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Abstract—This research full paper describes a hybrid approach
based on data, questionnaire answers, and machine learning
algorithms to predict usability scores in Learning Management
Systems (LMSs) to improve student learning and satisfaction.
Students need to achieve their learning goals by interacting
with LMSs. To attain these goals, usability evaluation ensures
effectiveness (task completion), efficiency (time measurement),
and satisfaction (positive attitude). Usability evaluation usually
follows questionnaires, user testing of the LMS, and expert
reviews. Although these methods are widely used due to several
benefits, they face challenges related to trying these software
systems multiple times until the system satisfies student needs,
human subjectivity perception, and lack of software system
adaptability. We propose this hybrid approach to face these
challenges, promote student engagement with the system, and
create a better design in the LMS courses. The aim is to identify
features extracted from the LMS to predict usability scores with
machine learning techniques. We evaluated this strategy through
a case study with data collected from undergraduate students
at a public university in the United States. The students’ tasks
were answering a quiz, posting in a forum, and uploading an
assignment. These activities in the LMS allow the extraction
of ten features into the machine learning algorithms. These
attributes are time quiz, time forum, time assignment, grade
quiz, word count message post, file size, file type, clicks module
quiz, clicks module forum, and clicks module assignment. The
four targets are from scores of the System Usability Scale
and UseLearn questionnaires. Random Forest produces the best
performance of average mean square error and root mean
square error among machine learning algorithms. The results are
promising, though there are alternatives for improvements. Our
proposed approach contributes to the engineering and computing
education field by providing a predictive tool for usability scores
to improve the student learning experience and the components
of the LMS.

Index Terms—usability evaluation, machine learning, learning
management systems

I. INTRODUCTION

The International Organization for Standardization (ISO)
established the usability definition in ISO 9241-11 [1]. The
concept refers to user goals achievement with a product con-
sidering different factors: task completion (effectiveness), time
measurement (efficiency), and positive attitude (satisfaction).
Jakob Nielsen [2] extended these factors to easy to learn

Mohammed Seyam
Department of Computer Science
Virginia Polytechnic Institute and State University
Blacksburg, USA
seyam@vt.edu

(learnability), easy to remember (memorability), and low error
rate (errors). Considering this perspective, usability evaluation
(UE) methods have emerged to evaluate the usability of
software systems to guarantee quality [3]. UE methods in
software systems - including Learning Management Systems
(LMSs) - usually follow a traditional subjective approach
through questionnaires [4], user testing [S], heuristics [6].
LMSs [7] are electronic platforms with services such as course
creation, course management, communication, and assessment
like Moodle, Canvas, and Blackboard. The subjective approach
helps find usability issues. However, they present gaps for
improvement. These gaps are the time needed to test a software
system multiple times until the system satisfies user needs and
human subjectivity perception. Also, they lack the capability
for real-time configurations to customize different software
systems. An objective quantitative analysis is required to
provide better software systems that satisfy user needs in the
long term. This analysis is a narrow research area with user
logging data and Machine Learning (ML). There is no standard
automatic objective identification tool for UE with ML where
the score predictions will help the software developers and
User Experience (UX) designers to improve LMS software
over time after corrections. ML embedded in UE emerged
from the lack of analytic evidence in usability items’ relevance
with limited works [8]-[10].

Therefore, we propose a hybrid approach based on user
logging data, usability questionnaire answers, and ML tech-
niques to predict usability scores for the Moodle LMS to
promote student engagement and satisfaction. Identifying the
features that influence predictive capability in LMSs with ML
techniques is crucial for enhancing UX and maximizing user
goal achievement. We evaluated this approach in a case study,
with data collected from undergraduate students in a public
university in the United States. The students follow three tasks
in the Moodle LMS, specifically a quiz, discussion forum,
and assignment on topics relevant to software engineering.
The preliminary results are promising, showing that the best
performance of average mean square error and root mean
square error among ML algorithms is Random Forest. Our



approach provides a potential strategy for UE, which would
help researchers, software developers, and UX designers create
LMS software systems that satisfy their users’ needs.

II. RELATED WORK

The subjective approach in UE methods in software methods
is mostly through questionnaires, user testing, and heuristics.
Questionnaires are the most popular strategy such SUS (Sys-
tem Usability Scale) [11]-[14], After-Scenario Questionnaire
(ASQ), Post-Study System Usability Questionnaire (PSSUQ)
[15], User Experience Questionnaire (UEQ) [13], USE (Use-
fulness, Satisfaction, and Ease of Use) [16], [17], Computer
System Usability Questionnaire (CSUQ) [18], Usability Metric
for User Experience Lite (UMUX-Lite) [19], UseLearn check-
list [8], among others. Non-standard questionnaires have been
created to address researcher’s needs for different studies such
as the e-learning platform Blackboard [20] on user student
experience, UniStudium [21] (e-learning interface for learning
analytics), Context-Aware Mobile Learning System (CAMLS)
[22], academic websites [23], and an e-learning platform [24]
for a programming course. SUS has been adopted in different
e-learning systems [11]-[13] as well as higher education levels
[14]. Other questionnaires such as UseLearn checklist [8],
USE [17], ASQ [15], PSSUQ [15], CSUQ [18], and UMUX-
Lite [19] have been tested on adaptive [25], and non-adaptive
platforms (Coursera, OpenLearning, Moodle, and Open Edu-
cation).

In user testing [5], users follow a set of tasks specific to
the software system. User testing has been used in e-learning
systems from various universities around the world [16], [23],
[24]. User testing [11], [14], [25] takes place with different
users following tasks according to the software system. In
AdaptLearn LMS [26], undergraduate students followed the
task of reviewing a module (adaptive or non-adaptive con-
dition). Other tasks, downloading course materials, searching
course schedules, setting up registration, and creating class
schedules were accomplished by participants on myCourse-
Ville LMS [15]. To help students figure out solutions, usability
testing is also done on the user interface (UI) [18] design on
Massive Open Online Course (MOOC) platforms to promote
user satisfaction [13], [19]. By bridging the gap between
LMS design and usability evaluation, the major objective is
to promote students’ learning and fix usability problems.

Heuristics [27]-[30] are a set of guidelines where ex-
perts evaluate software’s usability. The different guidelines
are Nielsen’s heuristics, Kujala’s heuristics, Shneiderman’s
“Eight Golden Rules”, Gerhardt-Powals’ cognitive engineering
principles, etc. Heuristics have been employed in software
systems like digital learning technology prototypes for moni-
toring intracranial pressure [31], the University of Hong Kong
Libraries’ mobile website [32], and an e-learning system [33]
from a Nigerian case study. In this manner, heuristics [31]
find usability issues in the e-learning system such as the color
header and footer of the screen. Heuristics also detect [32]
usability issues in regards to 1) consistency and standards, 2)
flexibility and efficiency, and 3) a better approach for error

recovery. The results [33] are capable of better improvement
in student learning optimal support.

Mostly questionnaires, user testing, and heuristics have
been used in LMSs. Although these UE methods have been
broadly utilized, there are challenges related to embedded
bias, time investment, and lack LMSs adaptability after live
updates. A potential alternative is an objective evaluation
limited to logging user data, analytical tools, and ML. For
example, Harrati et al. [11] gathered estimation metrics from
Moodle (clicks, task duration, completion rate, etc). Factors
like session time and learnability score were applied in Fenu
et al. [34] work as an analytics tool for usability evaluation
interface. ML embedded in UE is bound to a few works:
ML evaluation for LMS Moodle [8], a semi-automated frame-
work for social networks [9], and usability-user experience
(UUX) issues prediction [10]. The first ML method among
UE was from Oztekin et al. [8]. They collected data from a
biology course in Moodle and UseLearn checklist answers.
The methodology considers different ML algorithms - Neural
Networks, Support Vector Machine (SVM), Linear Regression,
and Decision Trees (DT) - and severity index. The input
was quantitative UseLearn answers and the output was the
overall usability. The researchers found that the predicted
overall usability and severity index helped to improve the
Moodle course and find inconsistencies in the platform - lack
of information and personalized experience. Souza Santos et
al. [9] proposed a framework with user logging data and ML.
The users follow tasks such as “sign up” on social network
websites with usability issues: Perspective, Social-Network,
and Love-Social. In this context, the user logs help to extract
the attributes: URL, duration, event type, Cascading Style
Sheets (CSS) path, total duration, event-type specific, and
Document Object Model (DOM) object. These attributes were
the input into the ML models (DT, Logistic Regression, SVM,
and Random Forest) to predict usability smells. The findings
were that binary classification between smells (task and action
smells) has predictive potential, and multi-class classification
was not possible (small data set and class imbalance). Finally,
Bakiu and Guzman [10] classify UUX issues from software
and video game user reviews. They applied prepossessing
techniques on the sentences’ reviews to be the input into SVM.
This helps to predict specific UUX issues to improve the
software. However, there are still open questions about ML
embedded in usability evaluation in software systems. These
include: which interactions (features) between a user and a
LMSs are required to predict positive overall usability and
which issues in software systems usability can be predicted
with ML. An approach that we proposed considering sub-
jective quantitative answers from questionnaires and objective
user logging data embedded in ML as a potential automatic
detection tool for UE.

III. METHODS
A. Moodle course

Moodle [35] is a LMS for course management, assessment,
and learning for K-12 and college students. It was developed
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Fig. 1: Moodle course tasks.

in PHP by Martin Dougiamas on 2002, and is composed
of different components including Quiz, Forum, Assignment,
Questionnaire, etc. The three tasks as seen in Figure 1 are:
submit a Quiz, send a paragraph in a simple Forum, and
add a file for the Assignment. At the end of the three tasks,
two questionnaires were applied to measure the usability of
this software system, the System Usability Scale (SUS), and
some questions from UseLearn. The three tasks and the two
questionnaires are sequential. The student needs to finish each
activity to unlock the next one.

1) Quiz: The quiz is composed by 10 shuffled questions
about software engineering questions. The quiz is multiple
choice with three possible answers as radio buttons. The
navigation method is sequential with one attempt allowed. The
time constraint is 10 minutes.

2) Discussion Forum: The discussion forum is open to the
students based on a question/answer forum basis. The post
answer should be relevant to the following statement: “Write
a paragraph about the benefits of software engineering in our
daily lives”. The student can reply once to this question.

3) Assignment: The assignment evaluates a software engi-
neering concept. The student is required to submit a document
with a paragraph answering the following question: “What is

software engineering?”’. The student can submit a maximum
of one file and the feedback type is deactivated.

B. Subjective approach

The Moodle course contained questions related to the
questionnaires SUS and UseLearn as a subjective approach.
The Moodle component was “Questionnaire” and the students
can respond to this questionnaire once. They give answers to
the SUS [36] for low-level usability dimensions (efficiency,
effectiveness, and satisfaction) and some questions from the
UseLearn checklist [37] for high-level usability dimensions
(error prevention, consistency & functionality, and course
management). A change in high usability dimensions will
affect the low-level dimensions in the LMS. For example, a
button that is not working will directly affect the user percep-
tion in terms of efficiency, effectiveness, and satisfaction. SUS
is just an overall score about the system’s usability without the
reasons behind it. Therefore, a more detailed insight is needed
in the high-level dimensions to achieve an efficient and reliable
LMS.

1) System Usability Scale (SUS): SUS is a questionnaire
with total score ranging from 0 to 100. It is composed of
10 statements with positive and negative questions on a 5-
point Likert scale. Scores from each statement will range
from 1 (strongly disagree) to 5 (strongly agree). SUS is
calculated differently if the questions are even or odd. The
score contribution for odd questions is the scale position minus
1. Five minus the score contribution is for even questions.
The sum from all the scores is multiplied by 2.5 to obtain the
overall value of SUS.

2) UseLearn checklist: The UseLearn checklist evaluates
specific usability dimensions of the Moodle course. The di-
mensions of UseLearn are based on 36 questions on a 5-point
Likert scale. Scores from each statement will range from 1
(strongly disagree) to 5 (strongly agree). The highest score
5 means that this dimension does not have issues. In this
study, three dimensions were selected: 1) error prevention,
2) consistency and functionality, and 3) course management.
Each dimension is composed of three questions.

C. Objective approach

UE based on an objective approach evaluation considers
quantifiable metrics on software systems and ML. The met-
rics are from user interaction with the system (clicks, time,
keystrokes, etc.). The user is unaware of these interactions.
These interactions and quantitative subjective answers from
questionnaires are relevant to ML learning techniques for
usability score predictions as an automatic detection tool.

1) Log analysis: Log analysis refers to records collected
while the user is using the system. These records [11], [34],
[38] collect metrics such as task time, clicks, keystrokes,
cursor distance, and completion rate.

2) Linear Regression: Linear regression can be univariate
or multivariate [39]. In the simple case scenario, univariate
means having an input x that fits into a straight line y. The
representation is y = wix+ wq, where wq and w; are regression



coefficients. The term y changes by changing the regression
coefficients. In a multivariate linear regression problem, the
example x; is an n-element vector.

3) Decision Tree: A decision tree [40] is an algorithm
developed by Leo Breiman known as the Classification and
Regression Tree (CART). A decision tree [39] is composed of
nodes and branches through recursive partitioning. The input
attribute corresponds to an internal node (A4;) and the attribute
values are in the branches of each node (A;=v;;). The leaves
(end branches) are the decision of the tree. The decision tree
chooses the split to minimize the outcome impurity within
each sub-partition. The impurity is measured by Gini impurity
(classification) [41] or squared deviations from the mean
(regression).

4) Random Forest: Random forest [42] is a class of ensem-
ble methods (combining multiple individual models) designed
for decision trees. Each tree training is through a random
sample of the training data with replacement (bagging). A
random subset of features is applied for the tree splitting.
This algorithm [40] chooses the variable and split point by
minimizing a criterion such as Gini impurity or squared
deviations from the mean. The final prediction is found by
averaging the predictions of the individual trees in the forest.

5) Artificial Neural Networks: Artificial neural networks
[39] are based on the idea of how neurons are connected in the
human brain. A set of neurons creates a graph network, where
each node is a neuron connected through a link. The features
from the dataset serve as the input in the neural networks
to make predictions for classification or regression problems.
The architectures are single and multilayer feed-forward neural
networks.

IV. EXPERIMENTAL SET-UP
A. Data collection and pre-processing

We recruited 183 undergraduate students’ emails through
Google Forms. A total of 88 students logged into Moodle.
Seventy students were included as part of the study. Eighteen
students were excluded for several reasons: logging into the
system multiple times, exceeding 40 minutes in the study,
uploading unrelated files to the task, posting irrelevant answers
to the forum, and not answering the usability questionnaires.

1) Feature extraction: The data was saved in MySQL, a
database from Moodle. The features extracted as input to
the supervised ML algorithms are presented in Table II. The
features were chosen based on prior literature review, actions,
and targets of the respective components, except the session
completion component “core” as seen in Table I.

2) Target extraction: The targets are four usability scores
as seen in Table III: SUS score, error prevention (EP) score,
consistency and functionality (CF) score, and course manage-
ment (CM) score.

3) Data standardisation: Standardization is a common step
in preprocessing data for ML algorithms. This technique
produces superior performance in these algorithms by reducing
inconsistencies related to different scales of the features. The
standardization technique was applied to scale nine features.

TABLE I: Components action and target description.

Component Action Action Target Target
Start End Start End
mod_quiz started submitted  attempt attempt
mod_forum viewed created course_ post
module
mod_assign viewed submitted  course_  assessable
module
core loggedin  loggedout user user
TABLE II: Features description.
Feature Type Description
time quiz Numerical seconds to finish quiz task
time forum Numerical seconds to finish forum task
time assignment Numerical  seconds to finish assignment task
grade quiz Numerical quiz points (1 correct answer,
0 incorrect answer)
word count Numerical number of words in the post
per forum response
file size Numerical kilobytes in the assignment file
file type Numerical 1 (PDF file) or O (other file type)
clicks module Numerical number of clicks to
quiz visited finish quiz task
clicks module Numerical number of clicks to
forum visited finish forum task
clicks module Numerical number of clicks to

assignment visited finish assignment task

The features include: time quiz, time forum, time assign, grade

quiz, word count per forum response, file size, clicks module

quiz, clicks module forum, and clicks module assignment. The

formula to rescale each feature is based on the mean and

standard deviation. The formula is:

—* (1)

where z is the standardized feature, z is the original feature,

1 is the mean of the feature, and o is the standard deviation
of the feature.

TABLE III: Target description.

z =

Target Type Description
SUS score  Numerical usability score between 0 and 100
EP score Numerical usability score between 1 and 5
CF score Numerical usability score between 1 and 5
CM score  Numerical usability score between 1 and 5

4) Data normalization: Normalization is a preprocessing
technique in ML to ensure consistency and numerical stability
between the features (scale between O and 1). It enhances
overall performance in these algorithms, where the targets are
normalized. The formula is:

x — min(X)
max(X) — min(X)
where Znom 18 the normalized target, x is the original target
value, min(X) is the minimum value of the target in the
dataset, and max(X) is the maximum value of the target in
the dataset.

2)

Tnorm =



B. Supervised Machine Learning algorithms

We propose a methodology to predict usability based on
ML techniques. The number of features extracted from the
three tasks are used as input in the ML algorithms. The
targets are four usability scores: SUS score, EP score, CF
score, and CM score. The small dataset collected was ap-
plied to ML-supervised algorithms using a three-fold cross-
validation procedure to predict the usability scores and avoid
overfitting problems. The supervised ML algorithms chosen
are linear regression, decision trees, random forest, and neural
networks. The hyperparameters in the ML algorithms were
found through the grid search algorithm [43].

C. Evaluation Metrics

The evaluation metrics are Mean Square Error (MSE) and
Root Mean Square Error (RMSE) to verify the performance
and fitness in regression models. MSE considers the error as
the square difference between the predicted and the actual
target. RMSE is the square root of MSE, where the unit
of measurement is the same as the target. The formulas are
depicted as follows:

1 n m R
MSE = *ZZ(YQ —Y;;)? 3)
[
RMSE = VMSE @)

where n is the number of records, m is the number of
outputs, Y;; is the predicted value for the i-th record and j-th
output, and Yj; is the target for the i-th record and j-th output.

V. RESULTS

We proposed three experiments with different combinations
of the ten features to predict usability scores as a hybrid
approach between logging user data, ML, and questionnaires.
The insight of these experiments is to show the capacity
of supervised ML algorithms to predict usability scores in
LMSs and the features involved. Each experiment follows the
three cross-validation [44] procedure as a valid strategy to
ensure performance in regression problems by the mean and
standard deviation of the selected metrics MSE and RMSE
[45], [46]. Cross-validation [47] in a small dataset is a robust
metric to estimate model performance. Another consideration
is that the research is not a comparative study but a study
about which features can predict usability evaluation scores
through ML algorithms. The current research about usability
and ML uses performance evaluation metrics depending on
classification (accuracy and F1 score) or regression (MSE and
RMSE) [8]-[10]. To demonstrate the ability of ML models
to predict usability scores, we considered MSE and RMSE as
performance metrics [48].

TABLE IV: Parameter settings for ML algorithms.

ML algorithm Configuration

Linear Regression fit intercept: True

Decision Trees maximum depth: None, minimum samples leaf: 10,

minimum samples split: 2

Random Forest maximum depth: None, minimum samples leaf: 10,

minimum samples split: 2, estimators: 100

Neural Networks activation: relu, alpha: 0.01,
hidden layer sizes: (100, 50, 25)

learning rate: 0.001, solver: sgd

A. Experiments with 6 features

In the first experiment, the best ML configuration found
by grid search is presented in Table IV. Based on domain
knowledge, we selected six features applicable for usability
detection: time quiz, time forum, time assignment, clicks mod-
ule quiz, clicks module forum, and clicks module assignment.

SUS score EP score CF score CM score
Usability scores

Fig. 2: MSE from the usability scores with different Machine
Learning Algorithms with 6 features selected.

The model prediction results are seen in Figure 2. The
lowest average MSE among the ML algorithms is the SUS
score (0.0441 £ 0.0076) and the highest is the CF score
(0.0916 + 0.0159). SUS gives an insight into the overall
usability of the software system without specific usability
dimensions for LMS. For this reason, the other three scores
- CM, EP, and CF - provide usability dimensions specifically
for LMS. The UseLearn scores ordered by the average from
the ML algorithms are EP score (0.0590 £ 0.0065), CM score
(0.0617 4+ 0.0119), and CF score (0.0916 + 0.0159).

Random Forest is the best strategy for usability score pre-
dictions with overall MSE 0.0583 + 0.0099 and RMSE 0.2381
4 0.0200. The lowest MSE is for Random Forest on the SUS
score. Among usability prediction scores, Neural Networks
demonstrate notable performance. Linear Regression is the
highest MSE and RMSE, meaning that there is no linear
relationship between the predictor variables and the target.
RMSE proves that in experiment one, Random Forest is the
strategy to fit the data to a specific model as shown in Figure
3. On the other hand, Linear Regression continues to exhibit
underperformance, particularly in terms of the CF score.
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Fig. 3: RMSE from different Machine Learning Algorithms
with 6 features selected.

B. Experiments with 7 features

In the second experiment, the best ML configuration found
by grid search is presented in Table V. We deleted the features
related to module clicks and added additional features from
the specific tasks to verify if the performance improves. The
seven features are: time quiz, time forum, time assignment,
grade quiz, word count per forum response, file size, and file

type.

TABLE V: Parameter settings for ML algorithms.

ML algorithm Configuration

Linear Regression fit intercept: True

Decision Trees maximum depth: None, minimum samples leaf: 10,

minimum samples split: 2

Random Forest maximum depth: 5, minimum samples leaf: 2,

minimum samples split: 5, estimators: 50

Neural Networks activation: tanh, alpha: 0.01,
hidden layer sizes: (100)

learning rate: 0.01, solver: sgd

The results from this experiment are seen in Figure 4. The
lowest average MSE among the ML algorithms is the SUS
score (0.0395 £ 0.0055) and the highest is the CF score
(0.0867 4 0.0215). This exhibits the same relevance in those
terms as experiment one. The UseLearn scores ordered by the
average from the ML algorithms are CM score (0.0599 +
0.0187), EP score (0.0643 + 0.0193), and CF score (0.0867
+ 0.0215).

In experiment two, Random Forest obtains the lowest over-
all MSE (0.0579 £ 0.0162) and RMSE (0.2353 + 0.032)
from all scores. The lowest MSE on Random Forest is 0.0337
4 0.0036 on the SUS score. Neural Networks are able to
predict usability prediction scores as well. On this occasion,
Decision Trees demonstrate poor fit to the data, evidenced by
their lowest MSE when compared to other techniques. Figure
5 depicts RMSE from all the ML techniques, where Random
Forest has the lowest RMSE results in terms of SUS score
(0.1833 4 0.0099), CM score (0.2323 + 0.0381), and EP score
(0.2410 +£ 0.0428).

mmm Linear Regression
mm Decision Trees
mmm Random Forest
= Neural Networks

SUS score EP score. CF score

Usability scores

CM score

Fig. 4: MSE from different Machine Learning Algorithms with
7 features selected.

m Linear Regression
m= Decision Trees
m= Random Forest
= Neural Networks

RMSE

SUS score EP score. CF score M score
Usability scores

Fig. 5: RMSE from different Machine Learning Algorithms
with 7 features selected.

C. Experiments with 10 features

In the last experiment, we added the deleted features from
experiment two. The ten features in total are time quiz, time
forum, time assignment, grade quiz, word count per forum
response, file size, file type, clicks module quiz, clicks module
forum, and clicks module assignment. These features were
selected as input in each algorithm with the configuration
presented in Table VI.

TABLE VI: Parameter settings for ML algorithms.

ML algorithm Configuration

Linear Regression
Decision Trees

fit intercept: True
maximum depth: None, minimum samples leaf: 10,
minimum samples split: 2
maximum depth: None, minimum samples leaf: 2,
minimum samples split: 2, estimators: 50
activation: relu, alpha: 0.01,
hidden layer sizes: (50, 25, 10)
learning rate: 0.01, solver: sgd

Random Forest

Neural Networks

The model prediction results are seen in Figure 6. The
lowest average MSE among the ML algorithms is the SUS
score (0.0456 + 0.0077) and the highest is the CF score
(0.0897 £ 0.0183). The order among the UseLearn scores
considering the average from the ML algorithms is CM score
(0.0604 + 0.0176), EP score (0.0691 + 0.0161), and CF score
(0.0897 + 0.0183).



Random Forest is the best strategy for usability predictions
with overall MSE 0.0577 £ 0.0151 and RMSE 0.2356 +
0.0299. The lowest MSE on Random Forest is 0.0364 =+
0.0047 on the SUS score. Neural Networks excel for usability
prediction scores as Random Forest. In this experiment, Linear
regression does not fit the data well as experiment one. Figure
7 depicts RMSE from all the ML techniques, where Random
Forest has the lowest RMSE results in terms of SUS score
(0.1905 £ 0.0121), CM score (0.2297 £ 0.0358), and EP score
(0.2355 +£ 0.0393).

CF score €M score
Usability scores

Fig. 6: MSE from different Machine Learning Algorithms with
10 features selected.

The results of MSE and RMSE show that the seven features
provide better results in the SUS score. In this context, there is
a potential for usability prediction scores based on quantitative
questionnaire answers, user interactions, and ML algorithms.

RMSE

Usability scores

Fig. 7: RMSE from different Machine Learning Algorithms
with 10 features selected.

VI. DISCUSSION

The results of this study show a prospective adaptable UE
alternative for usability score prediction in LMSs. In the three
experiments, ML algorithms obtained the lowest MSE and
RMSE of the SUS scores in contrast with the other met-
rics. SUS score offers software developers and UX designers
insight into the system’s usability for users (undergraduate
students). ML models fit the features more suitable for SUS
score prediction (low-level usability dimensions) than the Use-
Learn checklist (high-level usability dimensions). CF scores
perform poorly by the highest RMSE and MSE among the

three experiments. This shows that the features selected are not
relevant for predicting consistency and functionality between
elements in the user interface of the Moodle course, such as
consistency between the titles, headers, and icons. The order of
UseLearn dimensions is the same in the last two experiments:
CM score, EP score, and CF score. ML algorithms have
some capability of predicting the CM score, which is relevant
for indicating the Moodle course’s provision of resources to
support online learning. The EP score verifies error prevention
measures, ensuring tasks are effortlessly completed. Random
Forest achieves the best performance among the experiments.
The second experiment with seven features produces the best
performance of the SUS score. The features are time quiz, time
forum, time assignment, grade quiz, word count message post,
file size, and file type. The module clicks features from each
task were eliminated. This demonstrates that utilizing module
clicks is not the best strategy for feature selection in the SUS
score prediction.

A. ML techniques performance

Linear regression struggles to find a linear relation between
the features and the targets. The worst strategy is in the third
experiment, where ten features are selected. Its SUS score
improves when module clicks are eliminated, and features
of each task are chosen, showing some linear relationship
between the inputs and the targets. It is still one of the lowest
performances among the three other models.

Decision trees enhance RMSE and MSE in experiments
one and three. The hyperparameters in the three experiments
produce the same values by following a pre-pruning technique
(removing unnecessary branches). This depth restricts the
number of tree splits from the root node to the leaf nodes. The
depth found was “None” meaning that nodes expand until the
leaves are pure or the leaves contain less than the minimum
samples to split. The value was two samples to split an internal
node to capture patterns correlating with the small dataset.
The minimum sample leaf is ten to be a leaf node to prevent
overfitting with few samples. Decision Trees in experiment
two do not produce favorable usability score prediction with
the highest RMSE and MSE in some scores.

Random Forest is the best algorithm for usability prediction
in the three experiments. Random Forest is an ensemble
method that aggregates predictions of multiple decision trees
as estimators. The rest of the hyperparameters follow the
same criteria as an individual tree with the maximum depth,
minimum samples split, and minimum samples leaf. In exper-
iment two, the prediction of multiple trees followed criteria
with the maximum depth being five. The number of branches
decreased, showing the minimum samples for split is five and
the minimum samples for leaf is two. As a result, multiple trees
produce superior capabilities of RMSE usability prediction for
SUS score (0.1833 £+ 0.0099), CM score (0.2323 + 0.0381),
and EP score (0.2410 + 0.0428).

Neural networks can predict usability scores in all the
experiments. The second experiment can predict CF scores
in contrast with the other ML models. The hidden layer is



just one layer with 100 neurons. Therefore, neural networks
find hidden patterns in the seven features. The learning rates
in the experiments range from 0.001 to 0.01. The lowest is in
the first experiment where the optimization process converges
slowly.

B. Performance improvement

The ML algorithms in this research explain a modest
performance, albeit not entirely satisfactory. MSE and RMSE
in the usability scores show higher values of 0.0337 £ 0.0036
and 0.1833 £ 0.0099 in all the experiments. A possibility to
improve performance is the feature engineering and selection
to avoid overfitting (no generalization of unseen samples).
The features were chosen based on domain knowledge from
previous research where user logging data was used [8]-[10],
[34]. In this context, one common feature is the time of
each task which aligns with the results from the experiment
two. However, in the previous state-of-the-art works, there is
no hybrid methodology where user logging data, quantitative
questionnaire answers, and ML are employed for usability
score prediction. Another factor is how the module clicks were
extracted to be considered as a feature with MySQL queries
and Table I. A plug-in can be developed and installed on
Moodle to extract the module clicks of each task. The features
specific to each task in the quiz (grade), forum (word count),
and assignment (file size, and file type) are applicable just for
usability score predictions on LMS. Features such as erroneous
clicks to complete a task can be picked as an alternative.

Erroneous clicks mean which other components the stu-
dent selected outside the one from the specific task. Linear
Regression and Decision Trees make it easier to interpret
how a usability score is determined. Random Forests and
Neural Networks, although often considered “black boxes”
due to their increased complexity, excel at capturing and
characterizing nonlinear relationships and interactions in data.
Random Forest produces the highest performance in all the
experiments given that multiple trees produce an average
between them in terms of RMSE and MSE. Neural Networks
show progress in performance, which means that the data
forms a nonlinear relationship in the data.

C. Limitations

The limitations of this work are the relatively small size of
the dataset used, the case study experiment was virtual, and
the generalization to unseen tasks. New data collected from
students will increase the performance of the ML algorithms
and neural networks could find hidden patterns with its pre-
dictive abilities. A controlled environment in person for the
research will be beneficial to analyze student concentration
on the tasks without any external stimulus.

VII. CONCLUSION AND FUTURE WORK
A. Conclusion

We presented a hybrid approach based on user logging
data, quantitative usability questionnaire answers, and ML

techniques to predict usability scores for an LMS to pro-
mote student engagement and satisfaction. We evaluated this
approach in a remote case study, with data collected from
undergraduate students. The 70 students follow three tasks
in the Moodle LMS, specifically a quiz, discussion forum,
and assignment on topics relevant to software engineering.
We applied different features in the ML algorithms Lin-
ear Regression, Decision Trees, Random Forest, and Neural
Networks in three experiments. The second experiment with
seven features produces the best performance of average MSE
and RMSE in the SUS score. Random Forest achieves the
best performance among the experiments. The feature module
clicks are not suitable for usability SUS score prediction. The
results are promising with alternatives for improvements for
better performance of SUS and UseLearn scores prediction.
The SUS score prediction will provide a general insight into
the LMS’s usefulness. The UE specifically for LMS through
UseLearn prediction scores will give information about how
well the Moodle course is usable in terms of learning resources
(CM), error prevention and task accomplishment (EP), and
consistency between the visual elements (CF). This approach
contributes to the computing education field by providing a
predictive tool for usability scores to improve the student
learning experience by potential LMS customization.

B. Future work

The module clicks can be extracted differently. An alter-
native is to develop and install a plug-in inside Moodle and
extract the module clicks of each task. Another feature can
be picked, for example, erroneous clicks. Additional data
collection, new feature extraction, hyperparameters diversi-
fication, and new tests for unseen tasks would improve the
ML performance. Unseen tasks related to accessing course
materials, engagement, and participation in the LMSs.

At the same time, the methodology can be extended to other
LMSs, for instance, Blackboard or Canvas. The Moodle course
initially centered on software engineering concepts, yet can
be expanded to other disciplines where LMSs are employed.
Usability score prediction would provide customized LMSs
according to the student’s needs.
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