[Downloaded from www.aece.ro on Monday, January 09, 2023 at 07:14:52 (UTC) by 44.192.50.188. Redistribution subject to AECE license or copyright.]

Advances in Electrical and Computer Engineering

Volume 18, Number 2, 2018

Generic Approach for Interpretation of PCA
Results - Use Case on Learner’s Activity in
Social Media Tools
Marian Cristian MIHĂESCU, Paul Ștefan POPESCU, Mihai Lucian MOCANU
University of Craiova, A.I. Cuza, 200-585 Craiova, Romania
mihaescu@software.ucv.ro
1

Abstract—Intensive usage of social media tools for
educational purposes transformed many previously tackled
issues from classical e-Learning systems. Among the most
general challenging issues reside in building classification
models having the performed activities set as independent
variables and final grade as dependent variable. A critical step
in data analysis process regards building interpretable models
in terms of explaining feature values and ranges along with
their influence on target class. We asked whether
dimensionality reduction techniques may be effectively used
such that high quality interpretable models are obtained.
Principal component analysis (PCA) dimensionality reduction
technique, scaling and several classical classification techniques
were used to create a data analysis pipeline that produces
classification models with similar accuracy of initial
classification models built on raw available data. Experimental
results show that features that characterize the activity
performed on each social tool and on all tools are highly
interpretable in our classification context. The proposed
approach is flexible and can be adapted to similar practical use
cases in which a large number of features is difficult to be
interpreted and a digest is required as being more useful for
bringing a better insight on data.
Index Terms—data engineering, knowledge representation,
machine learning, social network services, social computing.

I. INTRODUCTION
On-line educational systems - classical e-Learning
platforms or based on social tools - aim continuously to
improve in terms of bringing a clearer insight on activities
performed by learners. The usual approach relies on getting
and analyzing data from available tools or sources that can
bring better intuition about learner’s engagement and
activity. One method for accomplishing this task reduces to
using machine learning algorithms on collected data. When
there is a small number of features and a small number of
target classes, the activity level can be obtained in a very
intuitive way. For example, if we know how many hours a
learner spent learning and how many tests he takes we may
try to predict the final grade considering training data is
available. The issue in this case is the small number of
features that can bias our image regarding their activity
although high interpretable classification models may be
obtained. In our currently practical situation, machine
learning algorithms can build models with better accuracy
but taking into consideration the considerable number of
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features we face the problem of building highly interpretable
classification models.
Learner modeling is accomplished in most of the cases
using a set of features that describe the learners.
Furthermore, after gathering all the data, data analyst can
build models using machine learning algorithms. The
models are strictly dependent on the number of features that
describes an entity and also the number of instances used to
build them. As the number of features and also the number
of instances increases it becomes harder to build accurate
models. The proposed approach from this paper analyses the
possibility to use PCA dimensionality reduction technique
that can produce a more interpretable model.
Learner’s social activity is a key indicator regarding the
engagement in the learning process and also offers a good
intuition regarding how they perceive the learning material.
This paper addresses the problem of creating a framework
for interpretability for describing learner’s social activity
that can be estimated based on several features that can be
extracted from three platforms: Twitter, blogspot and
MediaWiki.
As dimensionality reduction method we employed PCA, a
statistical procedure that aims to reduce the number of
features without a significant impact on the dataset in terms
of information loss and for classification accuracy. We used
this approach in order to reduce the number of features that
describe a learner and produce a more intuitive overview of
their activity. Based on several preprocessing steps and a
partial ordering approach, we can rank the learners and get
an intuition regarding their activity performed.
Proposed approach has been designed for data provided
by three social learning environments that were used in the
learning process. Learners engaged in this study used these
three tools continuously for one semester course and based
on their activity we computed several features for each tool.
Since performed activities on available social tools are
represented by a fairly large number of features we
investigate the possibility of downsizing dimensionality
while obtaining new reduced interpretable features that
provide a very intuitive numerical interpretation.
Besides this goal, we aim to obtain a partial ordering of
learners in terms of performed activities that validates the
learning outcome and does not alter the quality and the
interpretation of the initial data model that takes into
account all available features.
The data analysis process is based on previously high
quality obtained model [1] that accurately identified “spam”
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and “don’t care” users. The experimental setup uses PCA
dimensionality reduction [2] technique for features available
at tool level and scaling [3] for proving the partial ordering
of learners by capturing the correlation between PCA values
and distances from origin along with several classification
models that used as target class the obtained discretized
grades.
This paper presents in section two the related work in
terms of other usages of PCA and other dimensionality
reduction techniques. Section three presents the proposed
approach that consists of a data analysis pipeline that uses
PCA, scaling and classification models to obtain highly
interpretable features. Section four presents experimental
results that follow up a previously published paper which
built high quality classification models considering a large
number of features for each social media tool. Finally,
conclusions and future work is presented by pointing out
several key aspects that may further improve the results.
II. RELATED WORK
The use of PCA [4] in applied research [5] was referred in
journals since 1964. Since then, many other usage scenarios
[6] were reported, even mixtures of PCA [7]. Other
approaches referred combination of PCA and other
classification techniques [8], in this case the authors applied
PCA for dimension reduction to honors learner dataset and
then use the result as input for a RFF Neural Network that
aims to build a predictive model. The results of using PCA
show a faster convergence speed, a better algorithm
accuracy and stronger generation ability.
Usage of PCA was made also in [9], where the authors
analysed the use of social media in Higher education
institution using Technology Acceptance Model [10]. The
approach was a combination of PCA and Structural
Equation Modeling (SEM) [11] used to analyse the
relationships between determinants of these technologies.
Another PCA related paper by Carlo Giovanella et.al. [12]
refers analyzing the learner performance indicators such as
learner’s active involvement with web 2.0 tools and
learners’ learning styles. The authors used PCA to identify a
subset of learner activities that are relevant to support a
prediction of learner success. They also tested if there is a
significant correlation between the learning styles and
learner’s performance and found that there is no correlation.
Still in the area of social media and academic performance,
S. C. Nsizwana et.al. [13] published a recent study
conducted at the university of Zululand regarding the effects
of social media use on academic performance of
undergraduate learners. They had 68 participants and used a
five-level Likert scale to determine if the use of social media
have effects on the academic performance. They involved
PCA to determine the extent of contribution of Likert scale
items to the variables under study. The results indicated that
the familiarity with social networks results in intensive
usage of social networks and academic activities. The results
also showed that learners that spent on social media predicts
the academic results with a better academic pass rate.
Other related papers refer estimating the learner
engagement in [14] and evaluate if there are patterns of
learner engagement consistent with grade levels and id the
class subject matter. The results show that the learner’s
28
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activity and patterns are consistent across grade levels and
the subject of the classroom influence directly the learners’
engagement and because of that we considered only one
course to analyse the learners because we needed a good
control regarding the procedure. Another factor took into
consideration that may influence the results presented in the
paper is the learner's’ background addressed by Páivi M.
Tikka et. al [15]. The paper analyses if the learner’s
background influence the learner's activity along with other
important factors like learners’ attitudes and knowledge
concerning the environments. The results showed that there
are major variations among learners between genders or
educational background; regarding our paper the learners
had a similar academic and high school background and the
study environment was consistent.
Regarding the learner modeling and machine learning
[16], Chien-Sing Lee et. al. [17] published a paper that
involves PCA and self-organizing map (SOM) clusters in
order to produce better learner models. They applied two
techniques and compared them in order to provide
meaningful analysis and class labels for learner’s clusters.
The first technique used PCA and the second one involved a
two-level clustering: a SOM clusters [18] at the first level
and PCA at the second, so PCA was involved in both of the
techniques. The experimental results revealed that the
second approach, that combines SOM clusters with PCA
improves the quality of cluster analysis.
Previous research in this area aimed to find “spam” and
“don't care” users [1] was made on less instances (285) by
using classification algorithms, and more exactly decision
trees. In this paper we used a classification approach to find
problematic users based on their activity level but without
knowing what the exact value of activity is, the ranking of a
learner among his colleagues or having a comparative scale.
In the current paper, we extend the study on more learners
and we propose an extended generic solution to estimate the
activity level and also offer an intuitive overview regarding
their activity.
We choose PCA because it was reported among the most
used dimensionality reduction techniques [19] in the meansquare error sense [20, 21]. More recent research compares
PCA, KPCA and ICA for dimensionality reduction [22] and
the paper presents that SVM algorithm performs better with
PCA then without it.
Isomap [23] is another machine learning algorithm used
for dimensionality reduction that extends classical
multidimensional scaling by using geodesic distance instead
of Euclidean distance. Because the geodesic distance matrix
can be interpreted as a kernel matrix, Isomap can be solved
by a kernel eigenvalue problem.
Regarding the use of PCA and other dimensionality
techniques, in 2009, Laurens van der Maaten et. al. [24]
published a review in which referred both convex and nonconvex dimensionality reduction techniques. The paper
aimed to address the limitation of classical dimensionality
reduction techniques like PCA and other newer techniques
by describing them and testing on several datasets which are
divided in two main categories: natural and artificial. The
presented results showed that on synthetic datasets, PCA
wins in four out of five cases but it may be outperformed by
other algorithms in other cases. In the case of natural
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datasets, the situation changes and PCA obtain the
maximum score all five cases, so we can conclude that even
though PCA may not be the best algorithm for our approach
it is for sure close to the best result and is one of the most
robust dimensionality reduction algorithms.
III. PROPOSED APPROACH
The proposed approach is based on a previous result [1]
that created an accurate data model for identifying and
deleting the “spam” and “don’t care” users and obtaining
the input dataset that is used for further processing. Thus,
the input dataset consists of a set of instances (i.e., learners)
defined by three sets of features, one set for each social tool
(i.e., Twitter, blog and Wiki) and one target variable
represented by the exam grade.
The data processing pipeline is presented in figure 1. The
baseline model has been obtained as previous result in [1]
and is further used for checking the impact on data and its
ability of classify learners after computing and scaling the
PC values. The PCs based classifier is compared with the
baseline classifier in terms of their ability to correctly
classify learners.

Figure 1. Data Analysis Pipeline

As PCA is used as dimensionality reduction technique,
we need to make sure that along the data processing pipeline
the newly computed features can also build a high-quality
classifier. This approach is regarded as a “sanity check”,
such that in the situation in which the PCs based model has
a high decrease in accuracy it would be a clear indication
that processing of the initial input dataset has degraded the
data quality in a large extent and thus it cannot be further
used.
Computing the PCs is performed in two ways. One
approach computes the PCs at tool level, reducing the
number of features from the available ones at tool level to
the most significant one. The obtained PCs, for a tool is
further regarded as a digest of input features.
After obtaining the PCs from input features we choose the
most representative one, such that it captures a high
percentage of the variance in the input data. Figure 2
presents the general approach of PCA procedure that
transforms the original raw k features from a tool (i.e.,
Twitter) to k orthogonal (i.e., independent) features. For
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example, if PC1 (the most representative component from k
orthogonal computed components) component captures over
90% of variance from computed PCs it means that we may
reduce the number of initial features from k down to one
with a minimum loss of information.
From this perspective, we may be in the situation when
summing over 90% needs more than one feature and that is
why we need more PCs (i.e, two or more) to represent the
input data. As a goal of our data analysis process we aim
having only one PC as representative for each tool or even
for all tools. This approach has the advantage of obtaining a
single reduced value for each instance instead of k initial
input features.

Figure 2. Dimensionality Reduction at Tool Level

As the percentage of the PC is higher we are more
confident that the obtained value is better representing the
initial input data. The main drawback of this approach is the
poor interpretability of the computed PC value. In
conclusion, this step has the advantage of computing a
minimal number of features representing the data and the
disadvantage of losing interpretability from initial features.
Another useful interpretation of results that may be
performed at this step regards identifying the initial features
that have the largest impact on obtained PC.
Coping with the lack of interpretability on obtained PC
values has a large negative impact on further analysis. For
example, given two instances with initial input feature
values a domain expert may visually compare in an
empirical way the activity values at feature level and
interpret them in such a way that the most active learner can
be assessed. From this perspective, obtained PC values for
same two learners cannot be compared such that we cannot
say which one had more activity. Another key issue is that
we cannot interpret the PC values for obtaining an indication
whether one learner or another had a small or large activity
level on particular tool.
The proposed solution for tackling the problems of poor
interpretability is to scale PC values to [0, 100] range in
such a way that 0 means “no activity” and 100 means “large
activity”. The scaling is proposed by the following formula.

VALUE '  100 

VALUE  min V
*100
max V  min V

(1)

Where VALUE’ represents the new value to be computed,
VALUE represents the actual feature value, minV represents
the minimum features’ value from the dataset and maxV
represents the maximum features’ value from the dataset.
Usage of this approach orders learners in terms of their
newly computed PC value and keep the values of original
input features in relation with its initial PC value. We
perform this transformation in two ways: visual and formal.
The visual analytics picks several instances with low,
average and high values in initial PC value and makes a
29
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comparative analysis on original input features. Having in
mind that a domain expert has a clear intuition on the
meaning of the values of the original input features the
partial ordering of learners in terms of their activity level
can be performed visually.
We also prove by formal analysis of the entire dataset of
learners’ correlation between the actual performed activity
values and corresponding scaled PC values.
For the original activity values, we consider a learner with
zero activity on all features as the origin and compute the
Euclidian distance from it to all learners. Intuitively, as the
distance from origin to a learner is larger is an indication
that more activity has been performed.
Definition: We define the “origin learner” to be the
learner with all original feature values set to zero. This is a
virtual learner that has not performed any action on any tool.
Definition: We define the “activity distance” to be the
Euclidean distance from the “origin learner” to an actual
learner.

ED  twitter 2  blogspot 2  mediawiki 2

(2)

We compute Euclidean distanc (ED) e from origin to the
learner by using as origin (0,0,0) coordinates all three
computed activity values for twitter, blogspot and
mediawiki.
D i = Euclidean Distance (“origin learner”, Learner i )
This definition allows us to compare the actual performed
activities of learners. Intuitively, if learner A is further from
“origin learner” than a learner B it means that learner A
performed more activity than learner B.
This approach allows us to obtain for each learner the
value of the distance from “origin learner”.We formally
evaluate the correlation between distances from “origin
learner” and scaled PC values.
TABLE I. INPUT DATA FOR ASSESSING THE CORRELATION BETWEEN D AND
SPC

Learner
L1
L2
L3

Original feature
values
V 11 V 12 … V 1k
V 21 V 22 … V 2k
V N1 V N2 … V Nk

Di

SPC

D1
D2
D3

PC 1
PC 2
PC 3

Where:
D i = distance, from „origin learner
SPC = scaled PC value from original raw data
Table I presents the learners with their original feature
values, their distance from “origin learner” and scaled PC
values. We further evaluate the correlation between Di
values and scaled PC values by plotting these values and
fitting a regression line.

30

Figure 3. Correlation of distances from “origin learner” with scaled PC
values

From this perspective, evaluating the correlation in terms
of confidence interval validates the ranking obtained by the
scaled PC values by assessing its quality in terms of
partially ordering learners according with their performed
activities. The worst-case scenario may occur when a large
residual error is obtained, thus there is no correlation
between initial raw data and obtained PC values which can
be explained by a large information loss in the
dimensionality reduction process. A positive correlation is a
clear indication that original data may have been reduced
with a minimal loss of information. A negative correlation
would be also not satisfactory for the data transformation
since this would mean that an increase in actual performed
activity is regarded as a decrease in distance.
Finally, from classification perspective, we verify that the
final obtained classification model has similar accuracy as
the initial one. This validation makes sure that all performed
data analysis steps have not significantly altered the initial
model and thus can be further used with the same
confidence. From data analytics perspective, the impact of
running PCA and scaling is highly dependent on initial data
quality. Running PCA should keep only one or maximum
two PCs that highly represent the initial data, while scaling
should make the values highly interpretable. The final two
steps - correlation of distances with scaled PC values and
rebuilding for evaluation the initial classification model provide a sound evidence on the quality and interpretability
of the obtained scaled PC values and associated
classification model. At this step, the focus is not on
obtaining a highly accurate model, but on the decrease in
accuracy. Thus, a high decrease of accuracy - as well as a
low correlation - is a clear indication that initial processing
steps (i.e., PCA and scaling) have altered the data too much
and the resulted features cannot be further used for
classification in a reliable way. For improvements of the
baseline classification model further processing may
necessary regarding feature selection, outlier/noise reduction
and proper fitting of the used classification algorithms.
The overall data analysis procedure makes sure that
scaled computed PC values (at tool level or general) become
interpretable and have a high degree of correlation with
actual performed activities. Intuitively, a worst-case
scenario may occur when scaled PC values represent in a
poor way the input data and thus exhibit a low correlation
with a small confidence interval. In this unfortunate
situation, the scaled PC values cannot be used to represent
as a digest the performed activity since the partial ordering
is not valid and therefore other dimensionality reduction
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techniques need to be used.
IV. EXPERIMENTAL RESULTS
The experimental results were performed on 367
instances (i.e., learners) that used Twitter, blogspot and
Wiki social media tools as learning environments at Web
Application Design bachelor course. For the experiments we
used the data gathered in 7 years, from 2010 to 2016 as
Table II presents a sample of the features. The meaning of
each feature along with its range values and sample dataset
is presented in detail in [1] paper.

MediaWiki tool with 0.9454 of the variance is represented
by the first component. Therefore, in one practical scenario,
the principal component is represented only by the first
component, and this is the one that is further used for
obtaining an interpretation of the PCA reduction process.
The goal of this analysis is to obtain the PCs that are further
used in the data analysis process with a minimum
information loss from original raw data.

TABLE II. SAMPLE FEATURE’S LIST FOR SOCIAL MEDIA TOOLS
Twitter features
Blogspot features
Wiki features
NO_TWEETS
NO_BLOG_POSTS
AVG_NO_
REV_PAGE
AVG_TWEET_
NO_BLOG_COM
NO_ACTIVE_
LENGTH
DAYS_WIKI
FRQ_TWEETS
FRQ_BLOG_POSTS
NO_ACTIVE_
DAYS_WIKI_REV
NO_ACTIVE_
AVG_RESPONSE_
NO_ACTIVE_
DAYS_
TIME_ BLOG_COM
DAYS_WIKI_FILES
TWITTER
NO_WIKI_REV
AVG_BLOG_POST_
NO_ACTIVE_
LENGTH
WEEKS_WIKI
NO_WIKI_FILES
AVG_BLOG_COM_
NO_ACTIVE_
LENGTH
WEEKS_WIKI_FILES
NO_ACTIVE_DAYS_
NO_ACTIVE_
BLOG
WEEKS_WIKI_REV

The first processing step regards choosing the principal
component for each subset of feature.
For the current study all the features are numeric and
represent counts of performed activities. For example,
NO_WIKI_REV represent the number of wiki page
revisions and NO_WIKI_FILES represent the number of
files uploaded on wiki.
Figure 4 presents the proportion of variance computed for
each component. On the horizontal axis we have all the
principal components computed for each tool (the number of
components is equal with the number of dimensions) and on
the vertical axis is presented the proportion of variance
value. Thus, in Figure 4 (a), while in for other tools we have
five and nine components, respectively. The maximum
number of components is twelve and appears in the case of
blogspot tool, the twitter has only five and in case of
MediaWiki, we have nine. In Figure 4 a), the line represents
the value of the proportion of variance for the Blogspot
variable; most of the variance (0.9879) is represented by the
first component and we don’t need to consider other one. In
the case of Twitter Figure 4 (b) the first component shows
more than half of the variance, a cumulative proportion
between first two components represents 0.9859 of the
overall proportion of variance. In the last case, we have

Figure 4. The proportion of variance distribution for each PC

TABLE III. ORIGINAL AND SCALED VALUES FOR FEATURES AND CORRESPONDING DISTANCES

Item
id

Original PC values

Scaled PC values

twitter

blog

wiki

all

distance

twitter

blog

wiki

all

distance

209

0.90

1.81

2.86

3.39

3.50

10

3

0

5

10.44

207

2.32

0.32

1.74

2.25

2.92

0

13

9

11

15.81

31
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206

-0.10

1.40

1.71

1.96

2.21

17

6

9

12

20.15

197

0.62

-0.33

1.92

1.20

2.04

12

17

7

16

21.95

195

0.96

-2.19

0.27

-0.74

2.41

10

29

20

26

36.62

196

-0.41

-0.17

-2.34

-1.73

2.38

20

16

39

31

46.66

200

-1.31

-3.63

-2.20

-4.36

4.44

26

39

38

44

60.34

208

-0.90

-0.93

-5.69

-4.56

5.83

23

21

64

45

71.18

199

-1.78

-3.13

-4.33

-5.48

5.63

29

36

54

50

71.08

204

-1.67

-4.62

-4.87

-6.75

6.92

28

45

58

56

78.57

198

-2.75

-3.24

-6.25

-7.04

7.56

36

36

68

58

84.95

203

-1.22

-6.29

-4.14

-7.13

7.63

25

56

52

58

80.41

201

-1.79

-4.52

-5.61

-7.24

7.43

29

45

63

59

82.67

202

-2.13

-5.17

-4.93

-7.36

7.46

32

49

58

59

82.40

205

-4.61

-11.29

-9.75

-15.48

15.61

49

89

94

100

138.41

Table III presents a snip from the reduced activity value.
First column represents the learner's id from the dataset, the
next three columns represent the originally computed PC
activity values for each of those three tools, the fourth
column presents the PC value obtained from all available
features from all tools and the fifth column presents the
Euclidean distance computed for them. The last five
columns represent the same values but scaled at a scale from
0 to 100; 0 means no activity and 100 means the maximum
activity achieved for that tool. These values present in an
intuitive with a clear meaning the performed activities. The
distance computed for the scaled values is also intuitive and
has a range of values from 0 to 140 where 0 is the closest to
the “origin learner” and 140 is the most further one.
As the learners are ordered in nondecreasing order of
scaled all features column, we expect that the values in the
last column (i.e., distance from “origin learner”) to be also
in nondecreasing order. Still, as we observe in the results,
we may face the situation in which for the same - or even
increasing - activity level we may have a decrease in
distance. This situation may be observed clearly in figure 5
where, for the same - or slight increase - activity value we
may obtain a slight decrease in in distance. Ideally, if such a
situation would not occur it would infer a high quality fitted
regression line with a close to zero error. The worst-case
scenario occurs when the fitted line exhibits a large error
with a very small confidence interval and thus many
situations in which a significant increase in activity level is
accompanied by a large decrease in distance from “origin
learner”.

32
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Figure 5. The activity vs. distance to “origin learner” trend

Figure 5 presents the computed activity trend based on the
learners’ activity computed for all features and the distance
from origin. On the OX axis, we have the overall learner
activity, and on the OY, we have the computed Euclidean
distance from origin using the three values computed for
each tool. Each blue dot is represented by an instance (i.e.,
learner) and we can see in the chart how close are to the
trend line. Analyzing the chart, we can see that all the dots
stay very close to the trend line and also follows the trend,
most of them are close to the origin and as we go further
they became rarer and a bit sparse because as they produce
more activity, they are further from the origin. The value for
intercept is 3.03, showing that the error for “origin learner”
is small training into consideration the range values for
distance which is from 0 to 140. The high positive
correlation is also suggested by the large value of R2, which
is close to one.
This chart offers a visual analytics solution to validate our
approach. A data exhibiting a higher variance (i.e., items
that are not close to the trend line) would represent a sign
for the lack of correlation. A large intercept value would be
interpreted as predicting a large distance from “origin
learner” for a learner that has not performed any activity,
which is misleading in data analysis process. On the other
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hand, a lower value in R2 would be interpreted as a clear
indication that the fitted line exhibits low correlation.
TABLE IV. ACCURACY OF CLASSIFICATION MODELS: INITIAL, WITH THREE
PCS AND ITH ONE PC

Algorithm
name

Initial
features
(no PCA)

With PCs
(one for each
tool)

With one
PC from all
features

Random
forest

0,72

0,64

0,64

j48

0,78

0,67

0,67

c5.0

0,72

0,70

0,70

ctree

0,75

0,75

0,75

evtree

0,78

0,72

0,72

JRip

0,83

0,78

0,78

OneR

0,70

0,72

0,72

kk‐NN

0,72

0,64

0,64

Table IV presents the results for a set of classification
algorithms. The purpose of this analysis is to evaluate the
impact of PCA reduction process in terms of classification
accuracy. For each used algorithm there was computed the
classification accuracy for a trained model on initial feature
values (before PCA reduction), on PCs obtained for each
tool, and on one PC obtained from all available features.
The dependent variable is represented by the final grade,
which is nominal and has three values: low, average and
high. The results show that accuracy may remain the same
(e.g., ctree algorithm) but in most cases it slightly decreases.
In one situation (i.e., oneR algorithm) the accuracy slightly
increases. Thus, we conclude that PCA reduction process
has no significant impact in classification accuracy and thus,
from this point of view the reduced data highly represents
the original data. Although, the obtained classifiers may not
be used in a practical context due to their low accuracy, the
purpose of this analysis is aimed to obtain a clear indication
regarding the decrease in data quality, not to train a highquality classifier.
V. CONCLUSIONS AND FUTURE WORKS
In this paper, we have designed a data analysis
mechanism that reduces the number of features with the goal
of making them interpretable and reliable when building a
classification model. The data analysis is based on PCA
dimensionality reduction and scaling procedures. The
validation of newly obtained data-set is performed by
assessing the correlation between instances (i.e., learners’
performed activity) and their Euclidean distance from
“origin learner” and by comparing initial and final
classification models (i.e., the one that uses the reduced and
scaled features).
Further improvements in the data analysis process may
take into consideration only the features that have larger
impact in PCA dimensionality reduction process or employ
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other feature selection techniques. From this perspective, we
could further take into consideration general categorical
features along numerical ones, but this would need further
factor analysis preprocessing. Other particular cases that
may also be investigated regard the situation of binary
variables or combinations of numeric and categorical
variables. Depending on the used data types, it may be
worth using other dimensionality reduction techniques in the
same validation context and with the same goals regarding
interpretability of feature values and high quality in obtained
classification model.
Another key aspect of current work regards proving the
correlation between newly obtained scaled and reduced
feature values and Euclidean distance from “origin learner”.
Further studies may take into consideration other distance
metrics (i.e., cosine, Minkowski, etc.) for computing activity
distance or other correlation mechanisms (i.e., Pearson,
Kendall, Spearman).
Thus, a well-planned, evaluated and validated usage of
proposed data analysis process will lead to useful,
interpretable and high-quality classification models in other
application domains and for other machine learning tasks.
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