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Abstract: The COVID-19 pandemic spread across the world in several days. This disease has badly affected corporations, industries, and
educational institutions worldwide. The education sector suffered several crises, around 77 million students were affected and absent from class
during the pandemic. Using remote learning during the pandemic was beneficial, but it was difficult to find comfort and dependability. The
present study examines the challenges faced by Pakistani students and teachers in remote learning, academic performance, and satisfaction levels
of students and teachers who have participated in remote learning during the COVID-19 pandemic. Based on the respondents’ comments,
analyzed the demographic data and remote learning data using statistical calculations in the R language, and displayed the results in graphs. It
used machine-learning models to calculate sentiment analysis results using the R language. According to the calculation results, the proposed
study performs well using a support vector machine (SVM) and neural network (NNET), which give an accuracy of 83.5, while the accuracy of
the k-nearest neighbor (KNN) is 69.9. The proposed study formulates suggestions for future work that are useful for improving the outcomes of
remote learning.
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1. Introduction students. In the present study, we have collected responses

L from 386 participants across Pakistan, including students
1.1. Background and Motivation and teachers. We have analyzed participants’ behaviors,
The COVID-19 pandemic has affected the whole world comfort, confidence levels, and meeting locations when
and all fields of life, such as business, industries, and using remote tools.

education. The COVID-19 pandemic has created social

) . . ; 2. Literature Review
distancing that increased the use of personal protective

equipment for people all around the world. In the Since December 2019, the world has had to fight the
education field, we faced several emergencies for students; COVID-19 pandemic [1]. The COVID-19 pandemic has
they did not attend any physical classes for a long period affected human health to an unprecedented extent. The
of 18 months. To compensate for this loss, remote pandemic has affected our lives, society, businesses, and
learning is the most useful option in the COVID-19 education around the world [2]. People use remote tools for
pandemic. Students and teachers who had not used it their daily communications, business, and socializing with
before the pandemic took free courses on various platforms friends [3]. More than 569 million cases were recorded by
and improved their remote skills. Students and teachers July 2022 and 14.9 million deaths were recorded in May
used remote communication methods such as working 2022 [4]. People are working from home and students are
from home (WFH), learning from home (LFH), and taking classes from home [5]. During the COVID-19
socializing from home (SFH) during the COVID-19 pandemic, the number of platforms around the world has
pandemic. During the COVID-19 pandemic, remote increased [6, 7]. In education, COVID-19 has forced
learning has faced significant challenges in Pakistan’s students to adopt remote learning from home in a short
education system. The lack of technology and internet period [8]. Everyone started using webcams and
connectivity in rural areas continues to hinder students microphones, thus their usage increased day by day [9]. As
from taking online classes. Additionally, the absence of a result, their market prices increased significantly
physical classes affected students’ social and emotional within a fewweeks, and webcam sales increased by 179%
well-being. Addressing these challenges requires the [10-12]. The usage of remote communication tools is
government to invest in infrastructure, provide training for growing by 200% [10]. The use of microphones and
educators, and prioritize equal access to education for all webcams is not secure, on the other hand, as evidenced by
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the numerousreports that have been made [11]. It has been
claimed that hackers take control of user devices on their
premisesand corrupt their data [13].

The act of passing knowledge from one person to
another is known as communication, and the word ”
communication” is derived from the Latin word
”communis,” which means “common” [l4]. Remote
communication is considered to be a non-traditional but
successful communication which means the exchange of
knowledge [13]. Remote learning is a modern form of
education that increases the access to educational
opportunities for students and teachers [15]. The COVID-
19 pandemic, which has affected 94% of students
worldwide in more than 190 countries [ 1 6]. According
to the assessment of UNESCO educational institutions,
890 million students in 114 different countries havebeen
affected by the COVID-19 pandemic [17]. Governments
around the world have temporarily shut down institutions
to prevent the spread of the virus [ 18]. During the COVID-
19 pandemic, many countries imposed curfews, and
lockdowns and closed educational institutions for physical
education [19]. All academic activities started to be
conducted remotely even in universities that were not in
online mode earlier [20]. Due to the difference between
face-to-face and remote communication difficulties were
encountered during this transition [21]. The difficulties
include a lack of internet connectivity, insufficient devices
for meetings, lack of access to applications, and difficulty
in accessing the learning resources [20-22]. The number of
people using video conferencing increased rapidly because
of the COVID-19 pandemic [19]. According to a study,
more than 62 million people downloaded video
conferencing platforms in March 2020.

3. Methodology

We have studied various remote learning tools and
designed our survey questionnaire. We have shared this
survey using social media platforms (Facebook, WhatsApp,
Twitter, Instagram) with university and college teachers
and students. Our study is based on only those students or
teachers who have taken remote meetings during the
COVID-19 pandemic. There was a limited no of users
because our study did not cover the whole population of
Pakistan. The dataset will be built from the input of user’s
responses. After filtering and removing duplicate reviews,
we have 386 reviews that were used as input to our system.
After that, we perform pre-processing [27], which
eliminates noisy data from the dataset. An example of
student and teacher feedback is displayed in Figure 1.

3.1. Proposed Framework

The framework of this study contains the five phases that
are described in Figure 2. Phase one of remote learning
deployment has created a dataset for statistical and
sentiment analysis. In the second phase, the pre-processing
includes tokenization, lowercase conversion, removal of
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Comfortable
Comfortable
Comfortable
Comfortable
Comfortable
Comfortable
Easily at home we performed aur duties Comfortable
Teachers interaction very important but its demand of the time when lockdown Comfortable
10 |Personally | didn't like remote learning but it feel comfortable because you can learn anywhere anytime in your comfort : Comfortable
11 |Sometimes its very Uncomfortable during meeting Comfortable
12 | During remote learning we have to use other apps like WhatsApp Instagram Facebook etc due to this we feel uncomforta Comfortable
Comfortable
14 |saved my traveling time and issues. Comfortable
15 |remote meeting is uncomfortable. because we cannot clearly understand the main point of meeting. sometime teachinc: Comfortable
16 |Comfortable meeting in pandemic when lockdown in all over the world Comfortable
17 | During remote learning we have to use other apps like WhatsApp Instagram Facebook etc due to this we feel uncomforta Comfortable
18 |On mobile network issue makes it uncomfortable..and sometimes comfortable Comfortable
19 |Comfortable meeting in pandemic when lockdown in all over the world Comfortable
20 |1 feel relax after this learning in covid-19 pandemic Comfortable
21 |Athome it is very comfortable in lockdown situation Comfortable
22 |i feel relax to lear and its also very time saving process in pandemic Comfortable
23 |Easy to use and manage when all over the world s lockdown Comfortable
24 |No its verv comfortable olatform when college is closed Comfortable

Sometimes i Face network issue that's why i feel somewhat comfertable
During remote learning,, no need travel and we can learn any time at any place

Had an Easy learning environment.....have alot of time to work on particular subjects and did alot of research
Remote Communication is comfortable in pandemic.

Because there is no danger of covid, therefor its very comfortable

Remote learning is good but physical learning i outclass

wlo oo s W~

13 |Romote learning: Facebook: Instagram: what's app etc

Figure 1. Sample of respondents’ feedback before pre-processing.
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Figure 2. Dataset and sentiment analysis workflow framework.

hyphens, stemming, removal of numbers, removal of
punctuation, removal of symbols, and stop word filtering
that is used for sentiment analysis. In phase three, we used
the R language packages NLP, dplyr, syuzhet, readr, and
naivebayes to perform the sentiment lexicon. In phase four,
implement the machine learning models. The last phase
displays the results obtained from the applied machine
learning models. The main process of sentiment analysis
is pre-processing which is briefly explained in the next
section.

3.1.1. Pre-processing

In this phase, the data is for pre-processing. For sentiment
analysis, we used the R packages ’Quantida’, ’Carat’,
’Rilling’, and ’e1071” for classification and clustering. The
following steps are performed in pre-processing [ 12, 23].



Word tokenization: In word tokenization, we divide our
feedback into distinct words or chunks [24]. For this step,
we divided the sentence into words or tokens using a
word tokenizer. Example: In his explanations,he exhibits
excellent communication abilities. He “has” special
“communication,” “skills,” “in,” “his,” and “descriptions,”
and 7 [25].

Lowercase conversion: In this step, we performed case
conversion after the tokenization step. This process
increased the value of textual data [26].

Remove hyphens: Using this technique, hyphens are
removed from the text and replaced with spaces. For
instance, pre-processing” would become  pre-
processing” and “’long-term” would become “long-term”
[27].

Remove numbers: The following stage in data pre-
processing is to eliminate any digits from the text,
including”12” and” 555> [28].

3.2. Models Used for Sentiment Analysis

We demonstrated a sentiment analysis technique by using
machine learning. The method of determining whether a
piece of writing is positive, negative, or neutral is called
sentiment analysis [25, 29, 30]. This helps us to understand
user experiences. We used a machine learning model
approach in which we applied support vector machine
(SVM) linear and non-linear models to find the best
hyperplane to partition the two distinct classes of data. K-
Nearest Neighbor (KNN) model, is a non-parametric
supervised learning classifier used to classify or predict
how a given data point will be grouped [7, 31]. The neural
network (NNET) model is a group of algorithms that seeks
to find underlying links in a set of data by using a method that
is similar to how the human brain functions.

4. Results

All results and analyses are based on the responses to an
online survey. As our research is exploratory, we have
performed analysis using R Studio 4.2.1 on our survey
results.

4.1. Participants Analysis Results

The survey was initially distributed among 620 people.
However, some respondents either did not respond or did
not complete the entire survey. A total of 386 samples were
filtered for the final data analysis, yielding a response rate
of approximately 62.2%. All statistical analysis was
performed using the R language. In our dataset, 55% of
women and 45% of men submitted their responses.
Participants ranged in age from 18 to 40 years with an
average age of 21 years. As shown in Figure 3 shows that
84% of participants relied on remote learning tools and
16% of participants learned but did not rely on remote
learning tools.
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Figure 3. Participants that rely on remote learning.

From the total of our dataset, 90% of participants used
remote learning tools and learned, whereas 10% of
participants did not learn during the COVID-19 pandemic
are shown in Figure 4. From the collected dataset of 386
participants, 70% of respondents were students, 10% of
respondents were teachers, 7% of respondents were
working as interns and 13% of respondents used remote
learning as a teacher and also a student. The respondents
contain different degree levels in which 32% of
participants had a Bachler’s degree, 27% of participants
had a Master’s degree, 24% had a higher school degree,
10% had a High school degree, 4% had a Ph.D. degree,
and 8.3% respondents prefer not to say anything about
remote communication. Figure 5 describes the response of
the participants’ concerned district and their meeting place.
In the data set, 44% of the participants belong to Rahimyar
Khan, 21% of the participants belong to Bahawalpur, 19%
of participants belong to Multan, 7% of the participants
belong to Bahawalnagar, 5% of the participants belong to
Muzaffargarh and 4% of participants belong to Lahore.
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Figure 4. Participants that learn using remote learning.
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Figure 5. Participants’ district-wise response



4.1.1. Participants Remote Meeting Analysis

Our visualization in Figure 6 shows the respondent’s issues
in remote learning, in which 31% of participants have no
issue, 20% of participants have a technical issue, 16% of
participants have a financial issue, 14% of participants
have management issue, 10% participants have network
issue and 9% participants have all the above-mentioned
issue in different time and situation.
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Figure 6. Participants’ issues during remote learning.

As shown in

Figure 7 indicates the participants’ comfortability
analysis, in which 36%of participants felt comfortable,
21% of participants felt somewhat comfortable,19% of
participants were neutral, 19% of participants felt
uncomfortable and 4% of participants felt somewhat
uncomfortable using remote learning during COVID-19
pandemic. As shown in Figure 8, an analysis of
participants’ used devices in a remote meeting, in which
46% of participants used Mobile phones, 19% of
participants used laptops, 15% of participants used
computers, 8% of participants used laptops, and computer,
5% of participants were using a Tablet, 4% of participants
were used mobile and sometimes laptop, whereas 3%
participants were used mobile and sometimes computer for
the remote meeting during COVID-19 pandemic.
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Figure 7. The comfort level of remote learning participants.

4.2. Applied Machine Learning Model Results of
Sentiment Analysis

The sentiment analysis of user reviews is described in this
section. We describe the machine-learning model with its
statistical value and statistics by class results.
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Figure 8. Participants’ used devices in remote learning.
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Figure 9.Support vector machine model.

4.2.1. Support Vector Machine (SVM)

Figure 9 indicates the distribution confusion matrix of the
support vector machine. The confusion matrix consists of
the comfort level of audiences or users, in which the graph
represents the variance between the reference of positive
response, negative response, and neutral response of users.
63% of remote users consider that remote communication
is better and positive as compared to other communication
means. These remarkable results make the performance of
remote communication higher. The overall statistics of the
support vector machine model give us 84% accuracy. The
dataset analysis of the model gives the result for each class
that is indicated in Table 1.

4.2.2. Support Vector Machine as A Linear Model

Figure 10 indicates the confusion matrix result of the
support vector machine as a linear model. The graph of the
confusion matrix represents the variance between the
reference states in which 55% of remote users say that
remote communication is better and more positive as
compared to other communication devices. 6% of users
considered remote communication to be neutral, and 4%
said it was negative. The support vector machine linear
model accuracy of the model is 83.5%, other attributes
result of their classes are indicated in Table 1.
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Figure 10.Support vector machine as a linear model

4.2.3. Neural Network Model (NNET)

Figure 11 indicates the confusion matrix and statistics about
the neural network model. As the graph represents the
confusion matrix consists of three main states such as
negative, neutral, and positive. According to the given
dataset, remote communication devices’ neural network
confusion matrix is much better than other models and
gives 83.5% accuracy. Table | indicates the statistics of the
neural network model. _

4.2.4. K-nearest Neighbors Model (KNN)

Figure 12 indicates the confusion matrix of the k-nearest
neighbor model. A graph represents the confusion matrix
consisting of three negative, neutral, and positive states.
According to the dataset results using this model, it is clear
that the comfortable matrix of remote communication
devices is much lower than others andgives 69.9% accuracy
which is also lower than other implemented models of
machine learning.
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Figure 11. Neural network model.
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Figure 12. K-Nearest neighbor model.

4.3. Comparative Results

Table 1 indicates the comparative results of implemented
models in which the accuracy of the support vector
machine, neural network, and support vector machine as
linear models are the same as that is 83.5%, whereas the k-
k-nearest neighbor model gives lower accuracy which is
69.9%. SVM can be valuable for understanding the key
factors contributing to remote learning challenges. With
proper tuning and kernel selection, SVM can be
computationally efficient and provide fast predictions, which
is advantageous for large-scale applications and real-time
analysis. SVM is a powerful classification algorithm that
effectively handles binary and multi-class classification
problems. It works well even with relatively small to medium-
sized datasets. The kernel trick in SVM allows it to handle
non-linear relationships by transforming the input features
into higher-dimensional space where a linear separation is
possible. Overall, using SVM in analyzing remote learning
challenges during the COVID-19 pandemic in Pakistan’s
education sector can provide robust, flexible, and reliable
results, making it a valuable tool for educational researchers
and policymakers aiming to understand and address these
challenges effectively [32].

Overall, the support vector machine (SVM) and
support vector machine as a linear model give better results
than others in which the support vector machine accuracy
is 83.5% with kappa values that are 74.1%, and support
vector machine model accuracy is 83.5% with kappa value
73.72%. As shown in Figure 13 indicates the overall
accuracy of implemented machine learning models in
which the k-nearest neighbor gives less accuracy, whereas
support vector machine, support vector machine as a linear
and neural network that gives the same results.

Comparative accuracy results

85 83.5 83.5 83.5
80
75
69.9

70
i I
60 .

SVM NNET SVM Linear KNN

Figure 13. Comparative accuracy result of used models.

Table 1. Comparative accuracy results of applied models.

Attributes SVM SVM as NNET KNN
Linear
Accuracy 0.835 0.835 0.835 0.699

(0.7489,0.  (0.7489, (0.7489, (0.6008,

0,
95% Cl 9008) 0.9008) 0.9008) 0.7855)
No Information Rate 0.466 0.466 0.466 0.466
P Value [ACC>NIR]  9.796e-15 9.796e-15  9.796e-15  1.469e-06
Kappa 0.741 0.7372 0.7359 0.5182
MCNEMAR ’S Test P- 0.2533 0.3243 0.0858 0.06172
Value




5. Discussion

We have concluded that 10% of the participants had not
used any remote learning tool and 90% of theparticipants
had used a remote learning tool but 16% of the participants
were not fully relying on remote learning, while 84% of
participants rely entirely and safely on using remote
learning and remote communication tools. We have
concluded from our results that 40.5% of users faced financial
issues when all activities were closed, 20.3 % of users faced
technical issues and did not use remote communication
before that,16.7% of users faced network issues during the
remote meeting due to keeping at a home that is located in
rural areas or those areas that did not have the facility of
high-speed internet, 14.7% users have faced management
issues during the remote meeting and other 7.8% users
faced issues that were not specific at all. We have
concluded from our survey results, that 57% of
participants felt comfortable using remote learning tools
because COVID-19 cases have increased day by day,
therefore, it is a comfortable platform for learning at home,
23% of participants are feeling uncomfortable while using
remote learning tools because many people could not
afford the expenses of remote devices or they have not
arranged the highly paid internet to regularly maintain the
internet packages or other devices that are need for a
remote meeting, and 21% participants were neutral in using
remote learning because in the dangerous situation of
COVID-19 when whole worlds affected, remote learning
has been the best option for continuous learning in a
typical situation.

6. Conclusion

The present study aims to investigate the challenges of
remote meetings that Pakistan’s students and teachers have
faced during the COVID-19 pandemic in the educational
sector. This study has explored the academic performance
and satisfaction levels of students and teachers when they
joined remote meetings using remote tools. After
conducting respondents’ reviews, we displayed their
results with statistical calculations and implemented
machine-learning models in which we performed
sentimental analysis. According to the simulationresults,
the suggested study has performed well in terms of the
recall, precision, f-score, and accuracy of remote
communication devices. In the future, to ensure that the
originality and integrity of data communication are
stronger and safer, we propose to use a variety of
remote communication applications. Due to a lackof
communication equipment employed by schools and
higher-level education, it is also possible to add the
effectiveness of communication as a fact.

The proposed study includes sentiment analysis and
statistical analysis. Furthermore, this proposed system
could include the following: take a detailed look at the
current technological infrastructure in schools and
universities across Pakistan. Identify areas where
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improvement is needed, such as providing reliable internet
connectivity and ensuring access to essential equipment for
both students and teachers. Explore strategies to bridge the
digital divide, especially in rural and underserved areas.
This may include collaborating with telecommunications
companies to expand Internet coverage, establishing
community technology centers, or using innovative
solutions such as satellite-based Internet access. By
implementing these future initiatives, Pakistan’s education
sector can strive to build a more resilient and inclusive
education system, capable of adapting to unexpected
disruptions while ensuring quality-learning
opportunities for all students.
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