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Abstract—The Research to Practice Full Paper aims to
determine the students’ preferable learning mode for traditional
classroom teaching under typical situations and forced virtual
teaching in quarantine. Although many academic institutions have
promoted online and distance education, face-to-face traditional
classroom teaching has always been the dominant approach in the
US. However, the sudden outbreak of the COVID-19 disease
forced the academic institutions to convert the entire curriculum
into a virtual method of teaching and learning. This drastic change
in the educational system has dramatically impacted educators
and students, and very little is known about the students'
preferred teaching and learning mode. In this regard, the present
study collected data from the civil engineering department at the
University based on a questionnaire survey. A total of 337 students
participated and responded to 18 multiple-choice questions. The
questionnaire was divided into four parts: admission information,
activity information, Fundamentals of Engineering Examination
(FE exam) planning, and preferred teaching mode. The preferred
teaching mode is further divided into ‘Synchronous’ that
represents scheduled and live virtual engagements with students
such as zoom meetings and ‘Asynchronous’, representing pre-
recorded lectures such as watching YouTube videos. This study
performed two analyses to obtain precise results regarding: (1)
online vs. traditional classroom learning, (2) synchronous vs.
asynchronous learning. For this purpose, distinct tree-based
methods, including bagging, boosting, and random forest were
employed to investigate the significant factors that affect the
students’ choice of learning modes under different circumstances.
The findings reveal that the activities such as participation in clubs
or organizations, internships, or jobs, are the statistically
significant factors that play a vital in the students’ choice of
teaching and learning mode under different situations. This study
is expected to provide crucial insights for the academic
professionals in adopting the teaching and learning modes that
would substantially improve and enhance the quality of education.
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1. INTRODUCTION

The current teaching system has evolved alongside the
advent of technology and its availability [1]. Online learning has
been available since the mid-1990s, and at the time, many have
already noticed that it is a “potential course delivery platform”
[2]. Over time, online learning became more efficient and
popular as schools and universities began to incorporate online
courses into their curricula [3,4]. Online courses [5] were more
beneficial to those students and professors who cannot attend
conventional classrooms since they only required a computer
and an internet connection [6,7]. It was discovered that although
students taught traditionally in classrooms scored marginally
higher than their online counterparts, there was no statistically
significant difference in either groups’ abilities to comprehend
the material in the course [8].

In times of crisis, caused by disastrous local events to
national pandemics, mass gatherings are likely to be discouraged
to outright banned [9]. This includes all forms of social
gatherings such as concerts, public events, sports matches,
academic institutions, and many more. Recently, the rapid
spread of coronavirus, COVID-19, has forced educational
institutions to switch traditional in-classroom teachings with
digital teaching methods [10,11]. These digital methods include
both synchronous and asynchronous online courses. This alone
presents some issues as these different online teaching methods
have their advantages and disadvantages in how students can
comprehend information [12,13]. The issue revolves around the
fact that up until this point, the only people using online learning
were those who either wanted to use it and those who needed to
use it, while the option of traditional education was still
available to other students and professors [14,15]. Currently, all
academic institutions are closed, and any learning is now only



being offered online, forcing those who preferred traditional
classroom classes to convert into online education [16].

To this end, due to the current pandemic period caused by
COVID-19, teaching, and learning at different academic levels
is now completely converted into online education. However,
students and academic instructors have some concerns regarding
the conversion to online learning [17-19]. The main issue is the
utilization of technology in a short time that some students and
instructors were not familiar with [20,21], such as individual’s
experience with the internet, workloads, as well as computer
experience [22]. In addition to the unfamiliarity with
technology, there also lies the issue of the limitations that
technology already has [23]. Some courses require more than
only videos and real-time “conferences” with their professors
and require additional software such as language recognition
software to understand or learn the foreign language. Despite the
advancements of language recognition software, it is still
imperfect, affecting students’ ability to practice a foreign
language in pronunciation of vocabulary [24]. Finally, the
conversion of traditional classroom teaching to online teaching
procedures might create some hurdles for students and
instructors, most notably those who are not familiar with newer
technology and have difficulty comprehending newer methods
[25].

A plethora of studies in the field of higher education have
employed various methods to evaluate the data such as ordered
logit or ordered probit models, multinomial logit model, latent
class clustering model, support vector machines, decision trees
and so on. The various decision trees like single tree, bagging,
boosting, and random forest have been used in recent studies
because of their benefits like the outputs are easy to read and
interpret, take less effort for data preparation, less data cleaning
required, etc. Therefore, to obtain more precise and accurate
inferences, the current study employed the popular decision tree
techniques which involve bagging, boosting, and random forest.

Given this context, determining the students' preferred
learning patterns and adjusting the teaching plans accordingly
for traditional classroom learning under typical situations and
the forced virtual teaching in the quarantine period could
enhance the quality of education. In this regard, the main
objective of this study is to evaluate the influential factors of
students' preferred teaching mode under normal situations and
the forced virtual teaching circumstances. The data used in this
study were based on a questionnaire survey gathered from the
civil engineering department of California State Polytechnic
University, Pomona. This paper adopted three distinct tree-
based methods to analyze the data: bagging, boosting, and
random forest. It is expected that this study will provide crucial
insights regarding the pedagogical strategies on the possible
adjustment of learning mode.

II. DATA DESCRIPTION

To conduct the analysis, this study performed the survey
based on students’ preferred study mode in the department of
civil engineering of California State Polytechnic University,
Pomona (CPP) in 2020. The impacts of COVID-19 forced the
entire curriculum to be converted into online learning. The civil
engineering department of CPP is committed to providing

quality education, so they invited students to provide feedback
regarding the forced online environment for better virtual
instruction. A total of 337 students participated in providing
their opinions based on the given 18 multiple choice questions,
as shown in Table 1. The questionnaire was divided into four
parts: admission information, activity information, FE exam
(Fundamentals of Engineering Examination) planning, and
preferred teaching mode. Each question was treated as a
variable in the model development. Furthermore, the variable
‘Preferred online teaching mode’ is further divided into
‘Synchronous’ that represents scheduled and live virtual
engagements with students such as zoom meetings and
‘Asynchronous’, representing pre-recorded lectures such as
watching YouTube videos. The details of the 18 questions and
their responses are shown in Table 1.

This study conducted a correlation analysis using Principal
Component Analysis (PCA) to obtain more precise and
accurate results. In this study, PCA helps to reduce the
dimensionality of the dataset to two dimensions (Dim 1 and
Dim 2) to show the variation in the data. As shown in Fig. 1,
the x-axis (Dim 1, 9.5%) and y-axis (Dim 2, 6.1%) in the plot
represent the proportion of variation. The distance from the
origin can interpret the contribution (or influence) of the
variables. The small distance from the origin represents low
contribution and vice versa. It can be seen in Fig.1 that the
variables are not overlapping or closely grouped. This
demonstrates that the covariates used in the analysis do not
correlate with each other.

III. METHODOLOGY

This study used machine learning techniques to develop
various tree-based models to analyze influential factors
regarding students' preferred teaching mode and online teaching
mode. Recently, a large number of studies have employed such
techniques in the field of higher education due to its enormous
benefits, which include the identification of trends and pattern
with ease, less time consumption, capable of handling multi-
dimensional and multi-variety data. To get the most accurate
results, methods including bagging, boosting, and random forest
were employed as alternatives to determine the optimal
technique. The details of each method are provided as follows.

A. Bagging

Bagging, also known as bootstrap aggregation, an ensemble
learning used to reduce the variance of a single tree and enhance
the model performance and stability [26,27]. Bagging can
randomly produce bootstrap samples from the training set with
replacement. It develops independent models for each sample
and averages the resulting predictions to decrease the variance
of results and improve model performance. Given the data used
in this study, the number of bootstrap samples was set to 500.
The model randomly generated 500 samples from the training
set to develop 500 simple trees with 16 distinct predictors
(variable a~p from Table 1). This model can produce B samples
from the training set, then develop a single decision tree for the
bth sample to get the resulting prediction f*(*b) (x), and finally
average all the predictions of B samples to reduce the variance,
given by Equation 1 [28]:



foag®) = 251 2 () (1)

Where fbag (x) refers to the predicted outcome of the model,

B is the total number of training sets the model produced, and

f*b is the outcome of each training set.

seminars attendance.

Table L Descriptive Statistics for Variables
Variable Description Details of categories (frequency, percentage)
. . 1-Freshman (24, 7.12%); 2-Sophomore (36, 10.68%); 3-Junior (88,
Academic Academic level 26.11%); 4-Senior (170, 50.46%); 5-Graduate (19, 5.6%)
1-Held one or more offices (81, 24.04%); 2- Actively involved neve
o r held and office (56, 16.62%); 3- Regularly attended meetings not a
Clubs Clubs or organizations attendance. ctive (34, 10.09%); 4-Occasionally attended meetings (71, 21.07%);
5- Little or none (95, 28.19%)
ASCE_Conf Pacific Southwest Regional ASCE Student 1-Yes (63, 18.69%): 2-No (274, 81.31%)
Conferences attendance.
Stu_Conf Student-led professional conferences or

1-Yes (86 ,25.52%); 2-No (251, 74.48%)

Meeting_Atte

Professional society chapter meetings in
the local area attendance.

1-Yes (64, 18.99%); 2-No (273, 81.31%)

Non-Stu_Conf

Non-student led professional conferences
or seminars attendance.

1-Yes (86, 25.52%); 2-No (251, 74.48%)

Posters_Conf

Papers or posters at a non-student led
professional conferences or seminars
attendance.

1-Yes (31, 9.20%); 2-No (306, 90.80%)

Job_Summer

Full-time summer engineering job or

- 9): 2- o
internship. 1-Yes (100, 29.67%); 2-No (237, 70.33%)
Job_Engg Part-time engineering job or internship. 1-Yes (106, 31.45%); 2-No (231, 68.55%)
Jog;llzzn- Part-time non-engineering job. 1-Yes (76, 22.55%); 2-No (261, 77.45%)

Research_CPP

The student research program at Cal Poly

1-Yes (27, 8.01%); 2-No (310, 91.99%)
Pomona.
Research Uni | | student rescarch program at another 1-Yes (6, 1.78%); 2-No (331, 98.22%)
university.
1- 10 hours or less (132,39.17%); 2- 11 to 20 hours (116, 34.42%); 3
Empoly_W Weekly employed hours. - 21 to 30 hours (52,15.43%); 4- 30 or more hours (37, 10.98%)
1- 2 or 3 semesters before graduate (131, 38.87%); 2- More than 3
. semesters before graduate (15, 4.45%); 3- The semester of graduate
EIT_Plan EIT exam planning. (115, 34.12%); 4- After graduate (55, 16.32%): 5- Do plan to take
(21, 6.23%)
. . 1- None (123, 36.99%); 2- Once (162, 48.07%); 3- Twice (48,
EIT_Exp Expected times of taking EIT exam. 14.24%); 4-Three or more (4, 1.19%)
1- Another exam (2, 0.59%); 2- Not applicable (259, 76.85%); 3-
EIT_After Exam after EIT. Civil engineering exam (69,20.47%); 4- The general exam (7,
2.08%)
- 1 0, o N 1 1 1
Class_ Mode Preferred classroom teaching mode. 1- Online (49, 14.54%); 2 ;Fgalgoa/l)classroom instruction (288,
B 0

Online_Mode

Preferred online teaching mode.

1- Synchronous (207, 61.42%); 2- Asynchronous (130, 38.58%)
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Fig. 1 Correlation Plot of Variables in terms of Principal Component Analysis

B. Boosting

Boosting is an ensemble learning method for reducing bias
[29]. Compared with bagging, boosting turns to improve the
model performance by training a series of weak models, each
of which makes up the deficiency of its predecessor. The
boosting algorithm for making predictions can be expressed by
the following equation [30]:

fG) = X517 () 2)

Where B represents the number of single trees, which is
determined by a cross-validation process to ensure overfitting
issues, for this study, B was set to be 5000. The shrinkage factor
(A) controls the rate at which boosting learns. To fit a more
accurate resulting prediction, the number of trees (B) needs to
be larger, corresponding to a smaller A. Finally, b represents the
ordinal number of the current boosting tree.

C. Random Forest

Random forest [31] is a special case of bagging in ensemble
learning [32]. The key difference between random forest and
bagging is through the decorrelation of trees in which random
forest chooses only a part of the predictor (variable a~p from
Table 1) for each sample. Therefore, instead of generating the
total number of trees, random forest generates trees by being
forced to use other predictors. Thus, decorrelating each tree and
making its predictions more accurate. The number of predictors
for the random forest decision models applied equation 2 [30]:

m= \/p 3)

Where P represents the number of total predictors from the
original data, which is variable a top. Considering the data used
in this study, m is the predictor of each random sample applied

in the random forest method. The major difference between the
bagging method and the random forest is applying the number
of predictors m, which leads to a reduction in test error and better
model performance over bagging.

Under the random forest method, mean decrease Gini
(MDGQG) is a significant criterion to measure the relative
importance among all variables. The Gini index is defined by:

G = Yk=1Pmic(1 = Pri) (4)

Which is a measure of total variance across the K classes.
Where p~ mk represents the proportion of training observations
in the mth region that are from the kth class [30]. The mean
decrease in the Gini index illustrates how much the Gini index
will decrease if the current variable is removed.

IV. RESULTS

As previously mentioned, the primary goal of this study is to
investigate the influential factors affecting the students’ choice
of study mode in typical situations where traditional classroom
education is involved and in quarantine periods where classroom
learning is forcibly converted to online classes. The present
study conducted two different analyses to obtain precise results:
(1) online vs. traditional classroom learning, (2) synchronous vs.
asynchronous learning. Three distinct techniques, including
bagging, boosting, and random forest, were employed to analyze
the data and get detailed inferences from different aspects using
the statistical software ‘R.” A detailed description of the results
is provided in the below sections.



A. Online vs. Traditional Classroom learning

The first analysis was performed to determine the students’
preferred study mode for traditional classroom teaching in
normal situations and online instruction in quarantine periods.
According to the survey, out of 337 students, only 49 students
chose online education, and the remaining students (288)
preferred typical classroom instruction. This indicates that a
large number of students prefer to attend traditional classroom
lectures than online learning. However, it is crucial to
investigate the significant variables that play a pivotal role in
selecting preferred learning mode. Determining the significant
variables will help the academic professionals and researchers
to focus on such important issues, which will enhance the
students’ learning. In this regard, variable importance ranking
was performed by employing the random forest metric.

A.1. Ranking of Variable Importance

Fig. 2 illustrates the ranking of variable importance of MDA
and MDG, which affects the students’ choice of learning mode.
The horizontal dot chart shown in Fig. 2 represents the
importance of the variable, where the longer the horizontal dot
illustrates, the higher importance and vice-versa. As shown in
the figure below, the variable ‘Clubs’ (clubs or organizations
attendance) was observed to have the highest statistically
significant impact on the students’ preferred learning mode for
MDG. The variable ‘EIT_After’ (EIT after exam) appeared to
be the most influential variable to affect the students’ choice of
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learning mode for MDA. Other variables such as ‘Employ W’
(weekly employed hours), ‘Academic’ (academic level), and
‘EIT _Exp’ (expected timed of taking EIT exam) impact the
students’ selection of learning mode. Interestingly, the
variables ‘Stu Conf’ (the student attendance in Conference)
was observed to have the lowest effect on student’s preferred
learning styles for both MDA and MDG.

For comparison, both the Mean Decrease Accuracy (MDA)
and MDG are shown in Figure 2. The vertical scale represents
the different variables outlined in Table I while horizontal scale
determines the value being represented on both graphs
presented. Upon closer inspection, several interesting points of
interest appear. For starters, several variables including
“Stu_Conf”, “ASCE_Conf”’, “EIT Exp”, “Non-Stu Conf”,
“Employ W”, “Job_Summer”, and “Posters Conf’ are
considered unimportant in the model’s prediction capabilities.
Inversely, variable “Research_Uni” is regarded as the most
important predicting variable according to the Mean Decrease
Accuracy, followed by “EIT_Plan”. MDG shows some similar
results. The variable “EIT Plan” is considered the most
significant variable, which agrees with the MDA, and the
variable “Clubs” is highly significant.

A.2. Model Accuracy Comparison

Boosting shows the highest accuracy with 84.61%, slightly
larger than random forest 84.02%. Bagging trees with a model
accuracy of 79.29% illustrates the lowest accuracy.
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Fig. 2 Plot of (a) Mean Decrease Accuracy (MDA) (b) Mean Decrease Gini (MDG) for variable importance ranking of Traditional vs. Online learning mode



B. Synchronous vs. Asynchronous learning mode

The second analysis was conducted to determine the
students’ preferred study mode between asynchronous and
synchronous learning modes. The synchronous online teaching
is scheduled, live virtual engagements with students, zoom
meetings with professors, and asynchronous online instruction
is pre-recorded lectures, such as watching YouTube videos. The
survey conducted by the civil engineering department of Cal
Poly Pomona reveals that out of 49 students that preferred online
classes, 37 students selected synchronous courses and the
remaining 12 students choose asynchronous learning mode. This
shows that the majority of students prefer asynchronous learning
style to asynchronous instruction. This study investigates the
influential variables impacting the selection of preferred
learning mode. With that said, random forest was used to
perform the variable importance ranking.

A.1. Ranking of Variable Importance

As shown in Fig. 3, the variable importance ranking for
synchronous vs. asynchronous learning style was performed
using random forest (MDA and MDG). Interestingly, the first
five variable importance ranking for synchronous vs.
asynchronous learning style was the same as the variable
importance ranking for traditional vs. online instruction. The
variable ‘Clubs’ (clubs or organization attendance) appeared to
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Research_Uni o

Clubs o
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EIT_Exp °
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MeanDecreaseAccuracy

have the highest impact on students’ selection of learning mode,
and ‘Research Uni’ (the student research program at another
university) was observed to be the lowest influential variable
that affected the students’ choice of instruction for MDG.

Fig. 3 shows both the MDA and MDG for comparison
purposes. Looking at Fig. 3, it is apparent that several variables
are unimportant according to the MDA, including: “Clubs”,
“Job_Engg”, “Academic”, “Non-Stu_Conf”, “Meeting_Atte”,
“Posters_Conf”, “ASCE_Conf”, “Research_Uni”,
“Job_Summer”, and “Stu_Conf”. Inversely, the variables
“Employ W” and “EIT Exp” are considered the most
important predicting variables. The MDG shows some similar
results in which the variable “Employ W” is regarded as the
most significant variable, which agrees with the MDA, and the
variables “EIT_Plan” and “Clubs” are highly significant, which
concurs with Fig. 3.

When comparing the results of the variable importance
ranking of Fig. 2 and Fig. 3, the top 5 most important variables:
“Clubs”, “EIT_Plan”, “Employ W”, “Academic”, and
“EIT_Plan” are the same. The same can be said about the
bottom four variables: “Research Uni”, “Research CPP”,
“Posters_Conf” and “Meeting_Atte”. These variables should be
looked at in finer details to find more potentially critical
relations with online teaching and its forms.
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Fig. 3 Plot of (a) Mean Decrease Accuracy (MDA) (b) Mean Decrease Gini (MDG) for variable importance ranking of Synchronous vs Asynchronous learning
mode.

A.2. Model Accuracy Comparison
In the second analysis, the random forest shows the highest
model accuracy (59.17 %). The bagging model accuracy (56.80
%) is moderately higher than boosting (54.43 %) by 2.37 %.
Overall, the accuracy of all the techniques are higher with
slightly different among each other.

V. CONCLUSIONS

The main objective of this study was to explore influential
factors of student's preferred study mode in a different situation.
The data used in this study were collected from the civil
engineering department of CPP. Three hundred thirty-seven



effective observations were used to carry out modeling
analysis. Three distinct metrics were employed in this study,
which includes bagging, boosting, and random forest. Two
different analyses were performed to determine the influential
variables of students’ preferred learning mode: (1) traditional
classroom teaching in typical situations and online teaching in
quarantine periods, (2) Synchronous vs. Asynchronous
instruction. Building upon the results, the following
conclusions were drawn as follows:

e The variable importance ranking for traditional vs.
online classes and synchronous vs. asynchronous
instruction illustrates the clubs or organization
attendance is one of the most influential variables
regarding students’ preferred teaching mode. This
finding demonstrates that participating in clubs or
organizations more frequently leads the students to be
more willing to take typical classroom instruction.

e Based on the second analysis, the variable ‘clubs and
organization attendance’ is the most influential
variable regarding students’ preference of online
teaching mode, as displayed in Fig. 3. It suggests that
the participation of students in clubs and organizations
influence the students to interact with instructors or
classmates, that makes them to choose synchronous
online teaching.

e The boosting shows a higher level of accuracy
(84.61%) than random forest and bagging in the first
analysis. The random forest illustrates the highest
accuracy, 59.17%, compared to other metrics in the
second analysis.

It is expected that the above findings will be helpful to
academic professionals in designing online and classroom
teaching. However, this paper needs some caveats. The results
may not hold true when data from other sources or countries
were used. Second, the present study employed tree-based
techniques to perform the analysis. Future studies are
recommended to utilized alternative metrics that might lead to
different results. Third, random forest metric was used to
perform the variable importance ranking. The implementation
of other variable selection methods like backward or forward
selection, principal component analysis, recursive partitioning,
or auto-encoder could provide different response variables for
model development.
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