking questions whereas the students in the ML group performed
better for the harder, higher-order thinking questions.

Conceptual Accuracy Figure 4 shows a box plot of the aggre-
gated scores for the questions that were categorized as conceptual.
The students in the ML group performed better with a median score
of 96% whereas students in the control group received lower scores
with a median of 87.9%. Similar to factual accuracy, while the stu-
dents in the ML group have higher accuracy, the overall accuracy
of the students in both the groups is high.

Procedural Accuracy Figure 5 shows the performance of the
students on the questions that were categorized as procedural. The
difference between the students in the ML group (accuracy score of
56%) is much higher than the students in the control group (accu-
racy score of 34.48%). The questions in the procedural knowledge
dimension are more challenging, as they require students to per-
form the right “procedures” when answering a question. They can
involve tracing one or more polylines across the axes of a PCP or
identify the average value of a filtered set of lines on a specified
axis, and so on. Students in the ML group outperformed those in
the control group, but the overall accuracy is still much lower than
that for the factual and conceptual knowledge questions.

While the results show that the students in the Mastery Learning
group demonstrated better performance (higher median accuracy)
across all knowledge types on aggregate, we drilled down into the
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Figure 4: Conceptual accuracy - Students in the Mastery Learning
group performed better with an accuracy of 96% as compared to
students in the control group (87.9%) on the questions that were
tagged as conceptual.
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Figure 5: Procedural accuracy - Students in the ML group scored
much higher (56%) as compared to students in the control group
(34.4%) on the questions that were tagged as procedural.

cognitive process dimension to explore the data further. For this,
we examined the Knowledge Types X Cognitive Processes and
found that while students in the Mastery Learning group performed
better on all knowledge types, there were some specific cognitive
processes where students in the Control group performed better.
Figure 6 shows the performance of the students along the fac-
tual knowledge type. We see that students in the ML group per-
formed better for almost all the questions that tested their factual
knowledge. Of the single factual knowledge question that required
students to analyze, students in the control group performed better
on average than the students in the ML group. Figure 7 shows the
question that students in the control group performed better on as
compared to the ML group. In this question, students were asked
to find the scatterplot that most resembled the PCP. Students had
to closely examine all the axes in the PCP and find the scatterplot



Factual x Understand

30 40 50 60 70 80 90 100

Factual x Apply

S 2

30 40 50 60 70 80 90 100

Factual x Analyze

Factual x Create

'
30 40 50 60 70 80 90 100

- Control - ML

Figure 6: In this figure, we drill down to examine the accuracy
for the factual knowledge dimensions. Students in the Mastery
Learning group performed better than students in the Control group,
except on the one question in the Analyze cognitive process.

whose axes both matched the axes in the PCP. The overall accuracy
scores were lower for this question.

Which of the following scatterplot images is encoded in the following parallel coordinates plot?
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Figure 7: This figure shows the screenshot of the one Factual ques-
tion where students in the control group performed better than the
students in the ML group. Students were asked to identify the scat-
terplot that was most similar to the PCP.
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Figure 8: In this figure, we drill down to examine the accuracy for
the conceptual knowledge dimensions. Students in the Mastery
Learning group performed better than students in the Control group
except on the two questions in the Understand cognitive process.

Similarly, in Figure 8 where we examine the performance along
the conceptual knowledge type, we see that students in the ML
group performed better on the questions in the Remember, Ana-
lyze, and Evaluate cognitive process. As can be seen by the median
accuracies and the spread of student performance across the cogni-
tive processes, students in the ML group (purple) received higher
median accuracy scores on three of the four cognitive processes.

For the Understand cognitive process, which had only rwo con-
ceptual questions, students in the control group performed better on
average. Figure 9 shows one of the two questions where students
in the control group answered with higher accuracy than students
in the ML group. In the question shown, students were required
to demonstrate their understanding of the concepts related to PCPs,
such as axis flipping and axis reordering. Students in both groups
performed well on these questions, with a slight edge to the students
in the control group.

In Figure 10 we examine the performance along the procedu-
ral knowledge type. Here, we see that students in the ML group
performed better on the questions in the Analyze and Evaluate cog-
nitive process. The Mastery Learning approach seems to help stu-
dents gain a deeper understanding of the concepts that lead to higher
median scores as compared to students in the control group.

For the Understand cognitive process, which had only fwo pro-
cedural questions, students in the control group performed better
on average. Figure 11 shows the two questions where students in
the control group scored better than the ML group. The questions
require students to trace a polyline across the axes and identify the
average value of a filtered variable in a PCP.



What would you say is the difference between the following two charts (a) and (b)?
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O The Income.Per.Capita Axis is flpped
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Figure 9: This figure shows one of the two Conceptual questions
that students in the control group had higher accuracy on as com-
pared to the students in the ML group. The questions required stu-
dents to demonstrate an understanding of axis flipping and axis re-
ordering.

Comparing the overall scores for students in both the groups to
the other knowledge types, it is evident that students struggled with
Procedural knowledge type questions much more than Factual or
Conceptual questions.

5 DIScUsSION

Based on the analysis of the results, we found that students faced
the most challenges when answering questions related to Proce-
dural knowledge type as compared to the Factual or Conceptual
knowledge type.

Overall, students in the ML group had higher median accuracy
scores compared to students in the control group. This may be
because many of the students in the ML group were required to
review the learning material and attempt the assessment a second
or third time to demonstrate mastery of the material. Students
in the ML group also spent more time learning the material and
that may have had an effect on their overall learning. Allowing
students to retake assessments enables and even prompts them to
reflect and make adjustments to their own learning. Such behav-
iors are called metacognitive monitoring and metacognitive con-
trol. These self-regulated learning processes have been shown to
positively influence learning outcomes [21, 26, 30]. Students in
the control group were not given that opportunity, even if they re-
ceived lower scores on the various assessments. The data from
our analysis can be found in the supplementary material at https:
//github.com/vis-graphics/pcp-literacy-1lens.

Additionally, in the process of tagging the individual questions
per cognitive process from the intervention by Srinivas et al. [23],
we found no questions that assessed students’ metacognitive knowl-
edge. As mentioned, the ability to assess one’s own learning pro-
cess and determine the gaps in skills required to complete a task or
critically evaluate a chart is a crucial aspect of self-regulated learn-
ing [26]. Future interventions could integrate metacognitive learn-
ing assessment questions in order to nudge students to assess their
own learning process, if that is the goal of the researchers.

Educators introducing Parallel Coordinate Plots to students
can use the videos as well as the assessments provided by
Srinivas et al. [23] at https://vis-graphics.github.io/
PCP-Literacy-Test/. The learning outcomes are better for stu-
dents if they take the Mastery Learning route. This approach to
teaching students about PCPs led to high student engagement in the
classroom as well as students self-reported to being more confident
of recognizing and using PCPs in the future for exploration and
presentation.
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Figure 10: In this figure, we drill down to examine the accuracy
for the procedural knowledge dimensions. Students in the Mastery
Learning group performed better than students in the Control group,
except on the two questions in the Understand cognitive process.

For the Discovery Method "Transit", what is it's average value on the Gaia Magnitude axis?
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Which university has the lowest average faculty salary and one of the highest median debt for students attending that university?

Name AverageCost AverageFacultySalary MedianDebt
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O Huntingdon College

O University of West Alabama

Figure 11: This figure shows the two Procedural questions where
students in the control group performed with higher accuracy than
the students in the ML group. These questions required students to
trace a polyline and identify the average value for a dimension in a
PCP.
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The A&K taxonomy provides insight into what students are
learning and can be used by educators to assess student learning
when teaching visualization concepts. With metacognition being
an increasing important part of self-regulated learning [26], educa-
tors should consider incorporating metacognitive activities into the
process of learning about visualization concepts [8].

One of the limitations of this work is that it is a post-hoc anal-
ysis of a previously conducted intervention by Srinivas et al. [23].
Future visualization literacy interventions could be designed with
the A&K taxonomy in mind to include assessment along the four
knowledge dimensions.

6 CONCLUSION AND FUTURE WORK

We conducted an analysis of the data from a student-centric in-
tervention using A&K taxonomy to examine what students learn
when they are taught about Parallel Coordinate Plots. Each assess-
ment question from the study was manually coded according to the
knowledge types of the A&K taxonomy. Findings revealed that stu-
dents in the ML group exhibited better performance across factual,
procedural, and conceptual knowledge types compared to control
group students. Specifically, the ML group had higher median ac-
curacy scores across all three knowledge dimensions.

To better understand why students in the ML group had better
learning outcomes, future work could examine the self-regulated
learning processes that students engage during mastery learn-
ing [14, 25]. Self-regulated learning processes include metacog-
nitive activities in which learners monitor their learning progress
(i.e., metacognitive monitoring [8]) and make adjustments if needed
(i.e., metacognitive control). Future work may find that allow-
ing students to retake assessments enables them to not only more
frequently reflect on their learning process, but make choices to
change their learning strategy in specific ways to successfully meet
their learning goals.

Additionally, we found that the assessment [23] used as the
basis of this analysis does not contain any questions that as-
sess the metacognitive knowledge type. We recommend that re-
searchers designing future visualization literacy interventions to
include metacognitive assessment items to encourage learners to
engage metacognitive reflection. Metacognitive assessment can
be performed using self-reflection journals [3], think-aloud proto-
cols [28], concept maps [6], and so on.
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