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Abstract

The COVID-19 pandemic has exposed public health
management to new challenges. Most importantly, there is a
need to assess risk and deploy limited resources quickly in
response to emerging disease outbreaks. Previous research
has shown that self-reported survey data can accurately
predict infection risks. However, even this can be slow and
cumbersome to implement. Herein, we explored a new
approach. We collected risk assessment survey data from
1,266 members of the Chiang Mai University community.
We found that students were generally at a higher risk of
developing COVID-19 than faculty members. However,
we were interested in knowing whether this difference
was due to heterogeneous risk profiles or whether students
and faculty exhibited systematic risk profiles that were
largely homogeneous within each group. To assess this, we
trained machine learning models to classify participants as
students or faculty group members. This model achieved
an accuracy of 95% in a test data set, confirming its ability
to categorize group membership and suggesting that risk
profiles must have been relatively homogenous within
each group. This result suggests that public health decision
makers can confidently make decisions to deploy resources
to help large societal groups based on survey data collected
from relatively small samples.

Keywords: Predictive analysis, COVID-19 risk, Machine
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1 Introduction

The COVID-19 pandemic has presented new
challenges for the effective management of public health.
In order to prevent the spread of disease, there are many
basic preventative measures that can be taken (e.g., regular
hand washing and wearing a face mask in public) that have
been proven effective. There are also a number of risk

behaviors (e.g., travel, indoor socializing) that have been
found to increase disease transmission. Screening potential
patients for these risk behaviors has led to more accurate
predictions of positivity for Sars-Cov-2, the virus which
causes COVID-19 [1-4].

The ability to categorize individuals into low or high-
risk groups based on easily-collected survey data has
made it possible to use limited healthcare resources in an
efficient manner. For example, PCR testing can be targeted
among members of high-risk groups to find asymptomatic
cases even when testing resources are limited [1]. Risk
assessment can also help assess compliance with public
health policies and guidelines [4].

However, even relatively simple survey data can be
difficult to collect from large populations in a timely
manner. When disease outbreaks strike, it is critical that
resources be directed effectively and quickly without
the need to wait for large data sets to be collected. The
application of information systems and modern data
analytics for public health data management can play a
vital role in informing fast and accurate decision making
[5].

One question would be whether individuals within
societal groups have consistent risk profiles. If this is the
case, then it would allow public health workers to assign
risk levels to large segments of the population based
on relatively small samples from different groups. For
example, do students have a uniform risk profile? If they
do, then public health measures concerning students could
be confidently decided without the need for exhaustive
population sampling.

To answer this question, we have developed a
COVID-19 related risk assessment method of surveying
a large number of people in the Chiang Mai University
(CMU) community. The survey assessed individual
adherence to COVID-19 prevention measures as well
as their engagement in COVID-19 risk behaviors. In
this study, we have proposed a machine learning-based
classification model using the collected data to promptly
classify the risk profile for individuals.
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2 Materials and Methods

2.1 Questionnaire Building

The behavior-related questionnaire for COVID-19
exposed risk was constructed based on the basic knowledge
pertaining to personal hygienic control as is shown in

Table 1. The results for the designed questionnaires were
scored based on Y/N type answers. Risk levels were
categorized into three levels based on the total scores: 0-13
as ‘low risk’, 14-27 as ‘moderate risk’, and 28-41 as ‘high
risk’. The questionnaires were evaluated using the content
validity index and Cronbach’s alpha coefficient, which
yielded results of 0.96, and 0.83, respectively.

Table 1. List of questionnaire items used for data gathering and machine-learning model building

Personal hygienic related risks

1) Contact with respiratory droplets within the past 14 days
2) Have participated in community activities or gatherings within the past 14 days
3) Have been in enclosed spaces, e.g., shopping malls, cinemas, classrooms, or auditoriums, within the past 14

days
4) Wearing a face mask at all times

5) Mask use while participating in activities and in community or public spaces, e.g., markets

6) Mask use in enclosed space, e.g., shopping malls, cinemas, classrooms, or auditoriums

7) Mask use while in the proximity of patients under investigation

8) Sharing items capable of disease transmission, i.e., microphones or public items, within the past 14 days

9) Handwashing or cleaning before eating or drinking

10) Handwashing or cleaning after eating or drinking
11) Handwashing or cleaning before using the toilet
12) Handwashing or cleaning after using the toilet

13) Hand cleaning with alcohol (gel or spray) after using the public toilet
14) Hand cleaning with alcohol (gel or spray) after touching public goods

15) Touching eyes, mouth, and nose with one’s hands

16) Using separate plates and glasses while having a meal with others

17) Consuming undercooked or raw flesh
18) Visiting live animal markets

19) Touching dead animals without wearing gloves and handwashing afterwards
20) Sharing personal items, i.e., handkerchiefs, water glasses, or towels

21) Maintaining a warm body temperature
22) Exercising regularly
23) Sleeping > 6 hours a night

History behavior related to COVID-19 exposed risk

24) Travel or transit to high-risk countries within the past 14 days

25) Living among people who have traveled abroad

26) Having used domestic transportation services, such as airplanes, trains, public buses, public vans, the sky-train
(BTS), or the metro (MRT) within the past 14 days

27) Working in the field of health sciences or serving as medical personnel having contact with patients

28) Teaching, studying, or researching with foreigners

29) Working with or participating in activities with groups of people

30) Contact with health science workers, medical personnel, tour guides, merchandisers, foreigners, or groups of

people

31) Sneezing or having experienced a fever, runny nose, or difficulty breathing within the past 14 days

2.2 Data Collection

The cross-sectional survey was distributed among
the population of Chiang Mai University (CMU). The
participants were divided into two groups and defined as:
faculty staff members (N=606) and students (N=650).
Random convenience sampling was used to collect as
much sample data as possible. All methods were approved
by the CMU Institutional Review Board (IRB number
ET021/2020 and ET022/2020). Each record retrieved from

the database was put through a de-identification step before
proceeding to the data analysis step.

2.3 Data Analysis

Students and Faculty were compared on an item-by-
item basis using chi-squared and independent sample
t-tests as appropriate. Data were analyzed using IBM SPSS
Statistics Software [6].

In addition, a multivariate neural network model was
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developed using Rapid Miner [7]. Rapid Miner is a data
science software platform that provides an integrated
environment for data preparation and predictive analysis.
All survey items were submitted as input variables to
Rapid Miner. Student vs. faculty group membership was
considered the target output variable.

To do this, we constructed a neural network model
with six hidden nodes comprised of a single hidden layer.
Each of the 33 survey items shown in Table 3 and Table
4 were linked to all six of the hidden nodes by a weight
value, resulting in 198 weights. There were no connections
between nodes. The resulting six node values were
aggregated to yield a single prediction of student or faculty
via an unweighted mean value that passed through a
logistic regression function. The 198 weights, plus the two
parameters of the logistic regression, were fit using Rapid
Miner Studio.

To assess the model’s output, we determined the
correlation between each of the survey items individually
and the model’s predictions. Further, we checked for model
stability using 10-fold validation. In each fold, 10% of the
data were held out and the model’s fit was recalculated.

Furthermore, 20% of the data were not included in
the process of fitting the model. The fitted model was
challenged with this test data set. The primary metric of
model performance was accuracy at classifying test data
points as either students or faculty members.

3 Results

3.1 Data Exploratory

The participants were comprised of 1,266 individuals
(650 students; 616 faculty members). Demographic data
are reported in Table 2. Unsurprisingly, faculty tended to
be older (mean age = 38.91) than students (mean age =
22.8). Groups were then similarly divided in terms of sex
and field of study.

Table 2. Comparison of demographic data between
students and faculty members

Participant Student faculty
demographics (n=650) (n=616)
Number % Number %
Sex
Female 453 69.7 415 67.4
Male 197 30.3 201 32.6
Age
<20 years old 230 354 1 0.2
21-30 years old 370 56.9 156 253
31-40 years old 43 6.6 214 34.7
41-50 years old 6 0.9 151 24.5
51-60 years old 1 0.2 88 14.3
> 60 years old 0 0.0 6 1.0
Field of study
Health sciences 99 15.2 127 20.6
Non-health 551 84.8 489 79.4
sciences

We classified COVID-19 prevention and risk behaviors
into two broad categories: history and behaviors. History
items addressed things like travel and activities engaged
in within the recent past. Behavior items addressed daily
habits like mask wearing and hand washing.

We found that there were many differences between
students and faculty members in terms of history. For
example, faculty members were more likely to have
traveled to high-risk countries within the past 14 days,
but students were more likely to have been on public
transportation. Faculty members were also more likely to
work with patients, but students were more likely to take
part in activities with groups. Finally, students were more
likely to have exhibited symptoms of respiratory illness
within the last two weeks, as is shown in Table 3.

Table 3. Comparison of history behavior between students and faculty members as related to COVID-19 exposed risk

factors
Students Faculty P-value
History behavior related to COVID-19 exposed risk (n=650) (n=616)
Number %  Number %
1) Travel or transit to high-risk countries within the past 14 days 6 0.9 15 2.4 0.035
2) Living among people who have traveled abroad 9 1.4 15 24 0.171
3) Having used domestic transportation services, such as air- 145 22.3 94 15.3 0.001
planes, trains, public buses, public vans, the sky-train (BTS), or
the metro (MRT) within the past 14 days
4) Working in the field of health sciences as medical personnel or 99 15.2 127 20.6 0.012
having contact with patients
5) Teaching, studying, or researching with foreigners 59 9.1 63 10.2 0.488
6) Working or participating in activities with a group of people 363 55.8 305 49.5 0.024
7) Contact with health science workers, medical personnel, tour 223 343 231 37.5 0.237
guides, merchandisers, foreigners, or groups of people
8) Sneezing or having experienced a fever, runny nose, or difficul- 245 37.7 106 17.2 <0.001

ty breathing within the past 14 days
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There were also many differences between students
and faculty members in terms of their daily behaviors. For
example, students engaged in more sharing of personal
items, but faculty were more likely to touch their faces.
Perhaps this was because faculty also reported a lower
prevalence of facemask wearing. Faculty did report more

hand washing than students, got regular exercise more
often, and slept more, as is shown in Table 4.

We also found differences in the overall risk profiles of
students and faculty members, as shown in Table 5. While
personal hygiene risks were similar between the groups,
students reported significantly higher exposure-related

risks than faculty members.

Table 4. Personal hygienic related risk data gathered from the survey distributed amongst students and faculty members

Students Faculty staffs P-value
Personal hygienic related risks (n=650) (n=616)
Number %  Number %
1) Contact with respiratory droplets within the past 14 days 114 17.5 72 11.7 0.003
2) Having participated in community activities or having gathered 334 514 308 50.0 0.622
in public places within the past 14 days
3) Having been in enclosed spaces, e.g., shopping malls, cinemas, 498 76.6 416 67.5 <0.001
classrooms, or auditoriums, within the past 14 days
4) Wearing face masks at all times 434 66.8 367 59.6 0.008
5) Mask use while participating in community activities or when 598 92.0 566 91.9 0.939
visiting public spaces, e.g., markets
6) Mask use in enclosed spaces, e.g., shopping malls, cinemas, 565 86.9 551 89.4 0.165
classrooms, or auditoriums
7) Mask use while in the close proximity of patients under investi- 627 96.5 590 95.8 0.529
gation
8) Sharing items capable of disease transmission, i.e., microphones 195 30.0 222 36.0 0.022
or other public items within the past 14 days
9) Handwashing or cleaning before eating or drinking 572 88.0 573 93.0 0.002
10) Handwashing or cleaning after eating or drinking 505 77.7 548 89.0 <0.001
11) Handwashing or cleaning before using the toilet 261 40.2 307 49.8 0.001
12) Handwashing or cleaning after using the toilet 629 96.8 606 98.4 0.064
13) Hand cleaning with alcohol (gel or spray) after using the public 567 87.2 528 85.7 0.430
toilet
14) Hand cleaning with alcohol (gel or spray) after touching public 519 79.8 494 80.2 0.877
goods
15) Touching one’s eyes, mouth, and nose with hands 120 18.5 214 34.7 <0.001
16) Using separate plates and glasses while having meals with others 493 75.8 485 78.7 0.221
17) Consuming undercooked or raw flesh 64 9.8 112 18.2 <0.001
18) Visiting live animal markets 32 4.9 38 6.2 0.332
19) Touching dead animals without wearing gloves and handwash- 12 1.8 25 4.1 0.020
ing afterwards
20) Sharing personal items, i.e., handkerchiefs, water glasses, or 82 12.6 59 9.6 0.086
towels
21) Maintaining a warm body temperature 587 90.3 576 93.5 0.037
22) Exercising regularly 132 20.3 218 35.4 <0.001
23) Sleeping > 6 hours 480 73.8 510 82.8 <(.001
Table 5. Average risk scores between students and faculty staff members
Students Faculty staff
Risk score (n=650) (n=616) P-value
Mean Standard Mean Standard
deviation deviation
Personal hygienic related risks 2.38 2.002 2.28 2.176 0.429
History behavior related to COVID-19 exposed risk 7.60 3.085 6.92 3.174 <0.001
All cause risks 9.96 4.037 9.21 4.186 0.001




Machine Learning-based Classification of COVID-19 Preventive Behaviors Among University Staff and Students in Chiang Mai, Thailand 917

3.2 Model Development

The health data set consisted of 1,266 participants,
each of which contained 33 features. Feature values were
taken from 33 questionnaires. The participant data are
categorized and divided according to the score levels
obtained from answering the questionnaire as follows:
1,050 participants belonged to the ‘Low’ class; 215
participants belonged to the ‘Medium’ class; 1 example
was in the ‘High’ class. The dataset was split into two parts
for training and testing using a 70/30 ratio basis.

The neural network structure was set up. In the input
layer, the features are retrieved from 33 items in the
questionnaire. Accordingly, there were two hidden layers.
The first layer contained 64 hidden neurons, while the
second contained 32 hidden neurons. This neural network

Sigmoid o(z) =

J o(2)),

Question1 | X1

A
N s

construct used the Activation Function Sigmoid and
used 20%-dropout for both hidden layers. In the output
layer, the SoftMax function was used to establish the
probabilities of each feature. The three classes were ‘Low’,
‘Medium’, and ‘High’, where the predicted class label was
the class with the highest probability, as is shown in Figure
1.

With regard to the artificial neural network, we
compared the prediction performance with four other
standard machine learning models including: K-nearest
neighbor (K-NN), Decision tree, Gaussian Naive Bays, and
Support Vector Machine. The prediction results are shown
in Table 6 below and are presented as a confusion matrix
table.

-E

Question 2 e “\\ll () A‘\?/‘L z v e s P(Low)
SRR
' ')‘:"’\‘ e - dg |—» P(Medium)
Question 3 e .&‘A\ o(z 4/"‘[‘\"‘\_ 7z 2
VQ‘\,‘"‘* > P(High)
VNN /;»e it
: : "’ AX ‘h 4\‘ / -
,\\\ db q% Class label = arg max P;
Question 33 i
Input layer Hidden layer 1 Hidden layer 2 Output layer
Figure 1. Neural network structure diagram
Table 6. Confusion matrix from each machine learning model
Low Medium High
Low 323 1 0
K-NN Medium 35 21 0
High 0 1 0
Low 296 28 0
Decision Tree Medium 30 26 0
High 0 0 1
Low 296 28 0
Gaussian Naive Bays Medium 17 39 0
High 0 0 1
Low 322 2 0
Support Vector Machine Medium 14 42 0
High 0 1 1
Low 317 7 0
Artificial Neural Network Medium 12 44 0
High 0 0 1
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Table 7. Model performances for each prediction class categorized by a machine learning model

Sensitivity Specificity
Model Prediction True False False True Accuracy

class positive rate  negative rate  positive rate  negative rate
Low 1.00 0.00 0.61 0.39 0.91
Egﬁfi; Medium 0.38 0.63 0.01 0.99 0.90
High 0.00 1.00 0.00 1.00 1.00
Low 0.91 0.09 0.53 0.47 0.85
Decision Tree Medium 0.46 0.54 0.09 0.91 0.85
High 1.00 0.00 0.00 1.00 1.00
. . Low 0.91 0.09 0.30 0.70 0.88
g:‘yl:‘an Naive Medium 0.70 0.30 0.09 0.91 0.88
High 1.00 0.00 0.00 1.00 1.00
Low 0.99 0.01 0.24 0.76 0.96
;}lfcphoigevecmr Medium 0.75 0.25 0.01 0.99 0.96
High 0.50 0.50 0.00 1.00 1.00
. Low 0.98 0.02 0.21 0.79 0.95
g?tlvf;z‘ri' Neural Medium 0.79 0.21 0.02 0.98 0.95
High 1.00 0.00 0.00 1.00 1.00

As is shown in Table 7, the prediction performance
of the support vector machine and the artificial neural
network outperformed other machine learning models.
However, the artificial neural network model exhibited
better performance for predicting a ‘high risk’ level as well
as for giving a lower false positive rate when compared
with the support vector machine.

4 Discussion

Students exhibited a higher overall risk score than
faculty members. This was primarily driven by risk
behaviors rather than histories. Specifically, students were
more likely to wash their hands less, exercise less, and get
less sleep. By contrast, faculty members also exhibited
some risk behaviors that were not present in students. For
example, faculty members were more likely to interact
with patients in a medical setting.

The variabilities for risk histories and behaviors were
complex and difficult to capture. Although students were
associated with higher overall risks than faculty members,
there was no clear driver for this effect. Nevertheless, it
has been shown previously that combined index scores
derived from survey data, such as those presented here, can
accurately predict the likelihood of a COVID-19 diagnosis
[1]. Thus, we predict that the CMU student population
can be expected to have a higher risk of COVID-19
diagnosis than the faculty population. Indeed, since the
period of the data collection reported on here, Thailand has
experienced an unfortunate and fast-moving COVID-19
outbreak. CMU has carefully monitored the situation in
its internal population. However, the statistics reported
by the university have not been categorized according to
students and faculty members. This result largely echoes
the findings of previous research work demonstrating the
viability of risk assessment via self-report surveys [3-4,
8-11].

When an outbreak strikes, it is often not feasible to
survey entire populations. For example, in the present
study, surveying 3.5% of the CMU population required two
passes. Surveying the entire population fast enough to meet
public health decision making needs would not have been
feasible. To address this issue, we wanted to know if it was
possible to predict risk behaviors based on societal group
membership. To do this, we developed a neural network
model using a widely available and user-friendly GUI-
based application, RapidMiner. We found that the model
was able to predict student/faculty group membership in
a test data set with 96% accuracy, which is well above the
chance rate of 50%. Thus, public health decision makers
can make decisions about outbreak mitigation measures
and resource assignment using survey data collected
from limited samples of different societal groups. This
can be done with confidence that the risk profiles in even
relatively small samples (3.5% in our case) would be able
to be generalized for the overall population. Leveraging
this finding could dramatically speed up decision making
in the critical early stages of an outbreak.

For example, it has been shown that targeted
information campaigns can improve COVID-19 prevention
measures [8]. Making these initiatives more targeted could
be highly beneficial. It has also been found that some
societal groups do not have access to certain prevention
measures. Identifying these groups and helping them
address risks within their environment could slow the
spread of disease.

Interestingly, mask wearing was the most heavily
weighted input variable in our model. This is an
indication that mask wearing was the most common
difference between students and faculty. Complicating
the interpretation of this variable, faculty members
wore masks less often than students. Although students
exhibited a higher overall degree of risk and a higher
number of COVID-19 infections, based solely on mask
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wearing, faculty were at a greater risk. This demonstrates
that risk indices, which aggregate profiles of risk behaviors
and histories, may be more effective than singular risk
factors at predicting COVID-19 infection. Thus, even
though mask wearing has been found to be one of the most
important mitigation measures that an individual can take,
it is not necessarily monolithic [12].

The main limitation of this study was that we were
not able to test participants for COVID-19 to directly
assess empirical risks. The main reason for this limitation
was that at the time of data collection, there were very
few COVID-19 cases in Chiang Mai. Future studies that
combine risk assessment with an empirical measurement
of COVID-19 test positivity should test whether risk
profiling, as explored here, can help to effectively identify
at risk groups and individuals.
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