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Abstract. This paper presents empirical findings on machine learning clustering
results from a bigger project relating to several related works embarking on performing machine learning algorithms on usability data. In this paper, results from
applying K-means clustering on usability performance data is presented. This paper will highlight several related works followed the methodology formulated in
this research. After that, the results and discussion were presented showing the
feasibility and accuracy of K-means clustering on usability performance data relating to Mobile Augmented Reality (MAR) learning application. This paper contributes in proposing a model confirming the feasibility of K-means algorithm in
prioritizing usability issues in MAR-learning.
Keywords: Usability, Mobile Augmented Reality Learning, English Language
Teaching, Hierarchical Agglomerative Clustering, Performance Metrics.
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Introduction

Performance metrics in usability engineering has been a common neglected measure in
human computer interaction related studies. Furthermore, usability analysis often times
relies on conventional comparative studies utilizing only descriptive statistical analysis
without the ability of measuring usability factors independently. Due to that particular
reason, the application of machine learning algorithms, specifically the clustering methods on usability data has been in its infancy. While researchers like [1] analyses the
fundamentals of clustering algorithms, just very few researchers like [2] implemented
machine learning analysis on usability improvements. It has been an area of interest on
why has usability and machine learning have not been studied together. This project
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therefore has embark on a quest tackling this very issues. Several works has been done
in this project coupling with an emerging technology of Mobile Augmented Reality
learning (MAR-learning) on English language. The several works can be referred from
the content of [3] prior to this paper. The content of this article is to explore the validity
of applying K-means algorithm on usability data collected through performance and
self-reported metrics [4]. The focus is to re-replicate non significantly different results
on 2 different datasets that goes though similar methodological procedures. The effort
in this research is to strengthen confirmation on the feasibility of applying K-means on
usability performance (quantitative based on users ability) and self-reported data (users
qualitative and subjective satisfaction)

2

Related Works

2.1

Usability Issues in Augmented Reality Research

A study done by [5] shows that in Augmented Reality Learning Environment (ARLE)
systems, usability evaluation emphasizes in producing better ease of use, satisfaction,
immersion, motivation and performance. Santos et al. did an extensive systematic reviews on 43 different ARLEs with the concluded findings [5]. Santos et. al. in [5] reported that common tools used among their findings consists of observation, interviews
and expert reviews among others. The methods suggested by the findings in [5] agrees
with several techniques and methods earlier coined by Albert and Tullis in [4]. According to the research done by [4], most usability studies uses more self-reported metrics
as compared to performance metrics. As a continuation of works done by [5], this research has further conducted studies as reported in [3]. The findings shows that in
MAR-learning more than 80% of surveyed works preferred self-reported metrics over
performance metrics. Despite for the fact that, there has been many arguments on the
lesser reliable techniques of self-reported metrics, many researchers still cling to the
comfort usage of self-reported metrics due to acceptable conveniences [6]–[8]. Both
usability metrics of performance and self-reported can be combined is usability studies
[9]. However, performance metrics has long been underrated in usability measures due
to its technicality in implementation, even though it is much reliable. Many arguments
has taken place in this matter by many researchers like [2], [4], [5], [10], [11], however
it has been a never ending debate. Since the work involving performance and self-reported data has been reported in [3], [9], [12], this paper will present results on performance data only without possible interference of self-reported data.
2.2

K-means Clustering

Several clustering algorithms are used across many research areas in recent times.
While K-means are generally used, partitioning based algorithms work in different
fashion to obtained data analysis [13], [14]. K-means is one of the simplest unsupervised machine learning algorithms used to partition data based on locations and distance
between data points [15]. K-means algorithm is reported to have worked better for large

3
dataset, while hierarchical clustering works better for smaller datasets [7], [16]. While
K-means has been used in many research domains, the feasibility of K-means to be
performed on usability performance data is still within infancy. The one reference of
such research has been conducted is based on our prior work presented in [3]. In [3]
however, only HAC has been performed only on combination of usability performance
and self-reported data, without comparing with the performance of K-means and clustering performance on respective datasets comparatively. While works in [9] shows
comparative result of HAC and K-means on usability data, individual clustering performance of either method has yet to be explored on separate usability features based
on the collection method of either performance or self-reported metrics.

3

Methodology

As far as the methodology is concern, the generation of methods and techniques for
this paper is to support the results presented in earlier publication of the same research
team in [3], [12]. The works in [17] has layout the preliminary studies of this research
project as a pre-operational framework clarification of the MAR-learning application
called “InterviewME”. This is succeeded by the works done in [9], deciding on the suitable clustering algorithm, where Hierarchical Agglomerative Clustering (HAC) is chosen as compared to K-means Clustering (K-means) based on the size of the datasets and
several primary variables. Then, real time datasets were collected in [3], where usability
prioritization were carried out for analysis of performance data based on three Mobile
Augmented Reality (MAR) interaction parameters namely, Object Tracking (OT), Selecting (S) and Navigating (N). In [3], two performance metrics were used (Time-ontasks and Error registration), while a self-reported metrics was used (5 Likert Scale) to
measure participants’ satisfaction level. The research work presented in this paper is
objectified to explore the results attained from [3] with a different clustering algorithm,
mainly K-means. The proposed methodology (Figure 1) with 3 phases is the entire process where the finding of this paper is extracted from the research activities done in
Phase 3 of the project. The initial methodology has been designed to achieve these 2
objectives for phase 3:
• To evaluate the performance of K-means algorithm on usability performance
data obtained through MAR object tracking.
• To get insight on the quality of K-means algorithm in clustering usability performance data obtained through MAR learning application.
The work of phase 1 has actually been presented in [17] where a repetitive pilot study
has been carried out validating the usability and interactivity of the testable application
called InterviewME, an MAR-learning application helping Malaysian tertiary educationist to master interview skills in English language. The development of the application
has been guided by suggestions and recommendation discussed in [17]. The works of
Phase 2 has generally been presented in [3], [12]. In [12], 168 students with equal gender
representation has been selected, and after profiling 102 students were selected for the
evaluation protocols. The selected samples will then go through a usability experimentation by carrying out object tracking activity (adapted from Real World Annotation Interaction in [5]). Usability metrics used is the standard ISO 9241-11, incorporating effectiveness, efficiency and satisfaction. Effectiveness were measured through time-on-
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tasks, effectiveness were measured through error(s) registration and satisfaction were
measured through engagement time (subsequent play)[12]. All students were selected
using similar profiling techniques and requirements presented in [3]. Similar criteria
were also used namely, years of smartphone usage to equalize device familiarity, frequency in engaging in social media applications, hourly usage of smartphone per day
and has taken a specific English language course in their institution. Similar Android
operating device is given to all 102 students, eliminating any possibilities of device familiarity and operational biases.

Fig. 1. Proposed methodology

The third phase involves data pre-processing. Since the initial correlation coefficient
and data normalization [1] has been presented in [3], the focus of this paper is to compare only the performance measure of Correlation Coefficient (CC) [2]. Both formula
of normalization and CC were explained in [1] and [2] respectively. Data cleaning were
performed to prepare a low noise dataset where ambiguous rows and incomplete columns were eliminated. In this phase 10 set of results were removed due to anomalies
not complying with expected criteria. Data normalization will then be performed using
rescaling and evaluated through Cronbach’s Alpha, where results were expected to be
more than 0.70 (where reliabilities were deemed to be acceptable) [18], [19]. Correla-
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tional values will also be measured through the usability metrics using correlation coefficient where results should be more than 0.30 (well-corelated) in behavioral sciences
[2]. After the normalization process, Mean Squared Error (MSE), Mean Absolute Deviation (MAD) and Average Euclidean Distances (AED) (which will also be triangulated with Mahalanobis Distance Measure (MDM) [20]) were applied.
3.1

Hypothesis

Considering different discussions of how comparative results can be significantly
different discussed by [1], [2], [21], this research believe that through the properly executed procedures from phase 1 to phase 3, these two hypotheses can be obtained.
• H1 – K-means clustering will achieve acceptable accuracy with low MSE,
MAD, AED and MDM
• H2 – K-means clustering is proven feasible for usability data clustering by
highlighting usability areas to be re-engineered.

4

Results and Discussion

Normalization is first performed on the original data set before the clustering process. With Cronbach’s Alpha (α), before normalization, the α value is 0.640206 and
after normalization the α value improved to 0.814953 showing better reliabilities between the 3 data arrays (Table 1). The α value for the original dataset also does not
surpassed the benchmark suggested by [18] which is 0.70. After normalization, each
combination of metrics were measured using correlation coefficient. All three metrics’
data were more than 0.30 as proposed by [2]. For better reading comprehension, this
paper will represent effectiveness metric with A, efficiency with B and engagement
with C. The metric combination of AB scores a correlation coefficient value of
0.818583, AC scores a correlation coefficient value of 0.541752 and BC scores a correlation coefficient value of 0.451739. Even though the correlation value of BC is the
lowest among the 3 combination, it is still above 0.30 which qualifies the combination
to be analyzed through K-means clustering in the next processes. Next, the dataset
combinations were clustered using Scikitlearn runnned by Python [22]. The K value of
K-means needs to be determined before applying the Machine Learning techniques on
them. The elbow method is applied here [15] to find the right amount of clusters for
respective datasets. All usability metrics combination yields the value of optimal K to
be 5, representing 5 clusters for each datasets respectively (Figure 4)
Table 1 summarizes the number of clusters and total population in each cluster
within each combination. Cluster 1 shows the best performance while cluster 5 shows
the worse performance in terms of metric combination.
Table 2 and table 3 respectively measure the MSE and MAD of each metric combination. For AB metric combination, the obtained MSE for vector x is 0.00827 and vector y is 0.00504, while the MAD for vector x is 0.07103 and vector y is 0.05512. While
in AC metric combination, the obtained MSE for vector x is 0.08037 and vector y is
0.06025, while the MAD for vector x is 0.21219 and vector y is 0.15255. For BC metric
combination, the obtained MSE for vector x is 0.01426 and vector y is 0.00949, while
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the MAD for vector X is 0.09090 and vector y is 0.07954. Finally, for ABC metric
combination, the obtained MSE for vector x is 0.01367, vector y is 0.00949 and vector
z is 0.01598, while the MAD for vector X is 0.09385, vector y is 0.08400 and vector z
is 0.10324. The results shown that the squared errors and absolute deviation from respective centroids vectors are generally low with all 4 K-means clustering indicating
good performance accuracy in a nutshell. While the best performing clusters is the effectiveness/ efficiency metric combination (AB), higher errors were seen in the effectiveness and engagement metric combination (AC). Similar conclusion can be made
from measuring the average Euclidean and Mahalanobis distances (Table 4), where the
lowest (smaller distance means better clustering accuracy) average Euclidean and Mahalanobis scores were obtained by the effectiveness/ efficiency metric combination
(AB), stating averages at 0.098179 and 0.096772 respectively. On the other hand the
highest distances were obtained through the effectiveness and engagement metric combination (AC) scoring 0.288787 and 0.307562 respectively. The efficiency/ engagement (BC) scores 0.139947 and 0.139856 on both average distance measures, while the
effectiveness, efficiency and engagement (ABC) metric combination scores 0.182280
and 0.139856 respectively. While AC scores the biggest distance measures, the overall
distance measures were still acceptable in conforming the accuracy of the K-means
clustering performance in this study. The results therefore accept the first hypothesis
indicating the performance of K-means on usability performance data obtained through
MAR learning application. On the other hand, referring back to Table 3, showing different percentages of clusters population, we can summarize that after the clustering
process, data set from Group AC reveals the biggest population in the weakest usability
cluster (Cluster 5), which stands at 25 samples (25.2%). Although the cluster differences are less significant as compared to Hierarchical Agglomerative Clustering reported in [3], [12], prioritization is still possible indicating that usability problems existed in the effectiveness and engagement metric combination, which can provide insights to design engineer to re-engineer the highlighted problems. With the ability of
highlighting weak usability areas, the second hypothesis can be confirmed.
Table 1: Clusters distribution for usability metric combination
Datasets
Cluster 1
Group AB
Group AC
Group BC
Group ABC

8 (8.6%)
21 (22.8%)
27 (29.3%)
10 (10.9%)

Number of Distribution/ Centroids Coordinates
Cluster 2
Cluster 3
Cluster 4
Cluster 5
28 (30.4%)
12 (13.0%)
12 (13.0%)
24 (26.1%)

15 (16.3%)
12 (13.0%)
23 (25.0%)
21 (22.8%)

21 (22.8%)
22 (23.9%)
19 (20.7%)
20 (21.7%)

20 (21.7%)
25 (27.2%)
11 (12.0%)
17 (18.5%)

Table 2: Mean Squared Error for Metric Combinations
Metric Combination
Vector
Effectiveness/ Efficiency (AB)
Effectiveness/ Engagement (AC)
Efficiency/ Engagement (BC)
Effectiveness/ Efficiency/ Engagement (ABC)

Mean Squared Error (MSE)
x
y
z
0.00827
0.08037
0.01426
0.01367

0.00504
0.06025
0.00949
0.01133

0.01598
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Table 3: Mean Absolute Deviation for Metric Combinations
Metric Combination
Vector

Mean Absolute Deviation (MAD)
x
y
z

Effectiveness/ Efficiency (AB)
Effectiveness/ Engagement (AC)
Efficiency/ Engagement (BC)
Effectiveness/ Efficiency/ Engagement (ABC)

0.07103
0.21219
0.09090
0.09385

0.05512
0.15255
0.07954
0.08400

0.10324

Table 4: Average Euclidean and Mahalanobis Distances
Metric Combination
Effectiveness/ Efficiency (AB)
Effectiveness/ Engagement (AC)
Efficiency/ Engagement (BC)
Effectiveness/ Efficiency/ Engagement (ABC)

5

Euclidean
Mean
0.098179
0.288787
0.139947
0.182280

Distance

Mahalabonis Distance
Mean
0.096772
0.307562
0.139856
0.139856

Conclusion and Future Works

The results and discussion in the previous section re-affirms the implementation,
feasibility and performance of K-means clustering technique on usability performance
data obtained through MAR learning application. The presented outcome also shows
that K-means is an acceptable algorithm to be implemented on usability data through
empirical measures. Moving forward, this research will look into more clustering techniques to be performed on similar dataset as a comparison searching for the most and
moderately suitable clustering techniques specifically used for usability performance
data within the MAR learning domain.
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Abstract. The faster the growing the Arabic content in Social M edia and Internet, the more the demanding for implementing Artificial Intelligence technologies to automate the sentiment analysis of the users reviews in Social M edia. In
this paper, we have implemented a solution using three classifiers: Decision
Tree, Naive Bayes, and M aximum entropy to predict the analysis of sentiments
in reviews of Jordanian Dialect (JD). JD is chosen because it is widely used in
Gulf and Levantine countries. The significant results of experiments is attained
using the Naive Bayes classifier with ISRIStemmer stemmer. The highest performance results in terms of standard evaluation measures obtained 0.829 accuracy, 0.84658 Positive F-score, and 0.80524 Negative F-score.

Keywords: Sentiment analysis, Decision Tree, Naive Bayes.
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Introduction and Background

1.1

Jordanian Arabic Dialect

JAD is a continuum of common spoken Levantine Arabic of the people of the Hashemite Kingdom of Jordan HKJ as well as across the Levantine countries . JAD is a
language that has a Semitic structure [1]. JAD has mutual varieties that are spoken by
an estimated population of around 10 million people and understood by near Arabic
speaking countries. Modern Standard Arabic (MSA) is the considered as the official
language of HKJ and used mainly by most of the media, written articles, books and
newspapers. But the daily spoken conversations are communicated by the different
local variations of JAD. According to [17] JAD is subdivided into five dialect variations:
1.

2.

Hybrid (Modern) Dialect (HD): it has been a presented since the announcement of Amman as a capital of Jordan in the early 20th century. Thus, people
started moving towards the capital from northern and southern regions, and
later on from the Palestinian Territories.
Northern Dialect (ND): it is spoken mostly in the area from Amman up to
the north city of Irbid. Where the pronunciation of the letter (Q) is pro-
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3.

4.
5.

nounced as (G). For instance,
, which
, becomes
ND is part of the southern Levantine region.
Southern (Moab) Dialect SD: is spoken in the area at the south of Amman,
such as the cities of
n, Tafileh, Karakm and Shoubak. One of the differences in this dialect is the pronunciation of the final letter (ta-marbouta) is
spelled as (e). For instance, Madrasah , which
, becomes
Madrase . This SD belongs to the outer regions of southern Levantine.
Bedouin Dialect (BD): is mostly spoken in the east area of Jordan consists
mainly of Badia region, like Alazraq.
Aqaba Dialect (AD): is spoken in only the access area of Jordan by the sea in
the Gulf of Aqaba.

On the other hand, [2] subdivided the JAD into three types : Urban, Rural, and Bedouin. The Urban Dialect UD has been emerged from the migrations towards the major
cities. The Rural Dialect RD is spoken often in the small cities and villages. The author divided RD into two subcategories (Horan, and Moab) where Horan Dialect is
spoken in the northern region and west of Amman, while Moab Dialect is spoken in
the area south to Amman. The Bedouins Dialect, however, is spoken in the desert
areas by Bedouins.
1.2

JAD Grammar

Different types and variations of JAD influence the grammar, pronunciation and vocabulary. Moreover, as [17] declared, JAD speakers must deal with the other differences when addressing females, males and groups. Verb conjunctions and plurals are
irregular and hard to determine their stem or root letters. This makes it difficult for
non-Arabic speakers to pronounce it. JAD grammar is mixture and considered as a
Semitic language that developed and influenced by many people over years. For example, the article definitions in JAD has many forms, like in (el) this prefix means
(the) like in ( el korsi meaning the chair). In addition, JAD continually adds suffixes
and clitics to generate new contrary words and negation
bednash means we do not want ).

1.3

Opinion Mining (OM)

OM has been studied at three categories of text: Document, Sentence, and Aspect
Entity. As per [3], OM can be classified using two methods : Statistical and Lexical
methods. The Statistical method uses Machine Learning (ML) algorithms, e.g. Naïve
Bayesian (NB), Support Virtual Machine (SVM), Decision Trees (DT), Maximum
Entropy (ME), etc. The Lexical method is described as unsupervised kind of approach
that exploits dictionaries, lexicons, and some other linguistic rules of polarity classification [4] [8]. As [9] stated, OM is defined as a part of Natural Language Processing
(NLP) and Machine Learning algorithms that deals with
tion regards a particular topic they wrote about or posted on the web through different
forms of text, like in social media and blogs [10] [12]. Furthermore, opinions are
classified to positive, negative, or neutral depending on the users implicit or explicit
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point of view that requires analysis to determine the text polarity [13]. Likewise, [14]
defined OM as the process of finding reviewers opinion in specific topic or matter.
The author also focused on his definition of OM on analyzing the text and sentences
and text polarity into three classifications : positive, negative, or neutral. [15] mentioned that OM has become very important and popular in the recent research, due to
its significance in several fields (e.g. education, political, healthcare, marketing, etc.)
Moreover, OM is important to make decisions especially for individuals who holds
critical job roles in governments and organizations. OM has some challenging in Arabic languages, [3] highlighted some major ones such as the existence of many dialects, the lack of tools and resources of Arabic dialects, Arabic lexicons limitations of
Arabic dialects, and uses of idioms and compound phrases, etc. Depending on the
previous facts, the need to do more research on OM is raised, more specifically in
JAD. In this paper, the authors focus on analyzing corpus polarity of Arabic text dataset found on [16] research written in JAD. This is achieved by first making normalization on the Arabic text to omit the short vowels, remove duplicate letters, stem the
words to omit any concatenated suffixes or prefixes, special character removal, and
possible replacement of synonyms [17]. All this is made to enhance the accuracy of
polarity classification. Then, using Python programming, in particular NLTK package, to implement three different types of machine learning classifiers (NB, DT, and
ME). Results shown that the NB outperformed the other classifiers [18].
This paper divided into six sections. In the first section, the authors introduced a brief
history, JAD different variations, OM definition and challenges of Arabic language
analysis. In section two, we introduced some of the previous related work been done
regarding to JAD. In Section three, we discussed the used methodology to do our
research. In Section four, the authors argued the results depending on an evaluation
between the three different classifiers been used in this research. In Section five, the
authors presented the results of the analysis that were applied on the target JAD dataset. Finally, in section six, the authors summarized the conclusion, challenges and
future work would be done.

2

Related work

Several methods been presented to do OM on JAD. Each method applied some recognized classifiers in order to distinguish the best one among them in terms of accuracy. [16] investigated how Arabic dialectal reviews is classified into two types of
sentiment; positive or negative ones based on the selection of several method features
using SVM algorithm. To train the SVM classifier, an annotated dataset of 2400 Jordanian dialect reviews was used considering only positive and negative polarities
(1200 positive, 1200 negative). The author has chosen a hybrid approach in features
selection trying to improve the performance. The author used RapidMiner machine
learning tool to conduct his experiment on vector model type of represented text suitable for machine learning experiments. Unigrams, Bigrams and merged features of
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both have been experienced in order to select the most relevant feature to improve the
performance of the classifier, including the informative aspects and excluding the less
descriptive ones. The experiment employed N-fold cross-validation technique to
evaluate the performance of the classifier on the first four stages and the fifth one
based on 5-fold and 10-fold cross-validation weights on sequence. It has been shown
that selecting SVM feature method gave the highest results in terms of Recall, Precision and Accuracy in comparison with the other five experienced methods, with Accuracy of 92.12%. In addition, results shown that selecting a combination of feature
methods can improve the performance of the classifier. [3] presented OM on Jordanian dialect dataset that has 2500 reviews collected manually from a Jordanian website
called Jeeran. The author implemented a semi-supervised approach for OM (positive,
negative) analysis on this dataset. Learning classifiers then combined with dialectal
lexicons and combined with some algorithms of machine learning (i.e. SVM, NB, KNN and Random Forest) to determine the best model of classification. In addition, the
author evaluated nine different feature methods to improve the performance process
of classifiers by selecting the top three evaluation features selection methods (i.e.
SVM-based, Correlation based, and Principle Components Analysis) that tend to result in best accuracy. The author used LIBSVM package and WEKA software that
introduces algorithms of machine learning and data mining. Classification using SVM
algorithm obtained the highest accuracy of 92.3%. [9] Presented a hybrid approach
for Arabic OM analysis, a combination of Multilayered Perceptron (MLP), NB algorithm, JRip, Decision Tree, ZeroR, OneR, and PART to classify the dataset into a
positive and negative polarities. The Arabic dataset represent written opinions in
MSA and Jordanian dialect tweets, which consists of 2000 Twitter posts in different
topics (e.g. arts and politics) 1000 labeled as positive tweets and 1000 as negative
tweets. The comparison of several classifiers were tested over the collected dataset of
tweets. As a result, the combined MLP performance outperformed over the rest tested
classifiers with accuracy of 99.5%. [18]
comments on
the public pages on Facebook of the telecommunication companies in Jordan (e.g.
Zain, Orange and Umniah). These comments are collected into a dataset using
Netvizz software in a form of page data module. In [12] and [13], the authors collected 14332 instances to form the dataset of the three companies. 3862 of the collected
dataset labeled as negative and 365 as positive ones. On the other hand, the author
used RapidMiner software to construct the intended model by performing a supervised approach including SVM, NB, Decision Trees, and K Nearest Neighbors classifiers. Then, a comparison on results between these approaches are given in terms of
accuracy. The results of SVM gave the highest performance over all of the other classifiers in terms of F-measure and accuracy. [14] Proposed an OM model on several
Arabic tweets that are presented in Jordanian dialect. Total number of 3550 of tweets
were classified into a positive, negative and neutral classes by SVM and NB classifiers. The author concluded that SVM classifier as better performance than the NB one
as SVM gets an accuracy equals to 82.1%.

[21] introduced a corpus of Arabic tweets written in a Jordanian dialect, and labeled
manually as positive and negative. The corpus has 1800 tweets 900 annotated as posi-
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tive and 900 as negative ones. The author investigated several supervised machine
learning OM approaches using RapidMiner software that allowed the author to perform evaluation on the corpus using SVM and NB algorithms based on different scenarios. The author concluded that SVM classifier using weighting scheme of Term
Frequency-Inverse Document Frequency (TF-IDF) with the Bigrams achieved the
better performance over the NB classifier with accuracy of F-score 88.27% and
88.72%. [22] presented an Arabic polarized lexicons of Jordanian dialect by first extracting 28000 entries from analyzing 15100 reviews posted in Jeraan website and
expanding the lexicon using Google Translate. Polarity given to each entry and score
of confidence. The author verified the process of polarization and precision by selecting 800 of the total tagged entries. Then evaluated by two Arabic mother tongue
speakers. Results shown that polarization precision was 90% as long as there are high
enough score of confidences. [19] tackled the problem of OM on reviews written as
dialects in Arabic language, in which there polarity (positive or negative) can be examined by using different supervised machine learning classifiers and features. The
author classified 28576 dataset of reviews collected from Jeeran website by using
SAMCAL model that first performs a web crawler, which is followed by filtering out
the Jordanian and Saudi reviews in order to finally to extract some features from each
review. The author applied SVM and NB and Maximum entropy algorithms to evaluate their performance in OM. Results shown that Maximum Entropy has the best performance over the other two algorithms with accuracy of 83.83%. [23] presented
Jordanian Arabic dialect under investigation to figure out OM classification for the
Arabic reviews posted in the Jeeran website. The author introduced an approach that
combines two categories of lexicons, include entries for dialectal words and compound phrases. One lexicon holds
opinions, and the other lexicon contains
objective words with opinion tendency. These two lexicons are fed into a classification process using SVM class ifier to differentiate polarity of positive reviews from
negative ones. The author built a dataset to train the SVM classifier by manually collecting reviews from Jeeran website. The author collected 2730 different reviews
(1527 of them were positive and 1203 were a negative ones). Furthermore, the author
investigated how the performance of the classifier is affected by combining opinion
features with different models of N-gram. After evaluating the two concerns under
investigation results show that the performance of OM classification can be improved
in terms of Accuracy, Precision, and Recall for both used models of the two set of
lexicons and the combination of N-gram with opinion features by 3.9%, 0.82%, and
7.4%, and by 5.7%, 4.3%, and 7.4%, respectively, on comparison with the two baseline models, with accuracy of 95.6%.

3

Methodology

In order to predict sentiments from reviews written in Jordanian Dialect, and as per
literature review and the related work, we propose to use Naïve Bayes, Decision Tree,
SVM, and Maximum entropy classifiers. First, we prepared one unified dataset of
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sentiments that are provided by [16], regardless of their polarities, and transform it to
comply with our format requirements . The reason is that we used the 5-folded crossvalidation technique, which requires the whole data sets to be merged and divided at
runtime to generate the training and testing datasets. We report the average of the five
runs to reduce the bias and randomness effect on the results. Stemming, stop words
removal and data cleansing are also used and the results with/without them were
compared. Tokenization is performed with unigram, bigram, trigram, and mixgram,
mixgram models. The mixgram model presents a combination of tokens extracted
using unigram, bigram, and trigram together such that more discriminating features
from each grams were considered. The results are also compared to show the best
feature extraction and selection schema. Accuracy, F-score, Precision, and Recall are
the standard measures used to evaluate the results of each. We used NLTK package
that are built on top of python to implement the classifiers, namely: DecisionTreeClassifier, NaiveBayesClassifier, and Maximum EntropyClassifier, for features
training and testing. The details of the methodology are discussed in the following
subsections.
3.1

Dataset

We used the dataset introduced by [16], which is built from user reviews extracted
from Jeeran website. These reviews are related to restaurants, movies, places, among
others. The dataset contains 2730 labeled user reviews . Labels are either Positive
(PO) or Negative (NG). These reviews are divided into 409 reviews as testing dataset,
consisting of 208 positive and 201 negative reviews, and 2321 training dataset, consisting of 1319 positive and 1002 negative reviews. This dataset are mostly written in
JD, but few English words might appear. Moreover, some MSA, Gulf, Syrian, and
Egyptian dialects also appeared. This dataset is not clean nor well-formed, which
should be handled. It might contain miss-spelled words, repeated characters, parentheses and special characters. Nevertheless, some reviews were assigned incorrect
labels, which we have fixed, e.g.
is labeled as negative but we made
it positive. Both testing and training datasets were consolidated in one dataset. We
applied the 5-folded cross-validation technique to the whole dataset, where 20% is
considered as testing dataset and 80% is considered training dataset. The measures are
calculated and the average of each measure is taken. After updating the mislabeled
reviews, the positive reviews is increased by one and the negative reviews are decreased by one. So, the dataset is divided between two lists each one contains original
training and test sets , each of which include positive and negative set

3.2

Preprocessing

In a preprocessing stage, data normalization and cleaning are applied. Firstly, short
Arabic vowels, punctuation, and single letter words are removed from the text. Then,
repeated characters are replaced by a single occurrence. Next, words are passed to
ISRIStemmer stemmer to remove prefixes and suffixes, initial
is normalized
to bare alif , connectives are removed, and stop words are removed. Afterwards,
common words are mapped to their closely related synonym in order to have less
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number of words passed to the classifier. For example, words like salty , noisy ,
boring , badly , worst , disgusting are simplified to bad because they identified as a bad feature. Tokenization was done based on words separated by white spaces. To simplify the process, the unigram, bigram, trigram, mixgram are used to extract
the features that identify the sentiment of a review. English words are eliminated
since we concentrate on Arabic text sentiment analysis.

3.3

Features Extraction and Selection

In order to represent a model for the sentiments, we need to identify the best classification features that represent the user review, which we can use to predict the polarity
of the sentiment. These features are to be passed to the class ification algorithm for
training and building the sentiment classification model. We have several ways to
choose from the features using N-gram language model. We have implemented Unigram, Bigram, Trigram, and Mixgram feature prediction. The frequency of the feature
and the most informative feature property are used to indicate the highest features that
decide on the polarity of the sentiment. The number of features were about 3000 and
the prediction depends on the N-gram that is used. In mixgram, we mix between the
most informative features that appear in unigram, bigram, and trigrams so we get a
unified feature set that includes the most informative features among all grams.
3.4

Experiments Design

Our purpose from using a machine leaning classifier is to classify the data into two
predefined categories: positive and negative reviews. Firstly, we analyzed the dataset
and modified it as required to build the classifier, where it is necessary to have two
lists; one for positive sentiments and another one for negative sentiments. The
ISRIStemmer stemmer is used because it is simple and can remove two to three prefixes and suffixes, stop words, and short vowels. Identification and replacement of a
word with its common synonyms is useful with rare sentiment words and led to a
better frequency, for example that occurrence of Salty or Noisy was changed to Bad,
because these rare words are not represented enough and would disappear on frequency selection. Three Classification algorithms were chosen DecisionTreeClassifier,
NaiveBayesClassifier, and MaxentClassifier, all from NLTK package, since they are
most used algorithm in sentiment analysis and have proven good results as per the
related work. The evaluation uses Accuracy, Precision, Recall, and F-score measures
to decide the best algorithm and the stemming effect.

4

Evaluation

The dataset provided by [9] was used. It contains a user reviews for different experiences like food, movies, and trips. It contains 1202 negative reviews and 1528 positive reviews. In our evaluation, experiments are either general or specific to polarities.
So, we have used Accuracy, Positive Precision, Negative precision, Positive Recall,
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Negative Recall, Positive F-score, Negative F-score, where the positive targets the
positive test data and negative targets the negative test data. The results are divided
into four parts; the first three parts report the performance of each algorithm while the
last one shows the overall results.

4.1

Decision Tree Classifier

In this experiment, we investigate building a predictive model using Decision Tree
machine learning algorithm that decides on the label (polarity). The results for Decision Tree classifies is shown in Figure 1.

Fig. 1. Unigram, bigram, trigram, and mixgrams evaluation results using Decision Tree Classifier. A figure caption is always placed below the illustration. Short captions are centered, while
long ones are justified. The macro button chooses the correct format automatically.

In this experiment, we notice that Precision and Recall using Bigram and Trigram
achieve good results in terms of positive recall and negative precision but lower results for positive precision and negative recall. The accuracy and positive/negative Fscore measures present better scores. We can see that stemming has a good effect on
the results and the accuracy. F-scores were higher after applying the stemming method. The best result was when using a mixgram with stemming:

Accuracy: 0.7655
Positive f-score: 0.77736
Negative f-score: 0.74976
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4.2

Naive Bayes Classifier

This classifier is based on simple probabilistic algorithm and is based on Bayes theorem, which is widely used in text classification. It is the fastest algorithm in training
our model. The results for Naive Bayes Classifier is shown in Figure 2.

Fig. 2. Unigram, bigram, trigram, and mixgrams evaluation results using Naïve Bayes Classifier. A figure caption is always placed below the illustration. Short captions are centered, while
long ones are justified. The macro button chooses the correct format automatically.

In this experiment, we noticed that Precision and Recall using Bigram and Trigram
achieve good res ults in terms of positive recall and negative precision but lower results for positive precision and negative recall. The accuracy and positive/negative Fscore measures present better scores. We can see that stemming has a good effect on
the results and the accuracy. F-scores were higher after applying the stemming method. The best result was also when using a mixgram with stemming:

Accuracy: 0.829
Positive f-score: 0.84658
Negative f-score: 0.80524

4.3

Maximum Entropy Classifier

Maximum Entropy is a technique related to statistical approaches, it shows longer
time for training than Naive Bayes and much faster than Decision Tree training time
and this affects the scaling of the training dataset. The results were the lowest in terms
of Accuracy and F-scores. This might be due to the large number of features that are
used as well as the different token sizes that affect both training time and model performance. The results in terms of Accuracy and Log Likelihood are:
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Accuracy: 0.570
Log Likelihood: 0.69315

4.4

Overall Results

In this section, we compare all classifiers over all featuring and stemming to determine the classifier that obtained the best results. We excluded the Maxent classifier
since the result (Accuracy: 0.570) shows big variations compared to the other two
remaining classifiers. When comparing the results, we can see that Naïve Bayes outperformed other classifiers in terms of Accuracy and F-score measures and the results
was the best when using a stemmer, the results for stemmed data is shown in Table 1.

Table 1. Overall results

Measure

Decision Tree

Naive Bayes

Accuracy

0.7655

0.829

Positive F-score

0.77736

0.84658

Negative F-score

0.74976

0.80524

According to Table 1, stemming has a positive effect and the best Accuracy achieved
when using Naïve Bayes with stemming and Mixngram with different sized features.
Figure 3 shows the comparison of performance between Decision Tree classifier and
Naive Bayes classifier.

Fig. 3. M ain measures of Decision Tree versus Naïve Bayes for M ixgram (best grams results)
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5

Conclusion and future work

We have developed opinion mining classifier for Jordanian Dialect using three classifiers: Decision tree, Naive Bayes, and Maximum Entropy. We also studied the effect
of stemming the data. We have achieved 0.829 in terms of Accuracy, and 0.84658 for
Positive reviews in terms of F-score and 0.80524 for Negative reviews in terms of Fscore using the Naive Bayes classifier. Larger labeled dataset should give better results since the available one has only 2730 reviews, and this size limits the features
that can be extracted and used for prediction by a classifier. This needs lot of efforts,
which we intend to spend in our future work. More classifiers can be explored like
SVM.
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Abstract. Learning analytics is one of the growing fields in this decade. Students performances become a hot topic to be solved all around the world to
help the three main characters in the education field, which are learners, instructors, and administrators, to produce the capable leaders in the future. The leading machine learning techniques in many fields also encouraged the use of
techniques in the educational area. In this paper, the approaches of three machine-learning techniques used to train the large dataset of students information. Based on the information, the prediction of student performance is
classified based on four main classes, which are distinction, fail, pass, and
withdrawn. The results are produced based on three evaluation parameters,
which are accuracy, prediction speed, and training time after undergoing a feature selection process. The Bagged Tree from Ensemble Classifiers revealed as
the potential machine learning technique. It proved by getting 99.6% accuracy
to predict the students performance based on the massive data of information.

Keywords: Machine Learning, Decision Tree, Ensemble Classifiers, Support
Vector Machine, Student Performance, Bagging, Learning Analytics.

1

Introduction

Learning analytics is one of the current topics that are blooming in worldwide. Mainly, it involved three main characters, which are administrators, instructors, and studatabase starting from the students or learners; those are focusing on the
dents register in the institution until the students become the alumni. All the data is a
recording based on the real-time so that the responsible person-in-charge can analyze
and report the result based on the data collection. In order to get that information, data
mining needs to extract the information from the data [1].
Educational data mining is a field that focused on educational data [1]. It categorized by task [2], becoming an analysis or visualization of data [3, 4] or recommenda-
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tion for the students [5]. The task can be in many forms, such as providing the feedperformances, grouping
back for supporting the instructors, predicting the
the students, planning and scheduling the academic plans, and many more. Therefore,
in this paper, the students performance prediction is a chosen topic to be discussed
further.
With the advancement of technology, one data can represent a lot of information.
Due to that, the student data recorded are instrumental and valuable for the institution
and instructors. It is usually related to personal information, demographic factors,
family background, health, registration information, and examination or test results.
Based on this information, it gives many branches of extra or new information related
to the academic or education of each student. Besides, as a critical part of teaching
and school routine management, the initial analysis and evaluation of
achievement are needed. Therefore, the instructors must grasp the students learning
status accurately, enables the students to understand their learning situation and to
measure the students' learning situation comprehensively [6].
Machine learning is a famous branch of Artificial Intelligence that can learn the data and come out with the new result to solve the current problems. It enables machines
to perform and learn from their jobs by using intelligent software and structured algorithm [7]. Each machine learning classifier algorithm is defined by statistics that play
an essential role in the machine learning itself [8]. It also requires data; hence, it produces different results on each case based on each machine-learning algorithm [8].
In this paper, the author tried to find out the best potential technique to implement
in learning analytics. In this case, the author chose to predict based on the students
performances. The data recorded based on several parameters such as code module,
code presentation, student ID, gender, region, highest education, number of previous
attempts, studied credits, disability, and final results. Hence, the results measured
based on accuracy, prediction speed, and training time as the evaluation parameters.
This paper is organized into five sections. Section 1 is about the introduction of the
overall topic that the authors want to solve. The next section is an explanation regarding the previous researches related to the prediction in the education field (Section 2).
Section 3 is about the steps throughout this research. It focused on the three techniques of Machine Learning, which are Fine Tree, Fine Gaussian SVM, and Bagged
Tree. Section 4 is related to the results and discussions based on the techniques implemented in Section 3. Section 5 showed the summarized results of each technique
based on accuracy. The last section is the conclusion regarding the whole research
that can give benefits to the education field and the plan for improvisation in the future.

2

Related Research Works

With the growth of learning analytics and machine learning, the researchers came out
with many ideas related to both fields. Based on the authors observation, the researchers interested in upgrading existing techniques through the education field.
Student s academic performance is a crucial factor in building their future [9]. The
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classification method selected and implemented based on students data [10]. Naïve
Bayes (NB) is a classification method selected as a data mining technique [10]. Based
on the academic performance of the students, NB produced an accuracy of 92.37%, as
it was possible to obtain a good prediction model [10].
Classification methods used to categorize the data based on the given label and
constraints [11]. The researchers chose NB, Random Forest, and J48 algorithms to
classify the educational database by extracting using predictive data mining to predict
the student s performance to enhance the study level of the students in the organization [11]. The NB showed the best performance accuracy as the clustering and apriori
performance in the given dataset [11]. To
rules have a vital relationship in s
predict the students performance, the researchers chose machine learning as a decision support tool used by the educational agents to prevent a student from failing the
course [10]. This is due to the machine learning is one of the capability algorithms to
answer uncommon problems [11]. Based on this reason, the educational field is the
best field to solve using this algorithm [8]. The researchers found out that kNN had
the highest accuracy compared to Logistic Regression (LR), Linear Discriminant
Analysis, Gaussian Naïve Bayes and Support Vector Machine (SVM), which is 96%
[8].
N Lukman et al. (2019) came out with the prediction of national examination questions that will appear in the final examination using the C4.5 algorithm [12]. This is
due to the score of the students for national examination was decreasing from 2015,
and the researchers tried to help the students to increase the value of the score [12].
Based on the result, the C4.5 algorithm succeeds in getting an accuracy of 70% as the
researchers proved that this algorithm had an excellent performance [12]. Also, research done to find out the best algorithms and features by predicting the performance
of 76 second-year University students registered in the Computer Hardware course
performance. The
[12]. The research started in earlier weeks to predict the
result showed that the k-Neural Network (kNN) is the best predictor classifier as it
gave 89% accuracy based on the prediction of the unsuccessful students at the end of
the term [13]. Based on the previous researches that summarized in Table 1, it proved
that many researchers already used various techniques and methods in the education
field. It shows that it is significant to have the best technique to get the best classification result for students performance using a vast dataset.
Table 1: Comparisons of Previous Prediction Researches
No

Paper

Year

Technique

Result

Dataset

Accuracy:

4250

Published

1.

eMineProve:
Educational
Data Mining for Predicting
Performance

2019

Naïve Bayes

92.37%

Improvement

Using Classification Method
[10]

2.

Enhancing the Quality
Education using Predictive

2019

Naïve Bayes

Accuracy: 80%

25000
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and Descriptive Data Min-

3.

4.

5.

ing Model [11]
Machine Learning Technique Analysis and Applications for Predicting Student
Performance [8]
Prediction of national examination question using C4.5
Algorithm [12]
Using learning analytics to
develop early warning
system for at-risk students
[13]

2019

KNN

Accuracy: 96%

279

2019

C4.5

Accuracy: 82%

268

2019

KNN

Accuracy: 89%

76

3

Predicting the Students Performances Using Machine
Learning Techniques

3.1

Data Preprocessing

The data used is based on the Kaggle Online Database [14]. The database is consists
of 32,593 information about the students in the United States of America. The data
has 9 predictors, which are
. The data preprocessing is the process of transforming
the data completely into an understandable format before the dataset continuing the
learning process [14]. It is essential to remove all the incomplete, noise, and inconsistent data to produce accurate value as the result of the learning process. In this
paper, the author implemented the data cleaning, which is replacing the missing value
with zero.
3.2

Feature Selection (FS)

A feature selection is also known as variable selection or attribute selection. Feature
selection usually can lead to better learning performance, for example, higher learning
accuracy, lower computational cost, and better model interpretability [16]. The feature
selection method usually includes and excludes attributes present in the data without
changing them. This method is used to identify and remove unneeded, irrelevant, and
redundant attributes from data that do not contribute to the accuracy of a predictive
model or may decrease the accuracy of the model [16]. The fewer attributes are desirable because it reduces the complexity of the model, and a simpler model is simpler to
understand and explain.
3.3

Decision Tree
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Decision Tree (DT) is a graphical display like a tree of a particular decision condition
that used when a complex gap occurs in a structured decision process. An action performed when each rule in a decision tree that displayed by tracking a series of paths
from the root to the node to the next node continuously [17]. The decision tree has
properties in the data found in the upper nodes in the tree structure, where the marginal properties are set aside [17]. Based on that, the DT is chosen to use if useful or not.
In order to search for the possible DT, the algorithm developed usually uses a greedy
and top-down approach for the version of basic algorithms [17].
Besides, DT is one of the popular machine learning techniques that already implemented widely in many fields in the world. Based on the standard CART algorithm,
decision tree design is presented [18]. The dataset was recursively divided according
to the split criterion throughout the training process until the optimal DT hierarchy of
nodes was reached. In order to measure of node goodness in DT, a Gini s Diversity
Index (GDI) is selected as the split optimization criterion in the DT model. The node
is pure as it contains only observations of one class (ABMR + ve and ABMR - ve),
the GDI of a pure node is equal to 0 [18].
Besides, DTs are one of the main techniques for discriminant analysis in
knowledge discovery. DTs are, to some extent, prone to overfitting due to their nonparametric and flexible algorithm [18]. There are also known to be unstable, as small
variations in the training set can result in different trees and non-repeatable predictions [19].
For this technique, the maximum number of splits is chosen the manipulation variable in this research. This is due to the decision tree is about partitioning the dataset
into the subsets. The authors changed the maximum number of splits 500 per training
using Gini s diversity index as the split criterion. The surrogate decision splits is on
by 10 maximum surrogates per nodes.
3.4

Support Vector Machine

SVM is an algorithm used in both classification and regression [20]. On the apace, the
data points are described and are categorized into groups, while the similar properties
of points are located in the same group in the SVM model [20]. For linear SVM, the
given dataset is considered as a p-dimensional vector that can be separated by a maximum of p-1 planes called a hyperplane [20]. For solving classification and regression
problems, among the data groups, both planes separated by the data space or set the
boundaries [20]. The best hyperplane selected among the number of hyperplanes
based on the distance between the two classes it separates [20]. The plane that has the
maximum margin between the two- classes proves the maximum-margin hyperplane
[20, 21, 22].
In this research, the authors focused on using Fine Gaussian SVM, which means
the kernel function is Gaussian. The box constraint level is starting from 100 and
increasing 200 for each training process. The box constraint should be more significant; it can reduce the appropriate time and have a smaller number of support vector
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used in SVM. This is due to this research is a hard margin that can separate positive
and negative points. Besides, the kernel scale mode is manual at static scale 0.1, and
the multiclass method is one to one.
3.5

Ensemble Classifier

Ensemble Classifier is the combination technique of Machine Learning techniques
with other techniques to get a more efficient technique to solve many problems in
several fields. It approaches to train multiple classifiers independently before joining
them to create the final classifier [23]. The ensemble classifier is parallel nature
makes it well suited for the problem of distributing sequential single-node classification algorithms across many computing nodes [23]. Therefore, the ensemble classifier
is a good approach to have the best classification model for solving the problems.
The Bagged Tree is selected as the ensemble classifier in this research. In the ensemble classifier, the number of learners generated from training data with the help of
a base learning algorithm. Therefore, in this research, the number of learners is increasing by 50 numbers for each training process with a fixed learning rate = 0.1, and
the maximum number of splits is 32,592, as the dataset is 32,593.
3.6

Evaluation Parameters

Accuracy is acting as a metric to evaluate the classification technique, whether the
prediction model is correct or not. Indeed, it measures how often the classifier makes
the correct prediction [24].

Prediction speed is the speed recorded for complete training. The speed is measured
in obs/sec. While training time is a time taken for the full training to be completed.
The unit is counted in seconds (sec).

4

Results and Discussion

In this section, the results based on Decision Tree, SVM and Ensemble Classifiers are
revealed. The results are based on accuracy, prediction time and training time. Based
on the Section 3, these three techniques have their own algorithms and specialty. Due
to that, each technique came out with the different results, as each algorithm is clearly
different from one to another.
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4.1

Early Prediction Results of Machine Learning

At the early stage, these three machine learning algorithms are undergoing the training process before undergoing a feature selection method. The graph below shows the
early prediction results of machine learning.

Figure 1: The Early Prediction Results of Machine Learning
Based on Figure 1, the accuracy of these three machine learning is recorded. It
shows that Decision Tree shows the highest accuracy at the early prediction. The
accuracy is 43.3%. The SVM shows the lowest accuracy, 40.2% at the early prediction. Lastly, the ensemble classifier has 41.1% for this early prediction training process.
4.2

Results for Decision Tree

Table 2 below shows the full results of the Decision Tree. The type of Decision Tree
chosen is Fine Tree. The highest accuracy of Fine Tree is 70.7%. Even though the
maximum number of splits 7000, the prediction speed is the slowest at 920000
obs/sec at 1.6514 seconds. The 100 maximum numbers of splits only gave 44.6% at
the shortest training time, which is 0.79156 seconds. The prediction speed in this
decision tree method is quite unpredictable, as, at 600 numbers of splits, the speed
becomes the highest speed, 10000000 obs/sec. This is due to the tree have the branches that we cannot estimate roughly the speed and time accordingly based on the accuracy stated.
Table 2: Results of the Decision Tree
Classifier

Decision
Tree

Type of classifier

Fine Tree

Maximum
number of
splits
100
500
1000
1500
2000
2500

Accuracy
(%)
44.6
47.7
50.3
52.5
54.7
56.7

Prediction
speed
(obs/sec)
1500000
1200000
1200000
1400000
1100000
1300000

Training
time (sec)
0.79156
0.93357
0.9609
0.93069
0.98705
1.1111
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3000
3500
4000
4500
5000
5500
6000
6500
7000
7500
8000
4.3

58.6
60.5
62.2
63.8
65.6
67.3
68.8
70.1
70.7
70.7
70.7

1200000
1100000
960000
950000
710000
920000
10000000
960000
920000
720000
340000

1.0642
1.0942
1.148
1.2883
1.4505
1.3078
1.4196
1.5536
1.6514
1.442
1.6957

Results for Support Vector Machine

Results of Fine Gaussian SVM are summarized as below. The maximum box constraint level is 1000 that gave the highest accuracy, which is 83.2%. The least number
of box constraint levels gave the least accuracy to 80.2%. The accuracy in SVM
shows the accuracy is increasing in a small amount even though the box constraint
has 100 differences between each training process. The fastest prediction speed is
600 obs/sec for both 600 and 1000 of the box constraint level. While the shortest time
is 869.97 seconds, and the longest time is 2621.2 seconds.
Classifier

Support
Vector
Machine

4.4

Table 3: Results of Fine Gaussian SVM
Type of
Box conAccuracy
Prediction
classifier
straint level
(%)
speed
(obs/sec)
100
80.2
640
200
81.3
630
300
81.8
600
400
82.1
650
Fine
500
82.4
650
Gaussian
600
82.6
660
700
82.8
620
800
83.0
590
900
83.1
620
1000
83.2
660

Training
time (sec)
869.97
1210.4
1464.7
1669.7
1934.1
2171.8
2390.5
2540.0
2647.4
2621.2

Results for Ensemble Classifier

Table 4 below shows the results of the Ensemble Classifier based on Bagged Tree
technique. Surprisingly, the results show the accuracy nearest to 100% accuracy
throughout the training process. The accuracy recorded is 99.6% starting from 10
numbers of learners until 600 numbers of learners. Even though the number of learn-
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ers increases by 50 for each training, the results of accuracy still maintain. However,
the prediction becomes slower as the difference between the 10 number of leaners and
600 numbers of learners is 85900 obs/sec. It is vice versa with the training time; the
time keeps increasing as the more time needed as the number of learners increase. The
highest training time is 429.82 sec for 600 numbers of learners.
Classifier

Bagged
Tree algorithm

Table 4: Results for Bagged Tree
Number
Accuracy
Prediction
of
(%)
speed
learners
(obs/sec)
10
99.6
87000
50
99.6
16000
100
99.6
9000
150
99.6
6100
200
99.6
4500
250
99.6
3400
99.6
2800
AdaBoost 300
350
99.6
2200
400
99.6
1900
450
99.6
1500
500
99.6
1400
550
99.6
1200
600
99.6
1100

Ensemble
Method

Training
time (sec)
8.9252
37.353
86.751
105.16
131.01
162.52
198.22
253.97
272.33
305.47
348.6
390.46
429.82

Based on the experiments above, the results show the differences from one to other
techniques. It is clearly shown that the results of speed and training time cannot be
predicted as the accuracy is increasing. For Decision Tree, even though the accuracy
is increasing, the speed is not increased continuously, and the time is also changing
unpredictably. This is due to the graphic tree-like structure that cannot handle the
large dataset, and it took some time to solve the training process. Indeed, a maximum
number of splits in the decision tree also affected the accuracy of training. The
increasing number of splits, it will increase the accuracy as well, and however, it has
the limitation that needs to be cover in the future.
SVM also produced the results just like the Decision Tree. The unpredictably results of speed and training time is due to the SVM model itself is about to categorize
the data from non-linear separated function into higher dimension linearly separable
functions. During this process, it might need some time, and less speed as the dataset
used is more significant. This research proved that if the box constraint level is higher, the accuracy is increasing in percentage.
Lastly, the ensemble classifier, like Bagged Tree, can predict the accuracy nearest to 100% as the bagging function itself. It uses bootstrap sampling to obtain the
data subsets for training the base learners [25]. The ensemble classifier proved that
even though the number of learners is increasing, the accuracy is still constant at the
highest accuracy, as the ensemble classifiers are well known the ability to boost the
weak learner. Therefore, it helps the algorithm to work efficiently and effectively
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even though it used the large dataset
the four classes easily.

5

Accuracy of Machine Learning

Figure 2: The Results of the Accuracy of Machine Learning
Figure 2 shows the results of the accuracy of machine learning techniques after undergoing feature selection. The Ensemble Classifier based on Bagged Tree proved as
the highest accuracy as 99.6% compared to SVM and Decision Tree. The SVM by
Fine Gaussian method has 83.2% of accuracy. Lastly, the least accuracy is Decision
Tree using Fine Tree is only 70.7%. That shows that the Bagged Tree shows an accurate prediction of the final result based on the distinction, pass, fail, and withdrawn
based on 32,593 of student information datasets.

6

Conclusion

Education is a relevant field that can determine the success of future generations. Due
to this, the advancement of technology, learning analytics, and a large number of the
dataset should be improved together. The prediction of students performance is significant to develop a capable future leader at the early stage. Besides, the results are
needed to the three main parties of learning analytics, which are learners, administrators, and instructors. Learners can identify aware their weaknesses at the early stage,
instructors can find out the appropriate ways to enhance the learners performance,
and administrators can standby on the best equipment and tools needed by the instructors to help the learners. Besides, the parents can give extra class and motivation as an
additional initiative to have a competent learner in the future. Even though most of the
Machine Learning techniques are capable of being trained in massive learning data, it
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still needs enhancement to produce a stable technique Even though most of the Machine Learning techniques are capable of being trained in the massive learning data; it
still needs enhancement to produce a stable technique. The technique that has the
highest percentage of accuracy is the most factors need to produce the most suitable
technique to predict the students performance in education fields. Therefore, in the
future, the combination or improvisation of Ensemble Classifiers based on Bagged
Tree with other techniques or algorithms is valuable to solve the problem regarding
the learning analytics or other fields.
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Abstract. This paper presents empirical findings on machine learning clustering
results from a bigger project relating to several related works embarking on performing machine learning algorithms on usability data. In this paper, results from
applying K-means clustering on usability performance data is presented. This paper will highlight several related works followed the methodology formulated in
this research. After that, the results and discussion were presented showing the
feasibility and accuracy of K-means clustering on usability performance data relating to Mobile Augmented Reality (MAR) learning application. This paper contributes in proposing a model confirming the feasibility of K-means algorithm in
prioritizing usability issues in MAR-learning.
Keywords: Usability, Mobile Augmented Reality Learning, English Language
Teaching, Hierarchical Agglomerative Clustering, Performance Metrics.

1

Introduction

Performance metrics in usability engineering has been a common neglected measure in
human computer interaction related studies. Furthermore, usability analysis often times
relies on conventional comparative studies utilizing only descriptive statistical analysis
without the ability of measuring usability factors independently. Due to that particular
reason, the application of machine learning algorithms, specifically the clustering methods on usability data has been in its infancy. While researchers like [1] analyses the
fundamentals of clustering algorithms, just very few researchers like [2] implemented
machine learning analysis on usability improvements. It has been an area of interest on
why has usability and machine learning have not been studied together. This project
1
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therefore has embark on a quest tackling this very issues. Several works has been done
in this project coupling with an emerging technology of Mobile Augmented Reality
learning (MAR-learning) on English language. The several works can be referred from
the content of [3] prior to this paper. The content of this article is to explore the validity
of applying K-means algorithm on usability data collected through performance and
self-reported metrics [4]. The focus is to re-replicate non significantly different results
on 2 different datasets that goes though similar methodological procedures. The effort
in this research is to strengthen confirmation on the feasibility of applying K-means on
usability performance (quantitative based on users ability) and self-reported data (users
qualitative and subjective satisfaction)

2

Related Works

2.1

Usability Issues in Augmented Reality Research

A study done by [5] shows that in Augmented Reality Learning Environment (ARLE)
systems, usability evaluation emphasizes in producing better ease of use, satisfaction,
immersion, motivation and performance. Santos et al. did an extensive systematic reviews on 43 different ARLEs with the concluded findings [5]. Santos et. al. in [5] reported that common tools used among their findings consists of observation, interviews
and expert reviews among others. The methods suggested by the findings in [5] agrees
with several techniques and methods earlier coined by Albert and Tullis in [4]. According to the research done by [4], most usability studies uses more self-reported metrics
as compared to performance metrics. As a continuation of works done by [5], this research has further conducted studies as reported in [3]. The findings shows that in
MAR-learning more than 80% of surveyed works preferred self-reported metrics over
performance metrics. Despite for the fact that, there has been many arguments on the
lesser reliable techniques of self-reported metrics, many researchers still cling to the
comfort usage of self-reported metrics due to acceptable conveniences [6] [8]. Both
usability metrics of performance and self-reported can be combined is usability studies
[9]. However, performance metrics has long been underrated in usability measures due
to its technicality in implementation, even though it is much reliable. Many arguments
has taken place in this matter by many researchers like [2], [4], [5], [10], [11], however
it has been a never ending debate. Since the work involving performance and self-reported data has been reported in [3], [9], [12], this paper will present results on performance data only without possible interference of self-reported data.
2.2

K-means Clustering

Several clustering algorithms are used across many research areas in recent times.
While K-means are generally used, partitioning based algorithms work in different
fashion to obtained data analysis [13], [14]. K-means is one of the simplest unsupervised machine learning algorithms used to partition data based on locations and distance
between data points [15]. K-means algorithm is reported to have worked better for large
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dataset, while hierarchical clustering works better for smaller datasets [7], [16]. While
K-means has been used in many research domains, the feasibility of K-means to be
performed on usability performance data is still within infancy. The one reference of
such research has been conducted is based on our prior work presented in [3]. In [3]
however, only HAC has been performed only on combination of usability performance
and self-reported data, without comparing with the performance of K-means and clustering performance on respective datasets comparatively. While works in [9] shows
comparative result of HAC and K-means on usability data, individual clustering performance of either method has yet to be explored on separate usability features based
on the collection method of either performance or self-reported metrics.

3

Methodology

As far as the methodology is concern, the generation of methods and techniques for
this paper is to support the results presented in earlier publication of the same research
team in [3], [12]. The works in [17] has layout the preliminary studies of this research
project as a pre-operational framework clarification of the MAR-learning application
[9], deciding on the suitable clustering algorithm, where Hierarchical Agglomerative Clustering (HAC) is chosen as compared to K-means Clustering (K-means) based on the size of the datasets and
several primary variables. Then, real time datasets were collected in [3], where usability
prioritization were carried out for analysis of performance data based on three Mobile
Augmented Reality (MAR) interaction parameters namely, Object Tracking (OT), Selecting (S) and Navigating (N). In [3], two performance metrics were used (Time-ontasks and Error registration), while a self-reported metrics was used (5 Likert Scale) to
The research work presented in this paper is
objectified to explore the results attained from [3] with a different clustering algorithm,
mainly K-means. The proposed methodology (Figure 1) with 3 phases is the entire process where the finding of this paper is extracted from the research activities done in
Phase 3 of the project. The initial methodology has been designed to achieve these 2
objectives for phase 3:
To evaluate the performance of K-means algorithm on usability performance
data obtained through MAR object tracking.
To get insight on the quality of K-means algorithm in clustering usability performance data obtained through MAR learning application.
The work of phase 1 has actually been presented in [17] where a repetitive pilot study
has been carried out validating the usability and interactivity of the testable application
called InterviewME, an MAR-learning application helping Malaysian tertiary educationist to master interview skills in English language. The development of the application
has been guided by suggestions and recommendation discussed in [17]. The works of
Phase 2 has generally been presented in [3], [12]. In [12], 168 students with equal gender
representation has been selected, and after profiling 102 students were selected for the
evaluation protocols. The selected samples will then go through a usability experimentation by carrying out object tracking activity (adapted from Real World Annotation Interaction in [5]). Usability metrics used is the standard ISO 9241-11, incorporating effectiveness, efficiency and satisfaction. Effectiveness were measured through time-on-
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tasks, effectiveness were measured through error(s) registration and satisfaction were
measured through engagement time (subsequent play)[12]. All students were selected
using similar profiling techniques and requirements presented in [3]. Similar criteria
were also used namely, years of smartphone usage to equalize device familiarity, frequency in engaging in social media applications, hourly usage of smartphone per day
and has taken a specific English language course in their institution. Similar Android
operating device is given to all 102 students, eliminating any possibilities of device familiarity and operational biases.

Fig. 1. Proposed methodology

The third phase involves data pre-processing. Since the initial correlation coefficient
and data normalization [1] has been presented in [3], the focus of this paper is to compare only the performance measure of Correlation Coefficient (CC) [2]. Both formula
of normalization and CC were explained in [1] and [2] respectively. Data cleaning were
performed to prepare a low noise dataset where ambiguous rows and incomplete columns were eliminated. In this phase 10 set of results were removed due to anomalies
not complying with expected criteria. Data normalization will then be performed using
cted to be
more than 0.70 (where reliabilities were deemed to be acceptable) [18], [19]. Correla-
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tional values will also be measured through the usability metrics using correlation coefficient where results should be more than 0.30 (well-corelated) in behavioral sciences
[2]. After the normalization process, Mean Squared Error (MSE), Mean Absolute Deviation (MAD) and Average Euclidean Distances (AED) (which will also be triangulated with Mahalanobis Distance Measure (MDM) [20]) were applied.

3.1

Hypothesis

Considering different discussions of how comparative results can be significantly
different discussed by [1], [2], [21], this research believe that through the properly executed procedures from phase 1 to phase 3, these two hypotheses can be obtained.
H1 K-means clustering will achieve acceptable accuracy with low MSE,
MAD, AED and MDM
H2 K-means clustering is proven feasible for usability data clustering by
highlighting usability areas to be re-engineered.

4

Results and Discussion

Normalization is first performed on the original data set before the clustering process. With
, before normalization, the value is 0.640206 and
after normalization the value improved to 0.814953 showing better reliabilities between the 3 data arrays (Table 1). The value for the original dataset also does not
surpassed the benchmark suggested by [18] which is 0.70. After normalization, each
combination of metrics were measured using correlation coefficient. A
data were more than 0.30 as proposed by [2]. For better reading comprehension, this
paper will represent effectiveness metric with A, efficiency with B and engagement
with C. The metric combination of AB scores a correlation coefficient value of
0.818583, AC scores a correlation coefficient value of 0.541752 and BC scores a correlation coefficient value of 0.451739. Even though the correlation value of BC is the
lowest among the 3 combination, it is still above 0.30 which qualifies the combination
to be analyzed through K-means clustering in the next processes. Next, the dataset
combinations were clustered using Scikitlearn runnned by Python [22]. The K value of
K-means needs to be determined before applying the Machine Learning techniques on
them. The elbow method is applied here [15] to find the right amount of clusters for
respective datasets. All usability metrics combination yields the value of optimal K to
be 5, representing 5 clusters for each datasets respectively (Figure 4)
Table 1 summarizes the number of clusters and total population in each cluster
within each combination. Cluster 1 shows the best performance while cluster 5 shows
the worse performance in terms of metric combination.
Table 2 and table 3 respectively measure the MSE and MAD of each metric combination. For AB metric combination, the obtained MSE for vector x is 0.00827 and vector y is 0.00504, while the MAD for vector x is 0.07103 and vector y is 0.05512. While
in AC metric combination, the obtained MSE for vector x is 0.08037 and vector y is
0.06025, while the MAD for vector x is 0.21219 and vector y is 0.15255. For BC metric
combination, the obtained MSE for vector x is 0.01426 and vector y is 0.00949, while
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the MAD for vector X is 0.09090 and vector y is 0.07954. Finally, for ABC metric
combination, the obtained MSE for vector x is 0.01367, vector y is 0.00949 and vector
z is 0.01598, while the MAD for vector X is 0.09385, vector y is 0.08400 and vector z
is 0.10324. The results shown that the squared errors and absolute deviation from respective centroids vectors are generally low with all 4 K-means clustering indicating
good performance accuracy in a nutshell. While the best performing clusters is the effectiveness/ efficiency metric combination (AB), higher errors were seen in the effectiveness and engagement metric combination (AC). Similar conclusion can be made
from measuring the average Euclidean and Mahalanobis distances (Table 4), where the
lowest (smaller distance means better clustering accuracy) average Euclidean and Mahalanobis scores were obtained by the effectiveness/ efficiency metric combination
(AB), stating averages at 0.098179 and 0.096772 respectively. On the other hand the
highest distances were obtained through the effectiveness and engagement metric combination (AC) scoring 0.288787 and 0.307562 respectively. The efficiency/ engagement (BC) scores 0.139947 and 0.139856 on both average distance measures, while the
effectiveness, efficiency and engagement (ABC) metric combination scores 0.182280
and 0.139856 respectively. While AC scores the biggest distance measures, the overall
distance measures were still acceptable in conforming the accuracy of the K-means
clustering performance in this study. The results therefore accept the first hypothesis
indicating the performance of K-means on usability performance data obtained through
MAR learning application. On the other hand, referring back to Table 3, showing different percentages of clusters population, we can summarize that after the clustering
process, data set from Group AC reveals the biggest population in the weakest usability
cluster (Cluster 5), which stands at 25 samples (25.2%). Although the cluster differences are less significant as compared to Hierarchical Agglomerative Clustering reported in [3], [12], prioritization is still possible indicating that usability problems existed in the effectiveness and engagement metric combination, which can provide insights to design engineer to re-engineer the highlighted problems. With the ability of
highlighting weak usability areas, the second hypothesis can be confirmed.
Table 1: Clusters distribution for usability metric combination
Datasets
Cluster 1
Group AB
Group AC
Group BC
Group ABC

8 (8.6%)
21 (22.8%)
27 (29.3%)
10 (10.9%)

Number of Distribution/ Centroids Coordinates
Cluster 2
Cluster 3
Cluster 4
Cluster 5
28 (30.4%)
12 (13.0%)
12 (13.0%)
24 (26.1%)

15 (16.3%)
12 (13.0%)
23 (25.0%)
21 (22.8%)

21 (22.8%)
22 (23.9%)
19 (20.7%)
20 (21.7%)

20 (21.7%)
25 (27.2%)
11 (12.0%)
17 (18.5%)

Table 2: Mean Squared Error for Metric Combinations
Metric Combination
Vector
Effectiveness/ Efficiency (AB)
Effectiveness/ Engagement (AC)
Efficiency/ Engagement (BC)
Effectiveness/ Efficiency/ Engagement (ABC)

Mean Squared Error (MSE)
x
y
z
0.00827
0.08037
0.01426
0.01367

0.00504
0.06025
0.00949
0.01133

0.01598
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Table 3: Mean Absolute Deviation for Metric Combinations
Metric Combination
Vector

Mean Absolute Deviation (MAD)
x
y
z

Effectiveness/ Efficiency (AB)
Effectiveness/ Engagement (AC)
Efficiency/ Engagement (BC)
Effectiveness/ Efficiency/ Engagement (ABC)

0.07103
0.21219
0.09090
0.09385

0.05512
0.15255
0.07954
0.08400

0.10324

Table 4: Average Euclidean and Mahalanobis Distances
Metric Combination
Effectiveness/ Efficiency (AB)
Effectiveness/ Engagement (AC)
Efficiency/ Engagement (BC)
Effectiveness/ Efficiency/ Engagement (ABC)

5

Euclidean
Mean
0.098179
0.288787
0.139947
0.182280

Distance

Mahalabonis Distance
Mean
0.096772
0.307562
0.139856
0.139856

Conclusion and Future Works

The results and discussion in the previous section re-affirms the implementation,
feasibility and performance of K-means clustering technique on usability performance
data obtained through MAR learning application. The presented outcome also shows
that K-means is an acceptable algorithm to be implemented on usability data through
empirical measures. Moving forward, this research will look into more clustering techniques to be performed on similar dataset as a comparison searching for the most and
moderately suitable clustering techniques specifically used for usability performance
data within the MAR learning domain.
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