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Abstract
The aim of this study was to utilize unsupervised machine learning framework to explore a dataset comprised of assessed output by
Bachelors of Business, Taxation learners over four successive semesters. The researcher sought to motivate deployment of an evidencesupported, data-driven approach to understand the scope of student learning from a bachelor’s degree in business class taxation class, as a
tool for accreditation reporting purposes. Outcomes from the data analysis identified four factors; two related to tax and two related to
learning. These factors are, tax theory, and tax practice, along with practical learning and theoretical learning. Research motivated a
grounded theory paradigm that explained taxation class learner’s scope of acquired knowledge. The resulting four factor model is a result
of the study. The emergent paradigm further explains accounting student’s readiness for career success upon graduation and provides a
novel way to meet outcomes reporting requirements mandated by programmatic business accreditors such as required by the Accreditation Council for Business Schools and Programs (ACBSP).
Keywords: Big Data Analysis, Computer Pattern Recognition, Taxation Learning Outcomes, Unsupervised Machine Learning, Tax Practice Learning
Theory.

1. Introduction
The knowledge gap being addressed in this study was how to develop alternative trend data that is less subjective and independent
of grades, and GPA? A second thrust was to assess the career
readiness of graduates of Higher Colleges of Technology, Fujairah
Women’s College [1]. Taxation class is offered in Semester 7 or 8
of the fourth year of the Bachelor degree. Value added tax was
introduced in UAE for January 2018, and may be a sign of the
introduction of future, additional tax regimes and modalities [2].
The study method stressed the objectivity of machine learning, to
take precedence over methods with greater subjective human input.
The Accreditation Council for Business Schools and Programs
(ACBSP), Standard 4 requires schools to report metric trend data
measurement. Of prime importance is how they are meeting student learning outcomes. ACBSP does not accept grades or GPA as
measurements requirement as these are too subjective. ACBSP
instead seeks to motivate member institutions to find novel ways
measure student learning. Furthermore, measurement of student
learning outcomes is a Council for Higher Education Accreditation (CHEA) public reporting requirement [3].
The deployment of KH Coder software, for data mining/ context
analysis, provided an avenue to identify what concepts the students were actualizing in their final reflections [4]. The process
graphically modeled, actual taxation learning, that the students
acquired. The researcher then explored patterns in the data to assess, what if any of the taxation student learning outcomes, were
being met.
Thus, this study utilized the emergent theory research approach.
The KH Coder coupled with the Stanford ‘part of speech’ (POS)
tagger, was a scalable data mining application, suitable also for a

big data deployment. The approach is a valuable toolkit for program representatives to analyze learning outcomes, and career
readiness of graduates [4]. A second goal was to assess career
readiness of accounting graduates in the area of taxation.

2. Literature review of previous studies
The machine learning process was used to evaluate data collected
from end of term student reflections produced by learners at the
completion of all course work, but prior to their attempting the
final exam. Measurement of students’ acquisition of an understanding of the taxation learning outcomes was applied to data
collected from four successive semesters from 2015 through
Summer 2017 of Taxation class. Content analysis was used to
measure acquisition of key taxation concepts in Bachelor of Science in Accounting program. The course of study is the tax code
of the United States. The students are predominantly female
Emiratis, United Arab Emirates (UAE) nationals. The UAE enjoys
a reputation historically as being a country with little to no taxation. However, this situation is changing and the UAE is set to
introduce a 5% VAT or value added tax by 2018 [2].
One of the early advocates of analyzing the corpus or body of
language was Susan Hunston [5]. “The main argument in favour
of using a corpus is that it is a more reliable guide to language use
than native speaker intuition is” (p. 20). Hunston [5] nevertheless
valued intuition stating: “[Intuition] is an essential tool for extrapolating important generalizations from a mass of specific information in a corpus” (p. 22). The method is therefore a mixture a
computer analysis and researcher intuition.
Stoykova [6] applied a search and retrieval approach to electronic
versions of educational text corpus. The researcher used a statistical method to extend the keyword search, and was seeking fre-
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quency distributions, collocation candidates, and to identify
grammatical and semantic relations. The keyword search results,
demonstrated lexical, grammatical, syntactic and/or semantic constraints. These constraints governed how words were used and
combined. Word combinations were explored in their related semantic context. General keywords extracted were semantically
relevant.
A group of researchers from Australia [7] sought to reduce subjectivity assessing student earning outcomes, via grading, through
reduction of the human factors. Human variation was proposed to
be reduced by a process called calibration. The main thrust of their
method was to identify variation between graders in 1) areas of
application skills and judgement, 2) workshops to narrow these
gaps, and 3) if such workshops increased grader confidence in
assessment. With the unsupervised machine learning method proposed for this study, human factors are divorced from the process
and data analysis is objective, except to the degree necessary to
interpret and construct the initial evaluation model. Other authors
approached disparity in assessment from the standpoint of intellectual ability, procedural understanding and student motivation [8],
[9]. None of these studies, which focused on accounting, used
machine-based content analysis.
A previous study from this KH Coder stream of research, compared a section of N = 25 HR management learners to the first
group of Taxation learners analyzed which was about the same
size. Using a duplicated methodology, a clear-cut divergence was
noted between topics reflected upon HR and Accounting learners.
This is the expected outcome, and one which was statistically
supported [10]. A following study in this same stream, an earlier
iteration of the current study, triangulated evidence from the factbased identification of credential acceptance and stakeholder satisfaction [11].
Anzai, and Matsuzawa [12] used the content analysis methods of
word frequency and co-occurrence networks to explore differences in the mission statements of pre-World War II and postWorld War II Japanese universities. Their key finding was a
greater focus on research in the pre-war university model compared to a greater teaching focus in the post-conflict iterations. A
moderating factor was the evolution of post-war universities
through privatization to what is known as national university corporations and a greater focus on profitability.
Minami and Ohura [13] used KH Coder for content analysis of 35
student survey responses. They focused on 20 key responses to
Question 11, “How Student's Attitude Influences on Learning
Achievement? An Analysis of Attitude-Representing Words Appearing in Looking-Back Evaluation Texts“. The author’s explored a potential link between learner’s attitude and achievement
performance. The authors characterized their study as Education
Data-mining (EDD) missed with Knowledge Discovery Datamining (KDD). Low performers used language and words similar
to high performers yet they were poorly implemented while the
middle performance group had identifiable word differences.
Their approach analyzing a limited number of student responses
drew a parallel to the method deployed to analyze content—
reflections in the case report on the SCIL model. Dissimilarities
were use of a questionnaire, instead of discussion points and class
focus on IT—information retrieval [13].
Authors based in Kuwait, reviewed 148 studies for a 2013 metaanalysis of educational data mining. They concluded that improved progress toward meeting learning outcomes was more
likely. They also forecasted that data-driven methods such as
modeling, clustering, prediction, relationship mining and distillation for human interpretation would lead to improvements in
teaching and setting of policies [14].
Data deployment in accreditation is evident in Baldrige Criteria
4.1a, tracking overall organizational performance; WASC Standard 2, quantifying meeting of educational objectives; NCATE
Standard 2, implementation of quality assessment systems; and
ACBSP Standard 4, measurement of outcomes assessment and
student learning outcomes. For example, for ACBSP, some applications would be tracking student information, mid-point assess-

International Journal of Engineering & Technology

ments, end of program assessments, program review, along with
stakeholder oriented data, such as alumni satisfaction and employer satisfaction [15].

3. Literature review of proposed method
Computerized analysis methods are gaining in popularity due to
high data volumes. Trochim [16] traces the advent of theorydriven approaches, application to program evaluation and creation
of theoretical frameworks aiding conceptualization methodology
[16]. Studies today can draw upon techniques borrowed from
search engine optimization and search engine marketing. A highly
capable technology is MatLabs from Mathworks. In fact, computational thinking in business education is a boundary spanning
technology when machine learning and numerical analysis capabilities of MATLAB are deployed outside of engineering sciences
[17].
Vesanto & Alhoniemi [18] advocated the self-organizing map as
being an excellent tool in exploratory data mining. They further
explained the dendrogram supported nature of clustering using the
self-organizing map (SOM). Furthermore, hierarchical cluster
analysis uses dendrograms to specify clusters and as a technology,
can reinforce the SOM.
According to Berinato [19], data visualization has become a musthave skill for all managers. This is because a visual abstraction is
often times the only way to process the volume and velocity of
data that arrives for processing. Furthermore, decision-making
increasingly relies upon the ability to make-sense from and interpret of this voluminous amount of what is also known as big-data.
Due to open source programs, the internet and proprietary, yet
affordable tools, visualization is becoming widely accessible.
Access to tools without the deeper understanding of their application can result in producing charts that are inadequate or ineffective.
Berinato [19] proposed that data managers and decision makers
ask two questions. “Is the information conceptual or data-driven?
and is the statement about the topic declarative or exploratory?”
[19] (Page 1). Berinato’s decision model identifies which of four
types of visualization goals will be most effective, namely: “idea
illustration, idea generation, visual discovery, or general data visualization” (Page 1) [19]. The implication of what has been stated
by Berinato is guidance to the researcher conducting a study that
is both quantitative and qualitative in nature [19].
The method to conduct data visualization with multidimensional
scaling was explained by Buja, Swayne, Littman, Dean, Hofmann,
and Chen [20]. Tamura [21], has used word analysis, cooccurrence analysis, and categorization, to examine a shared socio-cultural experience, from an internet discussion forum. Tamura set word analysis limits and reported high frequency words
appearing 40 or more times. Using co-occurrence networks and
the Jaccard coefficient, Tamura [20] intuitively created categories.
The Jaccard coefficient is a word frequency algorithm. It divides
the frequency of word intersection by the union of word appearance. For example, if the frequency of word a is 4, and frequency
of word b is 3, then the frequency of words a and b is 2. As stated
as a formula; 2 / (4 +3 – 2) = 0.4 [21]. Matsuo, & Ishizuka 2004,
p. 2). Tamura [20] reported that computer coding allowed a researcher to objectively handle large amounts of data, and qualitative information could be easily represented numerically which
served to decontextualize the data. Tamura [20] considered decontextualization to be an advantage via removing human factors
from a crucial portion of data analysis.
The Handbook of Business Discourse was a useful reference for
motivating content analysis in the context of business studies.
Systematic replicable methods were described for working with
large data sets of text, apportioning words into categories, motivated by uniformly applied computer coding rules. Intuition as
well as objective means can be used to process the output. The
approach has commonality with other data analysis methods, as a
means to identify patterns, and trends [5].
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Content analysis methods are best applied when triangulated with
other methods [22]. Yu, Jannasch-Pennell, and Di Gangi, [23]
concurred. They stated that a computer aided quantitative approach to text-mining of natural language, was reliable and consistent, being compatible with grounded theory, provided the researcher remained neutral, as categories emerged from the data.
Moreover, they justified content analysis because it could be used
to validate evidence [16]. Trochim noted how widespread and
interdisciplinary concept mapping methods had become [16].
KH-Coder [3], has been accepted in the U.S. Court of Law [2425.] Text mining and content analysis has been used in over 600
studies, including studies from the Middle East and North Africa,
such the mobile learning study of [25]. In the tradition of Vygotsky, text mining and content analysis can be used to scaffold collaboration of proficient students helping weaker ones, through
adoption of pedagogic processes of performance improvement to
construct socio-cultural theories based on student responses from
activities [26] “Ultimately Algorithms are a set of instructions
followed by computers to solve problems” said Flowerdew [27]
However, O’Neil [28], challenges big data, and says rogue algorithms are often with too small of sample sizes with only a few
dozen students.
Measurement of student learning outcomes can be analyzed using
trend data normally reported for quality assurance reports and
content analysis techniques such as KH Coder. KH Coder [4]
permits coding-based text analysis and allows the researcher to
deploy a range of techniques which include; word frequency analysis, hierarchical cluster analysis, co-occurrence network, multidimensional scaling and self-organizing map. While KH Coder is
open source and user friendly, MatLab a proprietary program
available at the college from August 2017 onwards offers greater
computational and graphics capability. Both technologies permit
user-coding and a user friendly interface. Time required to run
statistical procedures can be expected to take anywhere from a
several minutes for factor analysis to several hours for the iterative
function of the self-organizing maps.

4. Method
Fujairah Women’s College (FWC) is the largest Federal institution of higher education in the UAE with 23,000 students enrolled
in one of 17 campuses located the country. Emirati nationals in the
Accounting major take the BUS 4163 Taxation class course in
Semester 7 or 8 during Year 4. Major assessments include an early
formative exam worth 15% of the final grade, a midterm of 25%,
along with a comprehensive final exam worth 30%. There is also a
group project-based assessment, which is submitted prior to the
final exam and it is valued at 30%.
The group project requires students to produce an applied interpretation a range of business case situations specific to the range of
structures recognized under the US tax code and to explore the
implications of a value added tax. The project concludes with a
750-word student reflection, learners comment upon on what they
learned in taxation class and how they dealt with the challenges of
the taxation course, referencing not only the difficulty of the material but also negotiating the group project [1]. This research study
used a data mining-based, content analysis process deployed
through KH-Coder to analyze the student reflections.
a) Preparation, Reliability and Validity of Data
The 86 reflections from Academic Year 2015 – 2017, Taxation
class were assembled into a single plain text document (.txt).
HTML code was used to separate each learner’s reflection. Sample sizes were N = 23 (2015), N = 28 (2016), N = 9 (2017, Fall
Semester) and N = 26 (2017, Summer 1), for a collective value of
N = 86. In this case, a collective analysis motivated the identification of the breadth and uniformity in the content taught over the
three years for which the four semester’s data had been collected.
Four periods of data are accepted as being sufficient to establish a
trend for accreditation reporting purposes [4].

111

Qualitative reliability was established as follows. There was only
one researcher who coded the data and the process was re-visited,
rechecking the coding each time new data was added. Data was
added as another semester was completed. This ensured consistency. Repetitious words such as course or assignment titles and section headings provided by the instructor as well as irrelevant details such as student names, student numbers, and characters incomprehensible to the computer program were excised from the
document. Next, a machine pre-processor function verifies that the
data is properly scrubbed and ready to be read into the content
analysis program. The preprocessor function of KH Coder is used
to verify the readiness of the compiled data set for quantitatively
analysis.
Before KH Coder was run, the software package, Stanford POS
tagger (part-of-speech) was uploaded to provide KH Coder a textual frame of reference and specifications of how to proceed with
the analysis [24]. Text-mined data from 86 reflections over four
semesters were evaluated using a range of KH Coder [4] techniques. The methods included; word frequency analysis, hierarchical cluster analysis, co-occurrence network, multidimensional
scaling and self-organizing map. [4]
b) Word Frequency Analysis
Academic Years (AY) 2015, 2016 and 2017 were compared
through an analysis of word frequency arranged in the order of
high to low. Higher-frequency words or keywords (KWs) reveal
general themes from the taxation class final reflections. To limit
data overload, KH Coder was set to extract 60 words for each
analysis [9]. The part-of- speech (POS) tagger enabled KH Coder
to render a frequency-based output by order of high to low frequency in Excel. By specifying POS tagger in the options menu,
KH Coder identified the top frequency output of words by the
categories of noun, proper noun, adjective, adverb, and verb [29].
c) Hierarchical Cluster Analysis
The cluster method used KH Coder’s [Export Document-Word
Matrix] which enabled the finding and analysis of word combinations with similar appearance patterns. Results are displayed in a
family tree-like dendrogram, which were color-coded by group
and connected by tree-branches. Familial relationships could be
discerned visually [29].
d) Co-occurrence Network
The displays of co-occurrence networks used circles of varying
size to represent keywords extracted from the reflective statements. Line thicknesses connecting these circles were demonstrative of the strength of this proximity relationship between associated keywords. The strength of association was represented by the
thickness of lines connecting the words while the closer proximity,
the more likely the words were to co-occur. The structure motivated a visual examination ascertaining the relationship of each keyword to the others and enabled a broader interpretation of the taxation reflections [29].
e) Multi-Dimensional Scaling
The method of Higuchi’s [29] enabled extracted word relationships to be displayed in scatter plots in one, two or three dimensions. The [Export Document-Word Matrix] was a tool to find
word combinations with similar appearance patterns. Kruskal
graphing was the default mode, with Classical and Sammon
modes available if the document became too crowded with overlapping words. Jaccard, Euclid and Cosine were available as a
distance estimator options. Cluster analysis allows up to twelve
user-specified clusters to be displayed; each with a different color.
A two dimensional bubble plot is created which may assist in
interpretation of groups.
f) Self-organizing Map
The mapping method used the KH Coder produced [Export Document-Word Matrix] coupled with the Euclidean distance calculation. As the map grew more complex, plotting more key terminology, a larger volume of text and a greater number of hexagonal
coordinates; it can take over an hour to run on an i7 computer. The
map can be color-coded whereas light blue (close proximity to its
neighbors on the map) changes to white, which changes to shades
of pink, which are most distant from its neighbors [29].
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4.1. Analysis
a) Findings
The research results are relevant to the objectives. Word frequency
analysis indicated a 70% similarity across the top 60 words and
that five out ten of the top words matched across all four terms.
These results are in line with the statistical analysis of variance
(ANOVA) reported in [30] at 7th QS Maple, for a presentation
with this global ranking body. The result obtained using the statistical test failed to reject the null hypothesis, that population mean
differences among taxation class were not statistically significant.
In contrast, a mean difference between accounting word frequency
and that of a test group of HR learners revealed the means of both
populations were not equal.
b) Co-occurrence Networks
These tools were used to produce data driven graphics to evaluate
centrality and communality for frequently occurring words from
the accounting learner data. To analyze centrality, the eigenvector
method measuring the influence of a given node in network was
utilized [31]. For the eigenvector centrality, co-occurrence network shown below on the left, the pink color of the words Tax,
taxation and income, and to a lesser extent business and type indicated high centrality of these constructs. Colors closer to white
such as government, pay, and learn were of medium centrality.
Whereas, constructs depicted in blue, were of low centrality. Word
networks are based on the proximity relationship with other words
in the same network and are representative of unique constructs.
Constructs below the dashed line in the below left Diagram 1 are
taxation related and constructs above the dashed line are related to
applied learning. Analysis is based on the approach of [29].

Fig. 2: Community Co-Occurrence Network [4].

c) Correspondence Analysis
This analysis was performed, and the output is shown in Figure 3.
The correspondence analysis is interpreted by seeking to identify
and understand distinctive characteristics. Distinctive characteristics are more distant from the origin (x, y) = 0. Non-characteristic
terminology and ideas are proximally located to where the ordinate and abscissa approach zero, i.e. the origin (0, 0). The most
distinctive interpretations are more distant and located beyond two
nominal measurements of the x axis and beyond three nominal
measurements along the y axis. Along Dimension 2, the constructs, taxpayer, gross and filing were distant along a positive
measurement of Dimension 2 (ordinate) while the construct of Tax
was distant from these constructs via a negative measurement.
With respect to differentiation along Dimension 1 (abscissa), both
tax-related constructs were distant from the negative location of
new and its associated terminology, which was more related to
applied learning.
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The communality network shown in Figure 2 which follows revealed that there were five distinct tax-related construct groupings;
these are known as communities. These communities shown in
Figure 2 outlined in a solid black outline and are colored as red,
beige, purple, green and pink. Three learning related constructs
were identified as being isolated from the tax-related concepts,
just as they were with the centrality network. The learning constructs are identified by dashed oval and colored aqua, blue and
gray. Expense and deduction along with knowledge and information represent distinct construct pairs only aligned with each
other. Corporation, entity and partnership forms a similar grouping
of three constructs [29].
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Fig. 1: Centrality Co-Occurrence Network [4].
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Fig. 3: Correspondence Analysis, Interpretation [32].

Constructs identified by Correspondence Analysis:
• Tax Practice construct = Taxpayer, gross & filing -> Credit,
form, deduction, profit
• Tax Philosophy construct = Tax -> Revenue, money, people, pay, government

time
work
student
member
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team
problem

•

Applied Learning construct = New -> Lot, course, thing,
understand, information, calculation, student, knowledge,
problem, member
d) Multidimensional Scaling
Multidimensional scaling motivated a visualization of the data set
through display of individual outputs across nonlinear reduction
[31]. Figure 4 depicts output graphed across two dimensions based
on similarity. Dimension 1, the horizontal axis, shows the applied
learning construct, consisting of terminology largely dissimilar
from the taxation constructs. The applied learning construct numerically ranges from -.02 to -.06 along Dimension 1, while taxrelated constructs can be found from about -0.1 on up to +0.6. The
solid line separates applied learning from tax related text output.
Dimension 2 at the strongly positive end of the dimension illustrates a group of constructs which are colored in red; these more
general tax philosophy-based constructs, while the remaining dimension from +0.2 to -0.5 depicts the terminology of two sets of
constructs which are of more practical applications. The group of
turquoise colored tax constructs are more central while those that
are beige color, are largely opposite of the applied learning group
of constructs along Dimension 1.
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e) Hierarchical Cluster Analysis.
Interpretation of the hierarchical cluster analysis revealed four
construct groupings, comprised of pairwise groupings that ultimate yielded two groups of sub-constructs in three cases and in
one case three groups of sub-constructs. Each group of subconstructs had a range of from four to eleven top words.
The first construct noted consisted of words focused on practical
learning. There were two key groups of sub-constructs. Standout
words for each applied learning construct included, project, group,
work, time, student, experience, member and team understand and
information in one case and understand, challenge, face, difficult,
problem and calculation in the other case. The practical learning
groups of constructs are depicted in Figure 5 below.
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person
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mean

The cluster method was utilized and iterations were applied for
clusters through 3 to 9 achieving a best fit with 4 clusters. The
constructs diametrically oppose each other pair opposites and
relatively distant. Constructs of contained within the pink zone are
representative a theoretical understanding of tax or tax philosophy.
The mapped zone shaded green represents a practical understanding or tax practice construct and it bridges between the pink zone
of tax philosophy and the applied and theoretical learning construct zones represented respectively by purple and blue colorcoded zones. The mapped blue zone is representative of an internalized theoretical understanding, while the purple zone on the
map is a categorization of the practical group experience.
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f) Self-organizing Map.
This tool creates an artificial neural network and is constructed
using a learning algorithm via unsupervised machine learning
[33]. The interpretation of the self-organizing map shown in Figure 9, considers the following factors; pink color asserts a large
difference in vectors to the neighboring nodes. Purple colored
nodes, followed by green and blue represent the other three constructs.

The research results are relevant to the objectives. Computer aided
text-mining of natural language, was a reliable and consistent
quantitative approach; compatible with grounded theory, to validate evidence gathered for content analysis [16]. The researcher
maintained a neutral stance when conducting interpretation of the
data, so as to correctly identify relevant emergent properties toward development of the grounded theory. Hunston [6] an early
advocate of text analysis, found using corpora more reliable than
intuition, but that intuition was necessary for “extrapolating important generalizations” p. 22. Currently new data is being evaluated that was collected for 24 current additional learners over Fall
2017, with more data to be collected Spring and Summer semesters of 2018. New data helps diminish the weakness of the small
sample size and motivates potential further validation and testing,
to advance the proposed model moving forward.
The dendrogram produced using hierarchical cluster analysis supported the self-organizing map produced by the unsupervised ma-
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chine learning process. The emergent grounded theory from this
study, is a factor model describing the reflected experience of
Year 4 Bachelor’s Degree Emirati learners from their taxation
class at Fujairah Women’s College. The model advances four
factors, theoretical learning, practical learning, and tax philosophy
and tax practice. The face validity of these factors is supported by
the terminology resent in student reflections submitted with the
final project. Emirati learning taxation is important because the
UAE is introducing a more comprehensive taxation regime, with a
5% VAT tax being introduced in 2018. The model explains
Emirati national motivation to not only learns taxation in an applied sense, but to also prepare them from a practical standpoint to
aspire to tax-related workplace roles such as being auditors, tax
preparers and accountants. See Figure 10 for the proposed grounded theory Taxation Learning Model for this study.
The tools available in KH Coder [4] enable a neutral machinedriven quantitative analysis, of factual evidence. The machine
learning output can be interpreted intuitively for validation learning outcomes. The qualitative assessment of the quantitative outcomes enables schools to monitor the program and report effectively to accreditation authorities, through initial, reaffirmation
and quality assurance reports, and to their stakeholders, meeting
public outcomes reporting requirements [4].
Computer-aided content analysis yielded distinction of two learning factors, not previously revealed by this stream of research.
These are the practical learning, and theoretical learning factors
emergent from a reassessment of the integrated learning factor
reported in two previous studies.
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Fig. 10: Theoretical Model: The Tax Practice Learning Theory.
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