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Abstract—E-learning platforms, such as Blackboard have two
major shortcomings: limited data capture as a result of the limitations
of SCORM (Shareable Content Object Reference Model), and lack of
incorporation of Artificial Intelligence (AI) and machine learning
algorithms which could lead to better course adaptations. With the
recent development of Experience Application Programming
Interface (xAPI), a large amount of additional types of data can be
captured and that opens a window of possibilities from which online
education can benefit. In a corporate setting, where companies invest
billions on the learning and development of their employees, some
learner behaviours can be troublesome for they can hinder the
knowledge development of a learner. Behaviours that hinder the
knowledge development also raise ambiguity about learner’s
knowledge mastery, specifically those related to gaming the system.
Furthermore, a company receives little benefit from their investment
if employees are passing courses without possessing the required
knowledge and potential compliance risks may arise. Using xAPI and
rules derived from a state-of-the-art review, we identified three
learner behaviours, primarily related to guessing, in a corporate
compliance course. The identified behaviours are: trying each option
for a question, specifically for multiple-choice questions; selecting a
single option for all the questions on the test; and continuously
repeating tests upon failing as opposed to going over the learning
material. These behaviours were detected on learners who repeated
the test at least 4 times before passing the course. These findings
suggest that gauging the mastery of a learner from multiple-choice
questions test scores alone is a naive approach. Thus, next steps will
consider the incorporation of additional data points, knowledge
estimation models to model knowledge mastery of a learner more
accurately, and analysis of the data for correlations between
knowledge development and identified learner behaviours.
Additional work could explore how learner behaviours could be
utilised to make changes to a course. For example, course content
may require modifications (certain sections of learning material may
be shown to not be helpful to many learners to master the learning
outcomes aimed at) or course design (such as the type and duration of
feedback).

Keywords—Compliance Course, Corporate Training, Learner
Behaviours, xAPI.

1. INTRODUCTION

-LEARNING platforms, often referred to as Learning
Management Systems (LMSs) such as Blackboard,
Moodle, and Canvas have been widely adopted by schools and
universities around the globe. However, the types of data that
can be collected by these systems are very limited due to the
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limitations of SCORM [1]. This data limitation constraints the
use and applicability of many AI and machine learning
algorithms that could be used to refine and further adapt
online courses [2], [3], often these algorithms require a huge
amount of data and appropriate features which often could not
be captured. However, the XAPI tares down these barriers. The
xAPI can capture a vast number of additional data types across
multiple devices whether the user is online or offline [4].
Many innovative opportunities arise from this development
but also uncertainties, such as, what data are worth capturing.

The corporate world is highly competitive and in order for
companies to stay competitive they invest into the training and
development of their employees [5], [6]. Training and
development may involve mandatory compliance courses
which employees are required to pass. The emphasis on
passing may divert focus away from learning towards passing
the test. At present, scores achieved in multiple-choice
questions gauge the mastery of a learner. However, this is a
naive approach since a course may be passed without
possessing the required knowledge. Learners can attempt to
“game-the-system” by exploiting specific features of the
system or the course to obtain correct answers [7], [8]. The
identification of behaviours around gaming the system is quite
a popular topic in the Intelligent Tutoring Community as
gaming behaviours lead to poorer learning [7], [8]. In a
corporate setting, such behaviours are troublesome, because
the company receives only a little benefit from their
investment if employees are passing courses without
possessing the required knowledge and potential compliance
risks may arise. Therefore, it is important to be aware of
behaviours that hinder the development of learner’s
knowledge and consider them while gauging one’s knowledge
mastery.

II. TERMINOLOGY

A.SCORM

SCORM carries two meanings in its name [9]-[12]. The
first meaning lies in the Shareable Content Object (SCO), a
simple learning object that together with a combination of
other SCOs may form a course (an indication of object
creation which can be shared across systems). The second
meaning lies in the Reference Model (RM), a description of
how existing technical specifications may be properly used by
the developers, in this case it defines a way to construct an e-
learning platform such as Learning Management System
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(LMS) or Virtual Learning Environment (VLE) so that its
content can be shared with other SCORM conformant
systems. SCORM has become the de facto industry standard
for the way web-based content works within an e-learning
system [4], [9]. Apart from being a standard, SCORM is used
to track progress (such as, curriculum completion) and
performance (for example, score or pass/fail) of a learner
using Shareable Content Objects (SCOs). An SCO, also
referred to as electronic units of learning, or training
components represents the most granular piece of training that
is both independent and reusable [9], [11], [13]. Table I
contains a list of features that an SCO can capture.

TABLEI
A LIST OF FEATURES THAT AN SCO CAN CAPTURE [10], [11]
Feature Description
Completion Whether or not has the learner finish the course.
Score What score did the learner achieve? For example, the test score.
Pass/Fail Has the student failed or pass the course?
Duration How long did it take the learner to complete the course?

Bookmark Allows the learner to bookmark a page (SCORM 2004 Feature).

Despite the benefits offered by SCORM, there are also
many limitations [4], [10]: it is difficult to edit published
content because it needs to be re-authored and redeployed;
SCORM requires JavaScript in a web browser to function
which makes it insecure; SCORM stores tracking data and
solutions to questions in the web browser cache meaning it
can be accessed by the learner; SCOs aren’t easily shareable,
they require multiple copies of a single file when reusing
SCOs in different courses; other issues include elaboration on
reports and in-depth analysis of user activity.

B.xAPI

The Experience API, also known as tin-can APIL, is the
“successor” [4] or “next-generation” [12] of SCORM. The
xAPI has adopted all key benefits of SCORM but with more
advantages [4], [14]: it can capture the various learning types
(e.g. blended learning, serious games, mobile learning); it
doesn’t require a browser-based application or JavaScript; it
can work outside of an LMS; evolved portability due to the
Learning Record Store (LRS, a data store system that serves as
a repository for learning records which are stored as a
collection of data about a learner stored as triples (actor, verb,
object) necessary for using the Experience API, allowing for
online and offline data capture); in-depth analysis of
assessments and results. The xAPI allows for capturing of
results, interactions during actions, events and due to its use of
the JSON format. The JSON format makes it easy to create
hierarchical trees between objects and visualise how data is
related. The xAPI is a promising solution “for better
interoperability between different types of educational systems
and devices” [15]. It is very versatile, and it can work with any
language as long as that system can communicate with LRS
[4]. Tt has been used for adaptive training, for example, to
reduce training time for the soldiers while maintaining the
same quality of the training through the use of a virtual
simulation training system (Unstabilised Gunnery Trainer)
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[16]. Furthermore, there is a trade-off between interoperability
and data collection performance. Dodero et al. [17] discovered
that common LRS implementations may not perform well for
simulation engines and real-time systems.

C.Learner Behaviours

This paper focuses on behaviours that hinder the knowledge
development of a learner. Specifically, gaming behaviours.
The identification of gaming behaviours is a popular topic in
the Intelligent Tutoring System (ITS) community. An ITS is a
system that operates as a private tutor, it provides learners
with personalised instructions by adapting to each learner’s
behaviour separately [18], [19]. Gaming behaviours, also
referred to as “gaming the system” is associated with poorer
learning and refers to when a learner exploits specific features
of the system (hints and feedback) to obtain correct answers
rather than by possessing the required knowledge [7], [8],
[20], [21]. Three types of gaming behaviours were identified
by other researchers, guessing, hint abuse, and question
avoidance [7], [8], [20]-[22]. Guessing suggests that the
learner selects answers at random, either in a single order
(option 1) or systematically (option 1, option 2, option 3, and
so forth). The learner can also use similar answers or try all
combinations of possible answers in multiple-choice
questions. Hint abuse refers to a learner going through all hints
until an answer is given (bottom-out hints), or the learner
answers incorrectly on purpose to receive the answer through
feedback. Question avoidance is related to skipping problems
that are too difficult or changing between problems. Several
systems were developed to detect gaming behaviours via
Machine Learning [7], [8], Knowledge Engineering [20], and
a hybrid model which is a combination of the two [21].

III. RELATED WORK

No work has been found in the area of examining gaming
behaviours in corporate training or compliance courses to date.
However, the identification of gaming behaviour, a form of
off-task behaviour has received a lot of attention from the
Intelligent Tutoring Community because it was associated
with poorer learning [7]. The first type of gaming behaviour
that was discovered was hint abuse [22], which has led to the
development of a help-seeking tutor agent model (a rule-based
model which contains 57 rules that capture both productive
and unproductive help-seeking behaviours). It can be
considered as a type of intervention system. Since then a
machine learning model was developed [8]. A Latent
Response Model was selected by the researchers to detect
learners that are hurt by gaming the system. This model was
trained on 26 features consisting of students’ action logs,
students’ learning outcomes, and human-coded observations.
Researchers identified two types of gaming students. One that
does not get hurt, despite gaming the system it had little effect
on their post-test results. Second that gets hurt, resulting in
lower post-test results, primarily due to a low initial
knowledge on the subject. An interesting hypothesis raised by
the researchers was that students may choose to game the
system when it hurts their learning the most, specifically,
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when they are having difficulties with the material. Another
model considered for the task of detecting gaming behaviour
is a knowledge engineered model [20]. Researchers developed
this model via a cognitive task analysis to learn how experts
determine whether students are gaming the system or not. The
authors interviewed an expert and refined their model
resulting in 13 rules that identify gaming behaviours. A
relatively new model [21], a hybrid model which combined
the machine learning features with knowledge engineering
features was found to outperform the machine learning model
across different contexts. It achieved comparable results to the
knowledge engineered model which was found to generalise
well between contexts of scatterplots and algebra, making it
applicable on different subjects.

IV. StUuDY

Unusual learning behaviour was observed during the initial
analysis of an anonymised dataset for a single compliance
course. Learners who have undertaken this course repeated the
post-test several times in a row, despite constantly failing.
This observation suggests that learners pass the test by
learning correct answers rather than by knowing the course
material.

A. Design

The objective of this study was to identify learner
behaviours that might affect knowledge development present
in a corporate compliance course. To achieve this, several
steps had to be undertaken. An in-depth analysis of the dataset
was required to identify any useful features that could
represent gaming behaviours (for example, the number of tests
taken, or time between tests). The extraction of available
features from the JSON statements captured by the xAPI had
to be considered (for example, the number of characters
present in the asked question, or the number of options
available). Feature engineering was an important step in this
study. Features were engineered similarly to those used by [8]
and additional appropriate features were added, such as the
number of tests taken. The engineered dataset was then
evaluated utilising rules that were identified by [20].

B. Compliance Course

A compliance course was equipped with xAPI statements.
The xAPI statements were focused on capturing in-test
information, specifically, information about the question at
hand, response and confidence level selected, and the test
outcome. The compliance course was a short course composed
of a pre-test (optional), learning content, and a post-test.
Questions on either of the two tests were randomly selected
out of a question pool that contained 15 questions. The course
was not equipped with any form of a hint mechanism. The
pre-test contained 10 random questions, a combination of
multiple-choice and true/false questions, If the learner
achieved 100% in the pre-test then they did not have to take
the course. The post-test contained five random questions, also
a combination of multiple-choice and true/false questions, the
learner was also required to achieve 100%, however, if a
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question was answered incorrectly immediate feedback was
provided with the correct answer to the posed problem. During
the post-test, a confidence level had to also be selected by a
learner for each question (low, medium, high). However,
selecting a confidence level had no effect on the learner,
specifically, if a learner answered incorrectly and selected
high confidence, the learner was not penalised.

C.Data

Data were gathered for a duration of eight months,
capturing 125,317 statements in total (for the single
compliance course). The raw dataset was represented in the
form of a JSON format from which specific features had to be
extracted. Refer to (Table II) for the list of extracted features.
The cleansed dataset consisted of 110,630 rows of data.

TABLEII
A LIST OF EXTRACTED FEATURES
Feature Type Description
Learner ID String  The unique anonymised ID of a learner.

Question Asked ~ String
Result
Confidence

For example, what is 1+1?
Number 1 = Correct, 0 = Incorrect.
Number 0 =low, 1 = medium, 2 = high.
Options Available String List of options (optionl, option2).
Option Selected ~ String For example, optionl.

Timestamp Time The time when this message was recorded.

The list of features displayed in (Table II) was also used to
represent the test results. “Learner ID” was set, “Result”
represented whether a learner passed the test, and
“Timestamp” represented the time when the message was
recorded. The rest of the results were set to a default value.
The outcome of the data extraction resulted in a dataset that
consisted of 110,630 rows of data split between pre-tests
(21,520 rows) and post-tests (89,110 rows).

For this study, the authors were only interested in
examining the post-test data (89,110 rows) as pre-test was
skipped by most learners and could have only been taken
once. The post-test data contained both attempted questions
(74,749 rows) and test results (14,361 rows), for 5,526 unique
learners.

D.Methodology

The dataset was feature engineered similarly to the feature
list described by [8] and critically analysed by the rules
identified by the current state-of-the-art on the detection of
gaming behaviours, specifically rules identified by [20]. The
data was engineered on a test level. In other words, a row of
data contained information specific to the test and relative to
the learner who took it, specifically, per question information.
The test-specific information contains features such as the test
count, correct and incorrect responses, whether they were first
attempts, time spent on the test, time spent from the last test to
this test (time between tests), the difficulty of the test, and so
forth. Per question information is relative to the learner,
meaning it is updated after each test the learner takes. For
example, question 8 is in three consecutive tests and the
learner tries a different option every time (for example option
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1, option 2, and option 3), the result of this is option 1 on the
first test, and option 1, option 2, and option 3 on the third test.
Per question information includes features such as confidence
selected, the option selected, difficulty, number of times
attempted, and so forth. Each post-test had exactly five
questions chosen at random from a pool of 15 questions. The
engineered dataset resulted in 14,259 rows of data and 102
possible features (12 features per question on the test).

Once the dataset was engineered it was examined. Rules
that indicate gaming behaviours were considered. Jupyter
Notebook was utilised and with the use of Python
programming language a sequence of tests was examined for
each learner looking for specific information, such as whether
a learner managed to use majority if not all of the options
available for a multiple-choice question, how many tests were
completed using a single option only, and how many times the
learner spent less than 2.5 minutes before taking the post-test
again (this value was selected from the data analysis stage as
most learners repeated the test within that timeframe, and
furthermore it does not give them the opportunity to go over
the course material). Additional rules were considered,
however, due to the limitation of the dataset they were not
plausible. An example of such limitation was considering the
amount of time spent on an individual question as it included
time spent on immediate feedback.

E. Findings

This study has led to three outcomes: a list of identified
learner behaviours, and features that describe these behaviours
(see Table III), and a list of limitations. The three behaviours
that were identified in this study are: guessing by trying all of
the options (for multiple-choice questions only); guessing by
using a single option (and answering mostly incorrectly on the
test), where the learner uses a single option for all of the
questions on the test; and continuously repeating tests (applies
to learners who took more than three tests due to the
limitations of the current dataset). From 5,526 unique learners,
1,259 (22.78%) exhibited at least one gaming behaviour and
out of 14,259 rows of the engineered dataset, 6,065 (42.53%)
were flagged with a gaming behaviour.

TABLE III
A LIST OF FEATURES USED TO IDENTIFY THESE BEHAVIOURS.

Behaviour Features

The ID of the question

Guessing by trying all the options (for ~ Options tried by the learner for this

multiple-choice questions only) question
Options available for the questions
Guessing by using a single option (and The ID of the question

answering mostly incorrectly)
Continuously repeating tests (and
completing more than 3 tests)

Selected option for a question
Time between tests
Number of tests taken

This study has identified several limitations with the current
data captured approach, mostly related to insufficient data
points which lead to a certain level of ambiguity. In the given
dataset, it was impossible to determine whether learners who
passed within the first three tests passed by possessing the
required knowledge, or whether they guessed and got lucky.
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The only way to determine when the test began was by
predicting how long the learner might spend before answering
the first question. The learner was provided with immediate
feedback upon submitting an answer to a question which was
also not accounted for in the dataset. If these points were
present in the current dataset additional behaviours would
have been identified. Other points worth capturing are how
much time learners invest on the learning content or individual
sections of the course. These points could also provide further
insights into additional behaviours, both positive and negative,
or shed light onto why they occur. The course structure also
needs to be considered, upon failing the test, the learner was
brought back to a page right before the test, and the navigation
was limited to a single arrow to traverse through the course.
Such a design could potentially encourage the learner to try
again and game the system, rather than to search for a page
that may contain the required information, especially since
there were no penalties for continuously failing. This suggests
that gauging the mastery of a learner from a score on multiple-
choice questions alone is a very naive approach as learners can
pass a course by exploiting specific features of an e-learning
platform or the course design itself.

V.CONCLUSION

This paper has discussed: the limitations of SCORM and
the benefits of XAPI in e-learning platforms, and how the
xAPI was utilised by a compliance course hosted by a
corporate e-learning environment, which resulted in the
identification of three learner behaviours and limitations
present by the data captured approach. The three learner
behaviours that were identified in the anonymised dataset
were, trying each option for a question, selecting a single
option for all questions on the test, and constantly retaking the
test upon failing as opposed to going over the learning
material. These behaviours are a form of off-task behaviours,
associated with gaming the system and lead to poorer learning.
These findings suggest gauging learner mastery from a score
on multiple-choice questions is not enough because learners
can find other ways to obtain correct answers and avoid the
learning process. The limitations presented by the dataset were
related to insufficient data points, for instance, the inability to
accurately determine when the test began, or how long a
learner spent on a question.

VL

The next steps are to: consider the incorporation of
additional data points, analyse a dataset containing additional
nine compliance courses, utilise knowledge estimation models
to obtain a more accurate representation of learner mastery,
and carry out a correlation analysis to measure the impact that
identified learning behaviours have on knowledge
development. Models considered for the task of knowledge
estimation are: Item Response Theory, Bayesian Networks,
and an Overlay model (serving as a baseline). These
probabilistic models will be built using performance-specific
features (such as, correct/incorrect response, question

FUTURE WORK
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difficulty, number of characters in the question) and learner-
specific features (such as, opportunity count, number of tests
completed). Selected approaches are parameterised using a
data-driven approach. The trained models are validated against
each other by predicting whether a learner passes the test. The
dominant approach is selected to estimate the knowledge of a
learner. A correlation analysis is then carried out to measure
the impact that identified learning behaviours have on the
knowledge development of a learner. For example,
continuously repeating tests upon failing may correlate with
decreased knowledge, whereas, spending time on the learning
content instead could correlate with increased knowledge.
Further work could explore how learner behaviours may be
utilised to make changes to a course. For example, course
content modifications (certain sections of learning material
may be shown to not be helpful to many learners to master the
learning outcomes aimed at) or on the course design (such as
the type and duration of feedback).
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