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Abstract: - Online education is rapidly evolving worldwide and is increasingly gaining favour over the traditional method of learning and
teaching. This paradigm shifts in learning and managing using the Internet, or e-learning, is directly linked to the evolution of digital
technology. E-learning systems depend on different factors for their success, which need to be thoroughly analysed to help us decide on
the mode of education; therefore, proper management is required. In the case of a pandemic situation, for example, the condition of COVID—
19, where physical interaction has stopped completely, the mode of education needs to be changed to continue education unhindered. In
such unprecedented circumstances, a quick decision must be taken. This study aims to find out the optimum mode of education as per the
inputs received from students and teachers by suggesting the Technique for Order of Preference by Similarity to the Ideal Solution
(TOPSIS) approach based on Multi-Criteria Decision Making (MCDM) integrated with Machine Learning (ML) algorithm, K-Nearest
Neighbors (KNN). The results demonstrate the method's effectiveness in managing the modes more accurately

Keywords: COVID-19, K-Nearest Neighbors (KNN), Multi-Criteria Decision Making, Online Education Management,
Technique for Order Preference by Similarity to Ideal Solution (TOPSIS)

I. INTRODUCTION

In this digital era, the traditional education format requires a significant change. While some have already adopted
it, others are perplexed about whether to adopt the changes. The conventional education format of face-to-face
education has served us far too long, but now it is time for this mode to change. There is no doubt that the
traditional mode is a complete package of knowledge as there is continuous interaction between students, allowing
them to gain knowledge from teachers and exchange information. However, online education has still been
accepted as a significant education component in this era. Online Education is expanding rapidly, but its existence
is somehow scarce in engineering courses as students prefer face-to-face education for difficult and essential
courses that require lab work and practical knowledge [1]. For shifting from face-to-face to online education, a
proper, robust infrastructure is needed, which could be tested in all types of education scenarios and provide us
with exceptional outcomes [2]. Portal education is increasing daily as technology enhances with new variants of
embedded systems, microprocessors, and other data acquisition tools. Nevertheless, for this change to occur, many
resources are required, and various challenges like website availability, scalability, the need to be fault-tolerant,
and other needs are required for the smooth execution of online teaching. Online practical assessment for various
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courses is possible using microprocessors and embedded systems, but the courses for which it is not possible
should also be considered. Hence, the blended mode of education can be adapted to deal with these scenarios.

One of the most important aspects to be considered while choosing a mode of education is student awareness, as
students lack interaction in online and blended modes. Student evaluation is also a significant issue for faculty.
The evaluation process should be as rigorous as possible, requiring various authenticity and integrity
implementations to prevent cheating and identify possible fraud during the session . Hence, the implementation
of online education requires a proper risk assessment by the university to identify all sorts of possible threats to
the proposed multimedia platform being used. Most students prefer to opt for blended mode, which allows both
objectives to be fulfilled as maximum education can be provided online. Still, some courses are efficient only
when given offline. The whole world is suffering from a pandemic, causing tremendous effects on the economy
of various countries. Further, the youth’s education has been affected too. This pandemic has left the world in
such a state that people have no other way left than living in isolation, fighting against the virus, and trying their
best to save themselves by following various government-suggested safety norms. The government had to shut
down places with heavy crowds, leading to the shutdown of schools and colleges [3]. This shutdown is having a
minacious effect on students’ education, and the institutes are left with a choice of either staying closed or taking
steps towards the new era and moving to online education. Many institutions have started education online, but
many are still deciding whether to take this step. These institutions have many questions regarding the availability
of resources, the choice of platform to adopt, the number of students attending these sessions, how to connect
teachers with students, whether to opt for fully online or blended mode, and many other such questions. We use
the Technique for Order Preference by Similarity to the Ideal Solution (TOPSIS) method to test various criteria
available and decide whether to move online or blended or wait for the situation to recover and continue with
traditional face-to-face methodology only.

The TOPSIS method helps to find the ideal solution. We can appropriately rank the closest ideal alternative and
the most negative alternative. The TOPSIS method can be used for multi-criteria decision-making based on other
options like Online, Blended, and Offline Education Mode, which can be ranked appropriately by evaluating
numerous criteria [4].

Contributions

. Designing a framework to identify the mode of education using TOPSIS.
. Designing a framework to identify the mode of education using machine learning techniques.
. Comparison of outcomes based on TOPSIS and machine learning techniques.

The paper outline is as follows: Section 2 contains a brief explanation of related works in this field; Section 3
contains the criteria analysis, where we define the criteria used and alternatives considered with the used method,
along with a practical application shown as an example; Section 4 presents the result analysis and suggestions for
future work; and Section 5 contains the conclusions of our work.

Il. RELATED WORK

[1] stated that online education grows with time and directly depends on various parameters. The paper has
described four critical methodologies on which online education depends and is essential for education in this
form. These are as follows: first is the diverse population attending the session. Educators, researchers, etc., can
use descriptors to measure the population relying on online rather than offline education. Second, it provides a
new conceptual model that integrates descriptors with identifiers for better accuracy in the population examination
based on a content-based literature model.

[4] proposed a view on how the new era of microprocessors, embedded systems, etc., has made the practical
assessment of education in online mode better, further allowing students to design, program, and test circuitry in
the online platform rather than waiting for offline sessions, so it increases the access and sharing of information
in a massive way. This invention has helped students learn at their own pace and become more acquainted with
the various toolsets in a more interactive way with full hands-on assistance. According to the latest survey, the
strength of two-year retention of students has increased excellently.
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[5] proposed that online education has expanded to master’s programs, but a maximum of engineering degrees is
not followed. However, maximum online education lies in the postgraduate and master's levels. This shows how
the master's courses have been transformed from face-to-face mode to online mode or blended mode, depending
upon the necessity of the course. This online education is integrated with various measures to keep all the students
active throughout the session in their institution. After every five hours of a course, a test is conducted to
familiarize the students with the ongoing session. This paper mainly shows how the learning and organizational
changes are occurring with the implementation of this model.

The multi-criteria decision-making (MCDM) process is used in various fields to identify the best alternative based
on the criteria. It uses matrix formation, normalization, and ranking to compare the best choices based on the
criteria taken. [6] showed that we are surrounded by numerous intelligent devices that integrate the Internet of
Things (10T) to work for our lives efficiently. However, in the background, these devices operate with Wireless
Sensors to disseminate the data to the base station for storage necessary for working these devices properly.

[7] proposed that Delay-Tolerant Networks (DTNSs) are network devices that address technical communication
issues due to a lack of network connectivity. DTNs are used in mobile communication and mostly in space
communication, which is an essential need nowadays, as communication needs to be as efficient as possible.

Multi-Criteria Decision-Making deals with computational and mathematical tools developed to choose the best
alternative based on various criteria. It provides a suite of multiple methods available for decision-making, for
example, the Analytic Hierarchy Process (AHP), Weighted Sum Model (WSM), Simple Additive Weighting
(SAW), Technique for Order Preference by Similarity to Ideal Solution (TOPSIS), etc. However, all these methods
are calculated manually, causing a burden for many complex scenarios. [8] proposed using the TOPSIS
methodology, which is widely used, as it is considered one of the best and easiest methods to rule out the best
alternative and rank the other options based on the calculations.

Machine Learning has been adopted to resolve various problems the nation faces due to COVID-19. Artificial
Intelligence (Al) has helped us a lot, and [9] proposed that it works in replace humans with machines or robots
which does not get infected with diseases and can do most of the critical tasks required. Artificial Intelligence can
help for early detection as it can be used to compare specific common symptoms, which can help to test only the
persons that have been tested positive by Al technology and can save many resources and further if the person has
been tested for infected by Al can help to keep the person in quarantine such that the disease is not spread further.

[10] proposed that healthcare sectors have a vast amount of data because they are a vibrant sector worldwide. Data
compliance is also the circumstance that led to Big Data Analytics for effectively processing these data. In this
paper, many machine learning algorithms were applied, and Logistic Reasoning was the most accurate, with an
accuracy of 96%. Using pipelines, the AdaBoost classifier came out to be 98.8% as the best model.

[11] aimed to implement a model that determines whether a student deserves a scholarship based on specific
criteria: semester, family income, and many family members, amongst others. The dataset used contains 24
students with scholarships out of 2028 students considered. They used Euclidean distance to calculate the distances
of data points and a confusion matrix to calculate the various parameters of the model. Results show that an
accuracy of 95.83% can be reached when different parameters and values are considered.

I1l. METHODOLOGY

A. Criteria Analysis

Online Education is vital today as it can change millions of dreams worldwide. Blended mode integrates online
and offline modes, which is required because certain things cannot be conducted online. While some concepts can
be taught better offline, online mode allows students to continue their education through different means
depending upon the prevalent scenario [5]

However, it is essential to consider both faculty and students' difficulties with the implementation of online
education, and only after considering their suggestions should changes in education mode be considered. There
are different situations available that can be chosen as criteria. Eleven of the most important criteria are used in
this paper for decision-making. These criteria include Net Connectivity, Multimedia availability, Level of Stress,
Session Interactiveness, Health Issues, Online Practical Session, Assignment completion and evaluation, Mode of
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Examination, Overall preference, Level of Knowledge achieved and Session attendance. Internet connectivity is
a critical need in online education, making this parameter important in choosing an appropriate alternative, as the
unavailability of the Internet hinders online education. Here, offline education is weightier than online education.
This parameter is considered from both faculty and students’ point of view. Multimedia availability is a must to
attend online sessions as without appropriate devices and software, it is difficult to attend online sessions. Here,
offline sessions will be beneficial. Stress is an essential factor when considering the mode of education, and it
entirely depends on the students and faculties as to which mode they consider less or more stressful. Further, this
paper uses TOPSIS and the Machine Learning-based algorithm K-Nearest Neighbors (KNN) to identify whether
students prefer online, offline, or blended modes for their education. The dataset was collected from the students
and faculty using a questionnaire with 11 questions, with which we performed the analysis mentioned in this
paper.
B Technique for Order Preference by Similarity to Ideal Solution (TOPSIS)

TOPSIS is one of the most widely used multi-criteria decision-making techniques for choosing the most
appropriate alternative for any particular study based on enormous criteria. However, only numeric values of
alternatives based on appropriate criteria are considered in this method. TOPSIS ranks the alternatives based on
their closeness to the ideal solution. In this model, the distance of the alternative form, both the ideal and anti-
ideal solution, is considered [12]. This model works in a total of 6 steps to give us the alternatives ranked
appropriately.

These steps are:

. Formation of Matrix:

A matrix is formed of order m X n, where m is the set of alternatives and n is the criteria considered (Zavadskas

etal., 2016).

[X11 X2 Xes]
[X21 X2  Xos|
[Xa1 X2 Xas|
[Xa1 Xa2 X3 |
[Xs1 Xs2 X3

Xij is the numeric value for it alternative based on j*" criteria where {i=1,2,3....m},{j=1,2,3...n}

. Normalization of Matrix:

As these values are based on various criteria, so normalization to an appropriate scale is necessary. In this paper,
vector normalization is used where the normalized value is the ratio of the original value and the square root of
the sum of the squares of all its alternatives. The formula is:

—_ Xi
Rij— =
Z‘{leuz

Determination of ideal (A*) Solution and anti-ideal (A") Solution:

where i is the it alternative and j is the j criteria.

A ={(maxirij|j €d), (Minirij | j €1’ ) |i=1,2,3.m} = {A1", Ao*, Ash,......... A<}
A= {(minirij | je€J), (maxirij|[je ) ) |i=1,2,3.m} = {A1, A2, As,......... A}
J={j=1,2,3.. .k | k belongs to benefit criteria}
' ={j=123...k|kbelongs to cost criteria}

Both benefit and cost criteria correspond to high performance but differ as the benefit criteria have a high identical
value, whereas cost criteria correspond to a small identical value [12]. It corresponds as A* corresponds to the best
alternative, whereas A" corresponds to the worst alternative. Calculation of separation measure, which is based on
Euclidean distance, based on the positive ideal and negative ideal solution separately:
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Sit= /Z}Ll(ru - Ay
Si = / Y- A

Calculation of relative closeness of alternatives to the appropriate ideal solution: This is done to bring all the

alternatives to a single base for comparing purposes with other alternatives.
Ci" = 55+s Then using C*, all the alternatives are correctly ranked to give us the correct order to choose the best

alternative for our purpose. This ranking is done based on the decreasing order of C*.

Wherei=12,3,...m

C. K-Nearest Neighbors Classifier

KNN is one of the most widely used algorithms for its simplicity and non-parametric calculations. This model
works for both regression and classification. The input to the KNN model is a data point, and the output is a class
based on the proximity calculations of all other data points in the feature space. The feature space is an n-
dimensional space where n is the number of attributes in the dataset. For a given input data point d, we calculate
the distance from d to every other data point. The consensus of the classes of K nearest neighbors of d determines
the class to be assigned [13]. There are different methods to calculate the distance between the points, all having
their advantages [14]. In this paper, we have used the Euclidean formula to calculate the distance between the
points.

Let {(X1, Y1), ..., (Xn, Yn)} be a set of observations in a g-dimensional space, having X={x}"i=; and Y={y}"i-1.
For an unknown pattern x’, we employ the Minkowski metric,

a P
||x’ - xj||p = (Z, ll(xi)' - (xi)jl )1/p 1)

i=

where p=2 corresponds to Euclidean distance.

We can also apply KNN for multi-class classification. For predicting an unknown pattern x’ in multi- class
classification, we use,

fiewn &) = argmax 3.y on 10 = ¥) )

Where function I(.) gives a true value when the label y; of pattern x; is y and false otherwise.

The KNN algorithm poses some limitations [15], one of which is that the model results depend on the value of K
chosen. When the value of K is small, we get an overfitted model, whereas when the value is significant, we get
an underfitted model. This model is a lazy learner, i.e., it runs slowly and has high computation complexity.

IV. RESULTS AND DISCUSSIONS

TOPSIS model has been chosen for appropriate decision-making in this paper to opt out of the best alternative to
adopting online education. In this paper, suggestions from various faculties and students have been taken using a
survey. Using the survey, various suggestions were opted based on 11 criteria for ex.: Internet Connectivity,
Multimedia availability, Level of Stress, Session Interactiveness, Health Issues, Online Practical Session,
Assignment completion and evaluation, Mode of Examination, Overall preference, Level of Knowledge achieved
and Session attendance as (Al, A2, A3....Al1 respectively). The students’ perspective suggests the level of
knowledge achieved, and session attendance is the faculty's perspective; their weights are considered as 0.05 each,
whereas all other criteria are evaluated with the same weight [12]. Further, the total weight of all alternatives must
be 1. So, the weight of the other nine criteria is determined to be 0.1. So, the values from the survey are taken in
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numeric form, and a decision matrix is formed with all the appropriate values. The decision matrix is 3 x 11 in
order, as shown in Table 1.

Table 1: Data Decision Matrix

Al A2 A3 A4 A5 A6 AT A8 A9 Al Al

Offline Mode 11 25 36 8 40 44 48 52 49 102 R0
Blended Mode 102 90 69 35 60 40 35 3 20 28 23
Online Mode 72 70 80 65 85 101 102 98 116 55 82

After the formation of the original decision matrix, then the matrix is normalized using step 2. The normalized
matrix is shown in Table 2. Then the matrix values are integrated with their weights according to the criteria
weightage matrix and Table 3 represents the weighted normalization matrix. The criteria weights for the matrix
are as follows: {0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.05, 0.05} for {Al, A2, A3....... , A1l respectively.

Table 2: Normalised Data Matrix

Al A2 A3 A4 AS A6 A7 A8 A9 Al10 Al

Offline 0.087 0.214 0322 0.712 0346 0.362 0.406 0.447 0384 0.855 0.692

Mode

Blended 0.814 0.771 0618 0.332 0520 0.329 0300 0.156 0.234 0.199
0.296

Mode

Online 0.574 0.599 0.716 0.617 0.780 0.872 0.864 0.842 0909 0461 0.710

Mode

Table 3: Weighted Normalized Matrix

Al A2 A3 A4 AS A6 A7 A8 A9 Al10 All
Offline 0.008 0.021 0.032 0.071 0.034 0.036 0040 0.044 0038 0.042 0.034

Mode 7 4 2 2 6 2 6 7 4 7 6
Blende 0.081 0.077 0.061 0.033 0.052 0.032 0.029 0.030 0.015 0.011 0.009
d Mode 4 1 8 2 0 9 6 0 6 7 9
Online 0.057 0.059 0.071 0.061 0.078 0.087 0.086 0.084 0.090 0.023 0.035
Mode 4 9 6 7 0 2 4 2 9 0 5

With the help of the Weighted Normalized Matrix, the positive ideal and negative ideal solutions are chosen
according to step 3. The solution for the respective criteria is:

A*={0.0814; 0.0771; 0.0716; 0.0712; 0.0780; 0.0872; 0.0864; 0.0842; 0.0909; 0.0427; 0.3550}
A ={0.0087; 0.0214; 0.0322; 0.0332; 0.0346; 0.0329; 0.0296; 0.0300; 0.0156; 0.0117; 0.0099}

Then using this A* and A matrix, the separation of each alternative based on the criteria is calculated from the
positive ideal solution as S* and negative ideal solution as S-as shown in table4.

Table 1: Separation Measures of Existing Alternatives

S* S
Offline Mode 0.02084 0.00388
Blended Mode 0.01861 0.00957
Online Mode 0.00135 0.02367
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Then using these S* and S values, the relatives’ closeness of each alternative is calculated using step 5. Finally,
the corresponding values of relative closeness are stated in Table 5.

Table 2: Modes ranked according to their relative closeness index

CC* Rank
Offline Mode 0.15706 3
Blended Mode 0.33947 2
Online Mode 0.94603 1

The dataset consists of 185 records collected from both teachers and students. The 11 columns, as mentioned
before, have been used as input to the model. In addition, a 12" column was created where we added the labels to
the already collected data. These labels were added considering an individual's choices in the survey. These labels
were used to train and test the model [14]. To obtain effective results, it is imperative to determine the optimal
value of K in the KNN model. There are different methods to determine the value of K in this model. We have
used the most common method, called the EIbow method, in supervised machine learning.

Error Rate vs. K Value
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Fig.1 Plotting the Error Rate with the Value of k

The graph Fig.1 shows that the error rate is minimum when the value of K is between 6-8. Therefore, the value
of K as 8 was used to train the KNN model.

KNN model performance metrics

To determine the model's performance, we generally consider its precision, recall, accuracy, and f1-score. In our
paper, we find the precision, recall, and f1-score of all three classes, viz., Online Mode, Blended Mode, and Offline
Mode, and the accuracy score of the model.

Accuracy refers to the ratio of accurately predicted samples to total samples in the dataset.

((TP + TN))
(TP + TN + FP + FN)

Accuracy =

Precision is the ratio of all the correctly predicted positives to the positively predicted samples by the classifier
8].
TP

Percision = ————
(TP + FP.)

Similarly, recall refers to the ratio of correctly predicted positives to the total actual number of  positive samples
in the dataset.
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TP

Recall = ———
(T P+ FN)

Finally, the f1-score is taken as the Harmonic mean of precision and recall.

(2 * Precision * Recall)

F1— score = —
(Precision + Recall)

These parameters have been calculated using the Confusion Matrix[16]. The KNN model is beneficial when the
dataset size is small, as it can still generate high [17].The values of these parameters are given in the Table 6.

Table 6: Performance Measures of the KNN Model

Metrics Online Education Blended Education Offline Education
Mode Mode Mode
Accuracy 94.73% 95% 93%
Precision 1.00 1.00 0.93
Recall 1.00 0.75 1.00
F1-Score 1.00 0.86 0.97

The accuracy obtained from the KNN Model is 94.73%. The reason for this model's great performance is that
KNN can work with smaller datasets and still have high accuracy. Visualization of the performance measures has
been shown as follows Fig.2:

Performance Measurements of the KMNN
Offline mmm EBlended . Online

100.0 100.0 100.0 100.0 100.0

100

a5

PERCENTAGE
]
wn

75

FO

65 -
Precision Recall Fl-Score

PERFORMAMNCE PARAMETER
Fig.2 Performance Measurements of KNN
In Figure 3, the confusion matrix shows that the KNN model outperforms in predicting online and Offline
education modes, achieving perfect recall and high precision of 100% and 93%, respectively. However, it

struggles with the Blended mode, where 25% of the instances are incorrectly classified as Offline, while 0.75%
are correctly classified as Blended.

Confusion Matrix for KNN Model

- 100
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- zo
- 7

Offine

online Blended offline
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Fig.3 Confusion matrix for the KNN model
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V. CONCLUSION AND FUTURE SCOPE

The MCDM model using the TOPSIS technique is beneficial for criteria analysis based on different alternatives
as it gives us the normalized rank of the alternatives based on the criteria. TOPSIS helps us identify the most
preferred alternative, whereas the KNN model helps us identify which options lead to which preferred mode. The
KNN algorithm produces an accurate model that can predict the overall preference of individuals based on a set
of 11 parameters asked. TOPSIS has been chosen for this approach over other multi-criteria decision-making
methods because it has ease of application and universality and provides consideration of distances to an ideal
solution. Overall preference has been predicted using KNN as it is non-parametric, i.e., it does not make any
assumptions on the data, and a lazy learning algorithm, storing all the data before performing any query and then
analyzing it when the query is made. It uses the similarity of new data to classify it into a class. It is straightforward
to implement and is not significantly affected by noisy data.

In the future, we plan to use other multi-criteria decision-making techniques to calculate the mode with the most
optimum technique. Further, we will modify the evaluation criteria and alternatives to make the
University/College resilient and scalable in choosing the best education mode for their students.
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