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Assessing Entrepreneurial Mindset (EM) is recognized as a challenge within the engineering education field. Concept
maps (cmaps) show promise for direct assessment of EM development, but manual scoring of cmaps is time-consuming
and subjective, highlighting the need for automated scoring tools to alleviate these drawbacks. Yet, automated tools for
categorical scoring — an approach combining quantitative and qualitative metrics — are lacking. To address this gap, we
developed the Semi-Automated Scoring Tool (S-AST) and conducted a study involving five faculty members to evaluate
S-AST. Participants engaged in manual and S-AST-assisted categorical scoring sessions, followed by interviews with the
research team. The research aimed to determine the extent to which S-AST facilitates categorical scoring and to identify
areas for further improvement of the tool to better meet faculty needs. Results underscore the potential of S-AST in
streamlining EM cmap assessments and highlights areas for improvement, such as enhancing the user interface for better
navigation and clarity, improving explanations in the results file, and providing a visual representation of the cmap to
increase faculty members’ confidence in category assignment.
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1. Introduction

Entrepreneurial Mindset (EM) consists of skills,
attributes, attitudes, including multidisciplinary
communication, value recognition, and innovation
[1-3]. In recent years, there has been a push for
more entrepreneurially-minded individuals in the
engineering field as a means to encourage innova-
tive thinking and creativity [4, 5], leading to the
incorporation of EM interventions in undergradu-
ate engineering programs [2]. To measure the
impact of these interventions, it has been necessary
to identify assessment methods that can capture
EM development [6, 7].

One method of direct EM assessment is through
concept maps (cmaps), a graphical tool used to
depict an individual’s knowledge surrounding a
specific topic [8, 9]. Cmaps were first developed by
Novak & Gowin [10] and include three main ele-
ments: concepts (terms or phrases that are related to
the main topic), propositions (words or phrases that
link concepts together and provide context for their
connections), and hierarchies (groups of concepts
and propositions that branch directly from the main
topic). Assessment of EM cmaps through both
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quantitative and qualitative methods has shown
promising results, with students’ cmaps often
including concepts relevant to EM, such as business
knowledge, design and development, and profes-
sionalism [11, 12]. The assessment process for cmaps
often involves teams of instructors or researchers
who score the cmaps using quantitative parameters
such as number of concepts, or qualitative measures
such as map correctness [13]. Though research has
focused on validation of different cmap scoring
methods [11, 14], this process is often time consum-
ing, subjective, and involves calibrations between
different interpretations of map elements [15, 16].
One mixed-methods approach is called categorical
scoring, which involves assigning concepts in a
cmap to a set of predetermined categories [13, 17].
This method is said to be more accurate for under-
standing both the metrics and organization of
concept maps as well as the quality and accuracy
[9, 13], but it tends to be one of the more time-
consuming methods and struggles to achieve high
inter-rater reliability [18, 19].

One method to reduce the drawbacks of concept
mapping assessment is automated scoring, which
has been shown to be just as accurate and take less
time than manual scoring [20]. Though automated
scoring tools exist for other types of cmap assess-
ment, there does not yet exist an automated tool for
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categorical scoring. We developed a semi-auto-
mated scoring tool (S-AST) using an existing cate-
gorical scoring codebook specific to EM previously
developed by three of the authors, which incorpo-
rates both quantitative and categorical scoring
options, and a set of features that enhance the
scoring process.

To evaluate the extent to which S-AST facilitates
assessment of EM cmaps through categorical scor-
ing, we seek to answer the following research
questions: (1) How does S-AST alleviate difficulties
associated with manual scoring of EM cmaps? and
(2) What areas of improvement are still necessary
for S-AST to meet the needs of faculty members?

2. Literature Review
2.1 Manual Cmap Assessment

There are many types of manual cmap assessment,
all of which focus on different elements such as map
quality, correctness, and similarity to other maps.
Traditional scoring is the most common and sim-
plest method, relying on counting the number of
concepts, number of cross-links, and number of
hierarchies to determine an overall map score [10,
21]. More qualitative measures, such as Holistic
rubric scoring, evaluates cmaps on a scale from 1-3
based on organization, comprehensiveness, and
correctness [22]. Some cmaps are also scored by
determining their similarity to an instructor or
researcher-created ‘“‘criterion” or “master” cmap
on the same topic, referred to as expert map
comparison scoring [23, 24].

The method we will focus on in this paper is
referred to as categorical scoring, which is a mixed
methods approach that involves both counting map
elements and observing overall map themes and
quality [17, 9]. Categorical method provides insight
into the structure and content of the student’s
knowledge, bringing together elements of the tradi-
tional and holistic scoring methods [13]. This
method was first developed by Segalas et al. [17],
who created a codebook with 10 categories related
to sustainability to assist in scoring sustainability-
focused cmaps. These maps were qualitatively eval-
uated through the categorical themes, and quanti-
tatively evaluated using a formula for complexity
index (CI), found by applying the number of con-
cepts (NC), number of categories (NCAT) and the
number of interlinks between categories (NIL) to
the formula presented in (1):

NIL

Cl=NCmrm (1)

The categorical scoring method was modified with
new categories for sustainability-focused maps by
multiple other studies [25, 26], eventually leading to

this method expanding outside of the sustainability
space to address topics such as infrastructure and
engineering technology [27]. Recently, three of the
authors worked on the development of the first
categorical scoring codebook to assess EM concept
maps, which was used for the development of the
tool presented in this paper.

It has been suggested that the best choice for
manual scoring method depends on the context of
the cmap creation, such as the number of available
scorers, the number of maps to be scored, and the
time constraints on assessment [8]. Since more
complicated methods such as categorical scoring
often require more scorers and time [19, 26], it is
necessary to develop an automated method that
captures the accuracy and quality of assessment
that categorical scoring provides without the
common drawbacks.

2.2 Automated Cmap Scoring

Since manual cmap scoring has drawbacks, several
automated scoring methods have been developed to
help mitigate them. Some researchers have devel-
oped their own programs from scratch [15, 20, 28],
others have used pre-existing software to develop
their own approaches [23, 29], and others have
modified existing programs to fit their needs [30].

Most of these automated methods use expert
map scoring as the baseline and feed their programs
the expert map so the student maps can be com-
pared automatically [31-33]. Expert map scoring
based programs often use similarity flooding algo-
rithms (SFA) for comparisons [23, 30], which works
by translating two different datasets into graphs
and determines similarity values to compare each
data point [34]. Maps have also been compared
using similarity based equations for matching simi-
lar concepts and distance between similar concepts
[35, 36], designing a metric based program that
highlights specific map elements [37, 38], and creat-
ing a pathfinder network to compare across maps
[39, 40]. In Koul et al.’s [39] program, ALA-
Mapper, cmap data is converted into proximity
data which determines the distance between each
link and concept, then the Knowledge Network and
Orientation Tool converts this data into a pathfin-
der network. This network is a way to depict the
data without linking phrases to allow for direct
measurement of relatedness between two concepts.
In a more complicated equation based program,
Gurupur et al. [41] use hierarchical comparison to
complete Markov Chain analysis on cmaps. This
program uses cmaps as XML files, parses them
through a Java program for the analysis portion,
and provides the number of concepts, propositions,
and a score for the correctness of each concept
based on the results.
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Though most automated scoring tools have used
Expert Comparison as their baseline, there are a few
that have applied different approaches. Luckie et
al’s [42] program, RoboGrader, involves the
instructor manually assigning correctness to a
string of terms, and the program analyzes each
map based on these correctness scores. Although
this does not involve an instructor creating an
expert map, this method does involve influence
from an expert.

Another example of an existing tool is the Cmap-
Parse tool developed by Watson et al. [20], which uses
Traditional scoring as the baseline. Python program-
ming and NetworkX are used to identify the four
parameters of Traditional scoring, number of con-
cepts (NC), number of hierarchies (NH), highest
hierarchy (HH), and the number of crosslinks
(NCL), and parse them into a weighted form of the
Traditional Scoring equation: (NH - NC) + 5*HH +
10*NCL. Cmap data is reorganized into directed
multi-graphs which can be interpreted by NetworkX
algorithms, outputting each individual score.

Automated cmap scoring has helped to decrease
the amount of time and effort it takes to score
cmaps, but these approaches have been shown to
have their own set of drawbacks that some auto-
mated methods have worked to combat. The main
drawback is often accuracy, as it can be difficult to
accurately depict correctness of cmaps through an
algorithmic or equation based approach [20]. The
similarity flooding algorithm’s accuracy has been
strengthened by applying WordNet to the program,
which allows for words with similar meanings to
retain higher similarity values when compared [33,
43]. Conlon’s [42] program, the Reasonable Fallible
Analyser (RFA), has also implemented an “argue”
feature, where students can challenge any feedback
presented by the RFA if they feel it is incorrect. A
few programs have also opted for a closed-map
approach, in which only a set of terms chosen by the
instructor can be used in cmaps, making it easier for
the program to provide correct and more useful
feedback [31, 32].

Automated cmap scoring has historically offered
an alternative to time consuming manual assess-
ment [20, 33]. However, automated methods have
yet to include Categorical Scoring, which has been
favorable for understanding the quality of maps
both qualitatively and quantitatively [13]. Pruett &
Weigel [44] were interested in scoring using both
Traditional (Cmap-Parse tool) and Categorical
methods but performed manual Categorical Scor-
ing using Segalas et al.’s [17] codebook due to the
lack of an automated tool. Therefore, the existence
of a tool that performs categorical scoring in
conjunction with other scoring methods may be
beneficial for comparing different types of scoring,

extracting prominent themes, and identifying con-
ceptual gaps.

3. S-AST a Semi-Automated Scoring Tool
to Assess EM Cmaps

This section will provide an overview of the S-AST
tool and how it can be applied to categorically score
cmaps.

3.1 Tool Design and Implementation

With the aim to facilitate the process for assessing
cmaps using the categorical scoring method, the
research team developed S-AST to score concept
maps produced (or reproduced) with the Cmap-
Tools™ software. The tool was developed in the
programming language Python, based on the algo-
rithm developed by Watson, Barrella & Pelkey [20]
for assessing cmaps through use of traditional
scoring methods. The original code for the tradi-
tional scoring method was preserved, although
slightly modified to include fault tolerance and
enhance the results presented in the output file.
Then, a completely new code was developed to
incorporate the categorical scoring approach.

S-AST has a graphical user interface (GUI)
(Fig. 1) that provides the user with the option to
select the scoring method, provide the root concept
expression, select the cmap files to be assessed,
define the location for the results file to be saved,
and access to the EM codebook with the definitions
and examples of the categories for categorical
scoring. In addition, the user can access a Help
Window that provides a detailed PDF help file. This
Help file contains instructions for creating and
exporting cmap files, as well as customizing the
tool to the users’ own categories and topic. By
default, S-AST includes the EM codebook file
with the categories’ definition and an EM word-
bank file with a list of concepts related to each
category, nevertheless, users can change either the
code book or wordbank file for their own needs.
They only need to follow the format and instruc-
tions provided in a detailed help file incorporated
within the tool. The tool also has the feature of
batch assessment that allows the user to upload
multiple files simultaneously. The tool accepts only
.cxl extension files, which can be obtained from
exporting a .cmap file into a .cxl using Cmap-
Tools™ [45].

S-AST first extracts the concepts and their links
from the cmap, then it compares the concepts
against the wordbank file for the selected topic, in
this case EM. If there is an exact match, the concept
is assigned to the corresponding category from the
wordbank. For a concept that does not have a
match within the wordbank file, the algorithm will
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# EM Cmap Scoring Tool — X
Scoring methods
() Traditional @ Categorical

Root concept: Entrepreneurial Mindset

Select concept maps: RU21_Med1_For_Scoring.cmap.cx| Browse

Save results as:

Help Codebook

C:/Users/Eduardo,/Desktop/ScoringResults_example_of_use.csv

Run Exit

Fig. 1. Scoring Tool Graphical User Interface (GUI).

assign it to the category of the first concept of the
hierarchy to which it belongs. This is called a pre-
assignment. After all concepts are assigned or pre-
assigned to a category, the concepts with a pre-
assigned category are presented to the user for
review allowing the user to either accept the cate-
gories or manually change them to a new category
based on their own line of reasoning. After the pre-
assignment review, the algorithm calculates the
scoring metrics and generates the results file with
the complexity index along with detailed cmap
metrics such as the number of concepts, the
number of categories, the list of concepts within
each category, the number of crosslinks, and a
matrix with the crosslinks between categories.

S-AST includes fault tolerance codification that
prevents the program from crashing unexpectedly.
For instance, it verifies that the wordbank exists
before trying to access it. It also verifies that the
cmap file has the correct file extension, that it has at
least two concepts and one link, and that at least
one concept node matches the Root concept written
in the main GUI. Additionally, it checks that the
results output file is not open. In any of those cases
the program safely ends and informs the user about
the fault.

The program was designed to facilitate assessing
concepts with unexpected format, for example it
eliminates double spaces or new lines within con-
cepts. It eliminates concepts with no links to other
concepts and empty nodes. Additionally, it identi-
fies duplicated concepts and merges them into one.

S-AST is licensed under a Creative Commons
Attribution-NonCommercial-ShareAlike 4.0 Inter-
national License and can be downloaded from
GitHub under the name EM-Cmap_Scoring_Tool
[46].

4. Study Method

To evaluate the use of S-AST, a study was con-
ducted with faculty members who had prior experi-

ence teaching design courses and a background
with the concept of EM. Participants took part in
two one hour sessions, one for manual categorical
scoring and one with the use of S-AST. Each session
consisted of a think aloud cognitive interview where
the faculty member talked through their approach
to scoring the provided cmaps and a follow up
interview. Institutional Review Board (IRB)
approval and informed consent for each participant
was obtained before conducting the study.

4.1 Participants

Faculty members who met the criteria of having
prior experience with teaching design courses and a
background with the concept of EM were contacted
via email to participate in the study. From those
who responded to the invitation, five were selected.
Participants demographics included two female and
three male faculty members. Faculty members’
background with EM was developed through
attending a KEEN [47] conference or workshop
(four participants), being a Co-PI on a KEEN grant
(two participants), or participating in campus-
based efforts to integrate EM into their classes
(two participants). All faculty members had experi-
ence with teaching Junior or Senior students’ design
projects, and were from Biomedical Engineering
(one participant), Chemical Engineering (one par-
ticipant), Experiential Engineering Education (two
participants), and Mechanical Engineering (one
participant). Participants were offered a $50 dollar
prepaid gift card for their participation in the study.

4.2 Data Collection

Participants were instructed to complete a self-
guided virtual training [48] on how to score a
cmap using the categorical scoring method, both
manually and with the aid of S-AST prior to the
first meeting with the research team. This virtual
training allowed faculty members to familiarize
themselves with the scoring process and how to
complete categorical scoring with both a simple and
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more complex cmap. In the first think aloud session,
participants were asked to manually score four
cmaps using the categorical approach, while articu-
lating their actions, thought processes, and any
difficulties encountered. After the think aloud pro-
cess, participants were asked follow up questions
regarding their experiences with the manual cate-
gorical scoring, which included challenges while
scoring the cmaps, interpreting the scoring metrics,
and perceptions of the scoring method. During the
second session, participants were asked to score the
same four cmaps but using S-AST, while articulat-
ing their actions, thought processes and difficulties
encountered. Similarly to the first session, partici-
pants responded to follow-up questions regarding
their experience of scoring with S-AST, which
included challenges, ease of use, and perceptions
of S-AST. Additionally, participants were asked
about possible changes or improvements to the
tool as well as positive features they liked while
scoring the cmaps. Interviews were audio recorded
with Zoom and subsequently, the transcripts gen-
erated by Zoom were reviewed and cleaned by the
research team.

The four cmaps used during the think aloud
interviews, were developed by the research team
based on their experience with using and assessing
EM cmaps in the classroom. They were identified as
“Easy”, “Medl, “Med2”, and “Difficult” accord-
ing to the research team criteria based on the
number of concepts included, the listing of the
concepts within the Wordbank file, and the
number of interconnections. The “Easy” cmap
only included concepts found in the Wordbank
file, while “Med1”” and “Med2” included a mixture
of concepts within and outside of the Wordbank
file. On the “Difficult” cmap, nearly half of the
concepts were not found in the Wordbank, and the
structure of the connections was more elaborate.
Figs. 2 and 3 present a visual representation of the
easy and difficult maps respectively.

4.3 Data Analysis

With the lens of the research questions, inductive
thematic analysis was conducted to identify and
organize patterns of meaning from the transcripts
data set [49]. The transcripts were divided equally
among two of the research team members for the
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Fig. 3. “Difficult” concept map.

generation of initial codes, both semantic and
latent. The two researchers then identified over-
arching themes present within the initial codes
and met with the third researcher to confirm their
approach and that the themes were relevant to the
study’s research questions. After consolidating the
themes, two codebooks were created, with the
definition of themes and subthemes. Subsequently,
all three of the researchers went through one of the
transcripts and coded it using both codebooks. A
discussion followed to reconcile the themes and
interpretation of the coded segments, thus verifying
the codebooks’ accuracy.

In the second coding cycle, the transcripts were
again split between two of the researchers who
deductively coded each transcript with the verified
codebooks [50]. Each of the transcripts were inter-
changed between the researchers for verification of
code application. Any discrepancies were recon-
ciled through discussion with the third researcher
on the project.

4.4 Research Quality

The study ensured research quality through the
guidance of validation measures outlined in the
Q3 framework [51]. Procedural validation, defined
by mitigating threats to overall validation on the
data collection and analysis, was achieved by using
the think aloud cognitive interviews to elicit parti-
cipant’s perceptions in a context that resembled a
natural setting for assessing cmap complexity,
either manually or with the S-AST. Detailed immer-
sion during the data analysis phase allowed the
research team to better understand the participants’
experiences for theme identification from within the
data. Process reliability (collecting and recording
data in a dependable and accurate way) was
achieved by developing the session protocols for
the think aloud cognitive interview and follow up

interview and keeping an audit trail while going
through the data analysis with reflections on the
data and the analysis process being conducted.

4.5 Limitations

Limitations of this study are the small sample sizes
of both number of participants and number of
cmaps for scoring. Other limitations are the
requested criteria of participants having experience
with cmaps and EM, and all participants being
faculty at a single institution, resulting in a potential
bias in the findings and the results not necessarily
being transferable to other higher educational con-
texts.

5. Results

This section addresses the overarching research
question: To what extent does S-AST facilitate the
assessment of EM cmaps? by addressing the diffi-
culties alleviated through use of S-AST and areas
still in need of further improvement.

5.1 How does the S-AST Alleviate Difficulties
Associated with Manual Scoring of EM Cmaps?

There were three themes and corresponding sub
themes identified in response to the research ques-
tion: How does the S-AST alleviate difficulties
associated with manual scoring of EM Cmaps?
(Table 1)

The two most prevalent sub themes identified
across participants were the support of students’
learning through score comparison and feedback,
and efficiency through time savings compared to
manual scoring. Four out of five participants com-
mented on the way they perceived S-AST ““helps you
get your students the feedback very quickly” (faculty
1), or “see (...) which areas are students thinking
about when they’re thinking about entrepreneurial
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Table 1. Difficulties alleviated when using S-AST

Theme

Sub-theme

Definition

Examples

Consistency in
scoring

Being sure that the categorical
metrics were identified and counted
appropriately across all Cmap files in
the same way, thus ensuring fairness
in the final complexity index by
reducing human mistakes.

“There are likely many things that I would have made

mistakes with repeated reviews, so that eliminates kind
of potential . . . error or mistakes. So it makes it more

consistent. . .”” (faculty 1)

students.

Supporting Through score Ability to compare students’ results | “So you could theoretically upload a whole classes worth
students’ comparison and | and quickly share them with the of students, and run them all at once and do all the
learning feedback students. categorization, and then compare across... You know...
this one is much more interconnected, but it doesn’t have
as many nodes, and this one has more nodes, and some of
them may be more similar.” (faculty 2)
By measuring Identify student’s progression by “‘use this [tool] instead of doing a traditional or doing it
their progression | seeing how their scores change over | by, you know, [scoring] by hand (. . .) looking at whether
time. students are gaining complexity. In that case I would say,
Oh, yeah, absolutely.” (faculty 3)
Efficiency Through time Reduction in time and effort “I prefer using the automated, because I think it’s a more
savings investment in obtaining scores for efficient way to get to the same place.” (faculty 3)

the cmaps and sharing it with the

“This works really well in doing it a much faster way and
getting nearly the same score” (faculty 4)

Due to batch
assessment

results in a single file.

Ability to score more than one cmap
at the same time and obtain the

“Ireally love that you can select more than one [cmap] at
once. That’s a huge like feature” (faculty 4)

mindset and which areas are they missing, so you can
sort of push harder on the things that they are not
getting” (faculty 5).

As for efficiency, participants’ comments were
often tied to the time it would take for grading and
assessing batches of cmaps. All participants com-
mented something related to “the fact that you know
[the S-AST] it’s a time saver” (faculty 1), the way the
S-AST is “streamlining the process” (faculty 1) as it
is “less time intensive” (faculty 2) and “obviously it’s
way faster than the manual scoring” (faculty 5).

5.2 What Areas of Improvement are still Necessary
for the S-AST to Meet the Needs of Faculty
Members?

Table 2 presents the four identified themes that
address the research question: What areas of
improvement are still necessary for the S-AST to
meet the needs of faculty members?

The four most common sub themes were trust
issues from the lack of information regarding the
metrics, navigating the GUI, not being able to see
the original cmaps, and expectations about the way
the results information was to be presented in the
output file.

Three out of five participants commented on the
possible trust issues as “‘with a [sic] automated tool, 1
actually wouldn’t understand how the scoring works,
it would just be completely embedded in the algo-
rithm. I'm not entirely sure if it’s a pro and a con, but
it’s just an observation.” (faculty 1), while another
participant mentioned that it would be “useful to
like have to do some manual scoring before using the
automated tool. Just so you like, have a clear sense of

what’s happening in the background of the tool”
(faculty 5). Additionally, one participant wondered
if:

“is there a way to go back and physically see where it said
there were 22 interlinks? Is there a way to go back and
physically see those? (...) cause the presentation looks
very clean. But then, if there’s a discrepancy between
what the tool did and what I [manually] did, and I wanted
to go in and see the reason for discrepancy” (faculty 3).

Four of the participants commented on the difficul-
ties navigating the S-AST GUI, including not
“know[ing] that each screen was going to be one
concept map at a time.” (faculty 4), missing the
scroll bar on the manual categorization GUI, and
getting confused by the presentation of the sub-
categories in the dropdown menu for the manual
categorization assignment.

Four of the participants mentioned their expecta-
tion regarding how the information was presented
in the output file, like expecting that “‘the number of
concepts would be the total of all of the concepts in
[each category] section [including the sub categories
and the main category]” (faculty 5), not being sure
what to do with the information if not having
previously went through the training videos,
“some sort of chart that allows the instructors to
see what are the range of complexity scores” (faculty
4), and expecting each cmap file information in
different tabs/sheets of the spreadsheet file.

Lastly, all five participants commented that not
having access to the original visual representation
of the cmap file can make it difficult to manually
categorize concepts because ‘“‘sometimes you can
read between the lines when you see more of it
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Table 2. Areas of improvement to be addressed relate to

regarding metrics | metrics by the algorithm.

Theme Sub-theme Definition Examples
Trust issues From lack of Uncertainty of the process followed | “There’s this nagging feeling in my head that, you know.
information for identification of the categorical | Did it ... Did it work well? and did it tag Well?”

(faculty 1)

window user interface and the
manual categorization window
interface.

Interface Navigation Hesitation while using the main ““(...)This is where I was a little confused. I'm not sure

whether I should reject all the assignments and leave
user |them in the no category. But that reads to me like that
will undo everything I just did, or to collect accept all
assignments, and that will do the ones that I have done in
the new category.” (faculty 2)

student’s intent.

Access to original | Lack of visual context for manually | “You do lose some of that nuance from like the
Cmap assigning concepts not found in the | connecting words and sort of how the concepts fit in with
wordbank and potentially losing each other in the big picture (...) none of the connecting

words are there. So like, even though I can see all the
concepts, you know, I don’t know. It’s harder to see what
the students thought process is” (faculty 5)

participants with iOS machines
couldn’t use the tool on their
personal computers.

Customized The tool doesn’t allow the user to “I mean, indeed, I think the way I see this tool is, I think

feedback to include additional feedback in a you’re slowly developing it. It all this thing that I did

students concept map assessment. here, would completely be behind a visual, you know a
GUI, where it pops up, you press a button, it starts to
label and highlight and color. And then you can actually
not only comment specifically . . . or comment generally,
but you can comment specifically by space, meaning you
can say, this category or this group of a cluster of
information was fantastic. And that’s how we do it with
essays, we wanna circle things.” (faculty 1)

Output file Expectations of the results “I’m expecting each cmap to be in a different tab. [ don’t

format presentations or navigating the know if that’s what’s gonna happen.” (faculty 5)

information in the file.
Other OS Availability for | The initial version of the tool is only | “Mac users are gonna be troublemakers, it seems like
i0S available for Windows OS. Thus, (.. .)as a Mac user, this was not super easy.” (faculty 5)

not just pre-assign them to the
hierarchy’s category.

Word - The tool looks for literal “[cmaps] where the words are not often found [in the

identification concepts in the wordbank, losing its | wordbank]. So you would have a lot of categorization to
time efficiency when there are too do on that second screen of this semi automated method.
many concepts not found in the I don’t know whether I would prefer to do that with the
wordbank. semi automated tool or with the manual scoring, and it is

The tool could go beyond the literal
search, to be able to assign concepts
that are not in the word bank, and

possible that I would . . . I would actually prefer a hybrid
version of that where, in addition to the code book, I
would also look at the Data Bank of of words or the
word bank to be able to help classify in that and I didn’t
do that today, but that’s what I would see as my ultimate
usage of do everything through the automated tool, but
merge those classifications with both resources.” (faculty
2)

rather than just the entry in isolation” (faculty 2).
This lack of access to the original cmap impacts the
confidence level of faculty participants in “make[-
ing] a clear decision” (faculty 5) as to where to assign
a concept as “the context being from the link, words
or categories before it, [they] might be inclined to put
it somewhere else” (faculty 4).

6. Discussion

S-AST was developed in response to the need of an
automated approach for categorical scoring of
cmaps. Building on a traditional automated scoring
tool developed by Watson, Barrella & Pelkey [20],
S-AST created a means for automating the catego-
rical scoring process by modifying the GUI to allow
for this additional scoring approach, adding fault

tolerance, and creating a results output file that
captures the categorical scoring results.

6.1 Difficulties Alleviated by the S-AST

During the manual scoring phase, the research team
findings aligned with previous literature on the
difficulties associated with manual categorical scor-
ing including that it can be time consuming, cumber-
some, and tedious because of the identification of the
different metrics [13, 20]. The identified themes for
difficulties alleviated are relevant as they show that
the use of S-AST can help reduce the time investment
and the tediousness in identifying the metrics con-
sistently across all cmaps, as well as give the faculty
members enough information on the content to
support formative and summative assessment.
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Findings related to the ability of the tool to
support students’ learning are aligned with previous
identifications of the categorical scoring method as
the only cmap scoring method that allows insight
into content and structure of the knowledge gained
by students [13]. Because of its use of nominal data
(categories) and ordinal data (scoring metrics), the
results obtained with S-AST help faculty see the
content that the student provided and better inter-
pret the summative assessment, while being able to
provide formative assessment as well [13, 20].
Lastly, reducing the time in assessing cmaps with
the categorical scoring method can help make more
faculty adopt this scoring method, as this is one of
the limitations of the scoring method because of the
dependence on the number of concepts present in
the cmap [13]. It can also further help support
students’ learning, as teachers can give feedback
more quickly and allows faculty to invest their time
in other classroom activities [43].

6.2 Areas of Improvement for the S-AST

Further improvements of S-AST can include a
window or message prior to the presentation of
the manual categorization GUI to indicate that
results will be presented one window at a time,
highlighting or using bold text for the file name of
the cmap being assessed, and including a confirma-
tion message that prompts the user to scroll down,
use arrows to indicate points of interest, or having
the “Continue” button appear at the end after the
user has scrolled down on the manual categoriza-
tion window. The inclusion of bold text and arrows
has been found to decrease task time and reduce
software use errors [52]. For the total number of
concepts, S-AST could be updated to count all the
concepts under each category so faculty can easily
perform a formative assessment. As for the chart,
the output file already presents a table with the files
assessed, the metrics and complexity index that can
be imported to SPSS, MATLARB, or other software
for statistical analysis that supports csv files. Lastly,
for lowering the dependence on the training videos,
the help file of S-AST can be updated to give the
user a quick introduction to the information that
will be saved in the output file after running the
program.

As the categorical scoring method relies on
nominal and ordinal data types, meaning that in

References

the absence of a visual context the classification of
nominal data will be compromised, it could be
beneficial to include access to visual copies of the
cmaps. This approach can also help ensure accu-
racy in the method, since categorical scoring can be
considered to be both quantitative and qualitative,
as it counts components to obtain the metric values
for the complexity index and categorizes concepts
[20]. The loss in the qualitative component, access
to the visual representation of the cmaps, is the
compromise for the time savings and consistency of
identifying the components of the categorical
metrics.

The faculty testing provided valuable insight into
the strengths and weaknesses of the S-AST, and
future versions of the tool will address the concerns
raised by faculty to improve the user experience and
value of the scoring results for EM assessment.
Future work could explore ways to more fully
automate the scoring process, perhaps through
the use of machine learning and artificial intelli-
gence.

7. Conclusions

S-AST was developed in response to the need of an
automated approach for categorical scoring of
cmaps. The tool was evaluated with faculty mem-
bers to determine the difficulties it alleviated in
comparison to manual categorical scoring and
areas still in need of improvement. The main ben-
efits of using S-AST were consistency in identifying
categorical metrics, time savings, batch assessment
capability, and support for student learning
through score comparisons. Despite these advan-
tages, S-AST raised trust issues among participants.
They expressed concerns about losing access to the
visual representation of the cmap and the student’s
intentions, and about not being able to see how S-
AST computed the metrics. Additionally, partici-
pants identified areas for improvement in the navi-
gation of the GUI. Faculty testing and feedback
will be used to improve the tool and further ease the
scoring burden of EM cmaps for assessment.
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