IEEE Access

Multidisciplinary  Rapid Review : Open Access Journal

Received 5 May 2022, accepted 27 June 2022, date of publication 30 June 2022, date of current version 8 July 2022.

Digital Object Identifier 10.1109/ACCESS.2022.3187564

==l APPLIED RESEARCH

Machine Learning Models for Predicting
Financially Vigilant Low-Income Households

RATHIMALA KANNAN™1, (Senior Member, IEEE), KHOR WOON SHING 2,
KANNAN RAMAKRISHNANS3, (Senior Member, IEEE), HWAY BOON ONG*,
AND ANDRY ALAMSYAH?, (Member, IEEE)

! Department of Information Technology, Faculty of Management, Multimedia University, Cyberjaya, Selangor 63100, Malaysia
2Faculty of Management, Multimedia University, Cyberjaya, Selangor 63100, Malaysia

3Faculty of Computing and Informatics, Multimedia University, Cyberjaya, Selangor 63100, Malaysia

“Department of Economics, Faculty of Management, Multimedia University, Cyberjaya, Selangor 63100, Malaysia

5School of Economics and Business, Telkom University, Bandung, West Java 40257, Indonesia

Corresponding author: Rathimala Kannan (rathimala.kannan @ieee.org)

ABSTRACT The COVID-19 pandemic has adversely affected households’ lives in terms of social and
economic factors across the world. The Malaysian government has devised a number of stimulus packages
to combat the pandemic’s effects. Stimulus packages would be insufficient to alleviate household financial
burdens if they did not target those most affected by lockdowns. As a result, assessing household financial
vigilance in the case of crisis like the COVID-19 pandemic is crucial. This study aimed to develop machine
learning models for predicting and profiling financially vigilant households. The Special Survey on the
Economic Effects of Covid-19 and Individual Round 1 provided secondary data for this study. As a
research methodology, a cross-industry standard process for data mining is followed. Five machine learning
algorithms were used to build predictive models. Among all, Gradient Boosted Tree was identified as the
best predictive model based on F-score measure. The findings showed machine learning approach can
provide a robust model to predict households’ financial vigilances, and this information might be used
to build appropriate and effective economic stimulus packages in the future. Researchers, academics and
policymakers in the field of household finance can use these recommendations to help them leverage machine
learning.

INDEX TERMS Economic stimulus packages, financial vigilance, low-income households, machine
learning, prediction.

I. INTRODUCTION
The COVID-19 pandemic had triggered a global health crisis
and caused many countries to implement lockdowns that
disrupted economic activities worldwide [1]. Economic lock-
downs will cause an income shock, especially in low income
households [2]. Low income households do not have suffi-
cient excess income to save. Therefore, when they lose their
source of income, they will not be able to pay for their daily
essentials such as food and shelter.

The Malaysian government allocated several economic
stimulus packages to ease the financial burden of low income
households [3]. However, the problem with the government’s
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stimulus packages is its lack of focus to accurately target the
households impacted by the COVID-19 pandemic [4]. The
COVID-19 pandemic had affected low-income households
as well as those in the M40 and T20. Take for instance,
the aviation industry. Many pilots, cabin and ground crew,
were laid off due to travel restrictions and closed borders.
These households were previously not in the B40 category,
but they had lost their source of income. Many households in
the tourism related industry also faced a similar fate. Without
any source of income, it is difficult to be financially vigilant
during these trying times of the pandemic.

The Department of Statistics Malaysia (DOSM) con-
ducted two special surveys to understand how the pan-
demic affected Malaysian households. The first survey was
conducted between 23rd and 31st March 2020 prior to
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implementing the movement control order (MCO) and
received 168,145 responses. The survey consists of the
respondents’ feedback based on their opinions on economics,
employment, and spending patterns. The second survey
was conducted between 10th to 24th April 2020, after the
first MCO, and received 41,386 responses. These two survey
data were made open to the researchers [5] and hence this
study is motivated to extract the insights further.

This paper aimed to apply data analytics and machine
learning techniques on the first survey data to extract insights
that would be helpful to gain a better understanding of
COVID-19 impacts on the financial vigilance of households
in Malaysia. More precisely, this research attempts develop
machine learning models for predicting financially vigilant
households in the face of the covid-19 pandemic. The out-
come from this study would be useful in determining the
impact of pandemic on households, as well as providing
machine learning models to predict households’ financial
vigilance and develop a future economic stimulus package.

Il. RESEARCH BACKGROUND
A. ECONOMIC STIMULUS
An economic stimulus is an economic policy tool put in place
by the government to cushion adverse economic effects and
help economic recovery. There are two types of economic
stimulus, namely, monetary stimulus and fiscal stimulus.
Monetary stimulus refers to the nation’s central bank’s pol-
icy tool directed at the domestic interest rate to influence
consumption and investment. For example, an expansionary
monetary policy is implemented during an economic down-
turn to reduce the cost of funds and encourage consumption.
Fiscal stimulus requires an increase in government spend-
ing to bring the economy out of the crisis by providing
incentives and tax rebates. Fiscal stimulus refers to the actions
of governments with lowering the tax rates, increase subsi-
dies and allowances to boost household spending [6]. Most
countries have implemented monetary and fiscal stimulus to
apprehend economic slowdown due to lockdowns during the
COVID-19 pandemic.

B. STIMULUS PACKAGES IN MALAYSIA
Without a source of income, many households would quickly
lose access to essential needs like food or housing [7]. In order
to lessen their financial burden, the Malaysian government
has created a series of stimulus packages. The stimulus pack-
age aims to help households and businesses to sustain eco-
nomic lockdowns [8]. The first stimulus package was aimed
to support the SMEs, tourism and hospitality sectors. It also
focused on promoting high value-added investments in both
the public and private sectors. The first stimulus package con-
sists of loan reschedule for businesses, RM?2 billion Special
Relief Facility for SMEs, service tax exemption for hotels
and tourism industry, special allowance to health workers, and
electricity bill discount of 15%.

The second stimulus package is named the Prihatin
Rakyat Economic Stimulus Package and implemented on
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27" March 2020. This stimulus package was created to sup-
port the M40 and B40 income groups in easing the financial
burden of households and individuals in a direct cash transfer
programme. The third stimulus package was released to sup-
port SMEs and was called the Prihatin SME Economic Stim-
ulus Package. This package was aimed to secure employees
from getting terminated, which otherwise will lead to job loss
and a high unemployment rate [5].

The COVID-19 Pandemic has highlighted the vital role
of digital technology, innovations, and services in allowing
government, companies, and society to work during crises.
In addition to ensuring stability and connectivity, digitalisa-
tion lays the groundwork for a more sustainable and inclu-
sive economic transition. COVID-19 recovery stimulus plans
have been tracked by the World Bank’s Digital Develop-
ment Global Practice worldwide, with a specific emphasis on
possible avenues for integrating digital ICT technology and
digital services as part of COVID recovery efforts [9].

C. DATA ANALYTICS AND MACHINE LEARNING

Most governments in industrialised nations have identified
using and enhancing information and communication tech-
nology to enhance public sector services (e-Government) as
a critical goal [8], [10]. Data analytics is an important part of
extracting hidden knowledge from data gathered from various
sources. It refers to the scientific methods, processes and
machine learning techniques used to extract huge databases.
The approaches analyse data in real-time to find non-linear
correlations and causal effects commonly hidden through-
out datasets [11]. Machine learning is ideally aligned with
the breadth of the next generation of government, Govern-
ment 3.0, which examines all-new options to address any dif-
ficulty confronting modern societies by using new technology
for data-driven decision making [12], [13].

Despite a large number of studies on Machine Learning
applications in the literature, the government domain has
received relatively little attention [8]. For example, a study
developed a general profile for users of e-government ser-
vices based on demographic, cognitive, and psychographic
characteristics [14]. The authors had applied popular classifi-
cation techniques such as neural networks, decision trees and
rule induction. Another research employed machine learning
approaches to assist government agencies in dealing with the
arduous task of receiving and categorising customer com-
plaints [15]. Finally, based on Artificial Intelligence (Al)
and Machine Learning (ML) algorithms, a recent study used
available government data to forecast the vulnerability of
specific enterprises to economic catastrophe [16].

Reference [10] applied several data mining algorithms to
create machine learning models that can accurately fore-
cast the e-Government rankings of 192 United Nations
and identify the variables that influence those rankings.
Reference [17] developed a COVID-19 Vulnerability Index
(C19VI) by applying machine learning based on sociode-
mographic COVID-19-specific themes. Based on CI9VI
and census data, the authors found that the epidemic has
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disproportionately affected racial minorities and the under-
privileged. Based on previous studies, we can see that
machine learning techniques can be utilized on government
data to extract hidden information that can be helpful in data-
driven decision-making and developing new policies for the
citizens’ well-being [17].

lll. RESEARCH METHODOLOGY

This research applied the Cross-Industry Standard Process-
Data Mining (CRISP-DM) to plan and execute the project.
CRISP-DM is the de-facto standard for applying data mining
projects and is an industry-independent process model [18].
This methodology consists of 6 phases; business under-
standing, data understanding, data preparation, modelling,
evaluation and deployment. Fig. 1 illustrates the research
methodology of this study.

6. Deployment

1. Business Understanding
. - * Recommendation of predictive models
Develop machine learning Conclusi
models for predicting financially onclusion
vigilant households *
5. Evaluation
« Performance Evaluation metrics;
. Precision, Sensitivity, F-Score &
2. Data Understanding Accuracy; ¥
Effects of COVID-19 on the  Determine the best predictive models
Economy and Individual” — among all.

DOSM survey
- Collected: 23 to 31 Mar 2020 4. Modelling *
168,145 respondents * Machine learning Algorithms used
- 43 variables Decision Tree( DT),
Random Forest(RF)
Gradient Boosted Tree
Classifier(GBT)
Naive Bayes (NB)
Multi-Layer Perceptron Neural
Network(MLP)
* Build predictive models &
Parameter tuning
* Identification of optimal model.

- Descriptive Analytics

3. Data Preparation

* Handling missing values

* Prepare data as per the
requirement of machine
learning techniques

* Raw data to structured data <=

FIGURE 1. Research methodology.

A. BUSINESS UNDERSTANDING

The business understanding phase focuses on the project’s
objectives and requirements that they want to achieve in
the project. This phase will also determine the purpose of
the machine learning perspective to achieve the project’s
goals [18]. In this phase, the study’s objective was to extract
insight from the survey data and determine the effect of
COVID-19 on the economy and individuals in Malaysia by
applying machine learning techniques. This research also
attempts to provide a general profile of individuals who are
or are not financially prepared to deal with pandemic-like
situations.

B. DATA UNDERSTANDING

This step requires gathering data from many sources, exam-
ining and characterising it, and ensuring data quality. The
secondary dataset utilised in this study comes from DOSM,
a special survey on the effects of Covid-19 on the econ-
omy and individuals that was collected from March 23rd to
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March 31st, 2020. The original survey had three modules
and twenty-one questions, with a total of 168,182 participants
aged 15 and up. However, the dataset obtained from DOSM
consists of 168,145 records/rows and 43 variables/columns.

The original dataset was in the Malay language. For the
study purpose, the whole dataset had been translated into
the English language. After the translation, the rename nodes
redefine and shorten the variable names to be more under-
standable. There are 6,365 rows of missing records found in
the dataset. These 6,365 missing records had been filtered
and separated into the new table for visualisation purposes.
This study used the open-source software KNIME Analytics
Platform to execute the machine learning project.

C. DATA PREPARATION
In this third phase, defining inclusion and exclusion criteria
should be used to choose data. The dataset is noisy with
missing values and related issues, so considerable time is
spent cleaning the dataset before applying descriptive ana-
lytics techniques. This step requires reformatting the dataset,
such as string to number to prepare for algorithms’ use [18].
A new attribute, income category, was derived from the
“Monthly Income” attribute, which groups the income into
B40, M40 and T20. B40 income category will be the non-
working respondents, <RM2,500, and RM2500-RM4000
for their monthly income. M40 income category will be
the respondents who earn RM4,001-RM6,000, RM6,001-
RMS,000, and RM8,001-RM9,000 for their monthly income.
Those respondents who earn more than RM9,000 will be
categorised as “T20”. Those who did not provide their
monthly income information will be classified as “NA”
(Not Applicable/no income information). The income group
will be slightly different from reality due to the limitation
of the dataset. “NA ” income category had been filtered
(56,459 respondents) from the modelling since the monthly
income information is important to the modelling purpose.
Final dataset consists of 105,321 records.

D. MODELING

In this phase, different machine learning algorithms will be
applied to achieve the objectives of the study. Five machine
learning algorithms: Decision tree, Random Forest, Naive
Bayes, Gradient boosted tree, and Multi-layer perceptron
neural network (MLP) were applied to classify citizens’ who
are/are not financially prepared to cope the Pandemic [8].
When applying each machine learning algorithm, the optimal
model was determined by varying the parameters such as
partitioning ratio of training and testing data, quality measure:
Gini index, information gain and gain ratio.

Gini index also known as Gini coefficient calculate the
degree of likeliness of a variable that is wrongly classified
during the random selection and a difference of Gini coeffi-
cient. It provides binary splitting, either “success’ or “fail”
outcomes when it comes to categorical values [19].

Gini(P) =) pi(1=p)=1=) ()’
i=1 i=1
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where

P=(p1,p2,-..pn)

pi = probability of classification on object to a class

Gain ratio also known as uncertainty coefficient standard-
ises attributes’ information gain against degree of uncertainty
(entropy). When the amount of entropy is large, the gain ratio
will be low and vice versa [19].

. . InformationGain
GainRatio = ———
Entropy

InformationGain = Entropybeforesplitting
— Entropyaftersplitting

E. EVALUATION

In this phase, various machine learning models developed in
the modelling phase will be evaluated based on the standard
performance metrics accuracy, and f-measures. Finally, the
optimal model of each algorithm will be chosen and the
results will be combined to form a comparison table. This is
to make sure each algorithms’ performance is evaluated and
proceed to the deployment phase.

F. DEPLOYMENT

This is the last phase of CRISP-DM. Technically the best
machine learning model determined from the evaluation
phase will be deployed with the real dataset. This step will
also review whether the models achieved the project’s goals
and requirements [18].

IV. RESULTS AND DISCUSSION

In this section, results obtained from descriptive analytics,
model optimisation and findings will be discussed. First,
it helps to understand the characteristics of each respondent
and the relationship between the variables. As mentioned
previously, 6,365 respondents did not complete their sur-
vey from variable 12, “Working experience/Total Working
Years.” Therefore, the descriptive analytics for the complete
survey (161,780 respondents) is given below.

A. DESCRIPTIVE ANALYTICS

Table 1 presents the demographics of the respondents from
the descriptive analytics for the entire survey, which con-
tains 161,780 records with 41 variables. The majority of the
respondents came from Selangor (27%), followed by Johor
(21%), Kuala Lumpur (9%) and other states. There are 95,158
females (59%) and 66,622 males (41%) respondents’ opin-
ions included in this analysis. Besides, most of the respon-
dents were from the 35 to 44 years old age group (37%)
followed by the age group from 25 to 34 years old (35%),
from 45 to 54 years old (16%) and minor from other age
groups (12%).

Most of the respondents stated that their financial vig-
ilance (savings) was sustainable for their daily expenses
for about 2 to 4 weeks (47,273) and 40,947 respondents
replied that their savings were sufficient to support their daily
expenses for 4 to 8 weeks. 37,015 respondents stated that their
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TABLE 1. Demography description of the data set.

Variable Frequency  Percentage
State

Selangor 43,560 26.93%
Johor 33,341 20.61%
Kuala Lumpur 13,787 8.52%
Sabah 11,359 7.02%
Perak 7,821 4.83%
Negeri Sembilan 6,969 4.31%
Kedah 6,851 4.23%
Pahang 6,110 3.78%
Sarawak 5,962 3.69%
Kelantan 5,161 3.19%
Pulau Pinang 5,031 3.11%
Putrajaya 4,813 2.98%
Melaka 4,728 2.92%
Terengganu 4,378 2.71%
Perlis 1,116 0.69%
Labuan 793 0.49%
Gender

Female 95,158 58.82%
Male 66,622 41.18%
Age Group

35-44 60,383 37.32%
25-34 56,482 3491%
45-54 26,017 16.08%
15-24 10,537 6.51%
55-64 7,677 4.75%
>65 684 0.42%
Ethnic group

Malay 131,095 81.03%
Native of Sabah/Sarawak 13,360 8.26%
Chinese 11,850 7.32%
Indian 4,331 2.68%
Others Native 908 0.56%
Non-Citizen 200 0.12%
Other citizens 36 0.02%
No. Household Members

1-5 109,365 67.60%
6-10 49,528 30.61%
11-15 2,407 1.49%
16-20 290 0.18%
>21 190 0.12%

savings were sufficient in less than two weeks. 77% of the
respondents revealed that their financial vigilance period is
only for less and equal to 8 weeks. 55% (88,895) responded
that they did not prepare financially to cope with the pan-
demic. It also showed that the majority of the respondents
were B40 income group (49%), followed by no information
(35%), M40 (13%) and T20 (3%).
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TABLE 2. Identification of optimal model for decision tree.

o Quality F-
Partitioning Measure Target measure Accuracy
Gini Yes 0.6168 0.6707
50:50 Index No 0.7112
' Gain Yes 0.6262 o oo
Ratio No 0.7232 )
Gini Yes 0.6223 0.6773
55:45 Index No 0.7183
’ Gain Yes 0.6167 o ooy
Ratio No 0.7303 )
Gini Yes 0.6271
0.6792
60:40 Index No 0.7186
Yes 0.6236 0.6804
Gain 0.7223
Ratio No
Gini Yes 0.6227 0.6788
65:35 Index No 0.7203
’ Gain Yes 06240 oo
Ratio No 0.7261 )
Gini Yes 0.6306 0.6795
Index No 0.7169
70:30 -
Gain Yes 0.6204 0.6799
Ratio No 0.7233 )
Gini Yes 0.6265 0.6802
Index No 0.7204
75:25 -
Gain Yes 0.6294 0.6855
Ratio No 0.7268 )
Gini Yes 0.6228 0.6777
80:20 Index No 0.7186
’ Gain Yes 0.6292 0.6836
Ratio No 0.7241 )
Gini Yes 0.6290 0.6834
85:15 Index No 0.7238
’ Gain Yes 0.6317 0.6887
Ratio No 0.7305 )
Gini Yes 0.6305 0.6819
Index No 0.7208
90:10
Gain Yes 0.6324 0.6896
Ratio No 0.7313 )

Moreover, there were 41,918 respondents (26%) who had
to work from home, 26,899 respondents (17%) not work-
ing, 11,561 respondents (7%) responded that they were still
working but their working hours had decreased and 7,998
respondents (4.9%) had lost their job due to COVID-19
pandemic. Furthermore, 47,173 respondents’ (29%) income
was not affected by the pandemic and 30,903 (19%) had an
income reduction. Besides that, 111,949 respondents (69%)
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TABLE 3. Identification of optimal model for random forest.

Partitionin ~ Split Targe Accurac
L measur
g Criterion t o
Ginilndex 1o 9714050450
50:50 No __ 0.7700
' Information  Yes 0.7070 0.7435
Gain Ratio  No 0.7719 )
Y 7164
Ginilndex 1o 07164 040
554 No 07719
' Information Yes 0.7072 0.7427
Gain Ratio  No 0.7705 )
. Yes 0.7180
60:40 Gini Index No 07722 0.7480
Information Yes 0.7098
Gain Ratio  No 0.7726 0.7450
Ginilndex 1o 9713 o464
(52 No _ 0.7726
' Information Yes  0.7071 0.7435
Gain Ratio  No 0.7718 '
Ginilndex 1 97196 0503
No 0.7749
70:30 -
Information Yes 0.7133 0.7494
Gain Ratio  No 0.7774 '
Ginilndex 1o 971665 uen
Jss No 07734
' Information Yes  0.7102 07470
Gain Ratio  No 0.7755 '
Gini Index Yes 0.7178 0.7516
£0:20 No _ 0.7782
' Information Yes 0.7151 07512
Gain Ratio  No 0.7792 '
Y 0.7230
Gini Index . O 0.7530
451 No 07771
' Information Yes 0.7111 0.7483
Gain Ratio  No 0.7770 )
Yes 0.7192
ini I 74
Gini Index No 07740 0.7495
90:10 Informatio Yes 0.7191
' 754
Rati Gain (o 07820 7
atio

were ready for Movement Control Order (MCO) and 49,831
respondents (31%) were not ready for MCO.

It also found that COVID-19 had an impact on households’
lifestyles. Before the COVID-19 pandemic, 44,936 respon-
dents often travelled due to their business or job requirements,
but the COVID-19 pandemic had stopped 71,782 respon-
dents from travelling. Some 60,399 respondents travelled for
personal reasons but 65,022 stopped travelling for personal
reasons due to the pandemic. Next, most of the respondents
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TABLE 4. Identification of optimal model for Naive Bayes.

TABLE 6. Identification of optimal model for neural network (MLP).

Partitioning Target F-measure  Accuracy
Y 0.6761

50:50 NZS 046 0.7156
Y 0.6777

55:45 st 0457 0.7157
Y 0.6721

60:40 NZS 0420 07112
Y 0.6802

65:35 NZS 07449 0.7162
% 0.6825

70:30 NZS 07490 0.7198
Y 0.6786

75:25 NZS 045 0.7157
Y 0.6715

80:20 NZS o2 0.7114
Y 0.6725

85:15 NZS ppton 0.7075
Y 0.6841

90:10 st 07510 0.7215

TABLE 5. Identification of optimal model for gradient boosted tree.

Partitioning Target F-measure  Accuracy
Y 0.6947

50:50 st 07004 0.7515
Y 0.6906

55:45 NZS 0702 0.7514
Y 0.6954

60:40 NZS 07043 0.7545
Y 0.6933

65:35 NZS 07044 0.7538
Y 0.6933

70:30 NZS 07026 0.7525
Y 0.6972

75:25 NZS 07054 0.7558
Y 0.6973

80:20 st 0.7097 0.7589
Y 0.6997

85:15 st 07992 0.7593
Y 0.6947

90:10 st 07014 0.7521

stated that sometimes they would eat at the restau-
rant (65,374) and fast-food restaurant (67,543) before the
COVID-19 pandemic, and most of them become never eat
at the restaurant (102,845) and fast-food restaurant (104,831)
after COVID-19 Pandemic.

For buying in markets or supermarkets or grocery stores,
before COVID-19, most of the respondents said that they
were often buying raw material for cooking and sometimes

VOLUME 10, 2022

Normalizatio Partitionin  Targe Accurac
measur
n g t y
c
Min-Max Yes 064950147
50:50 No  0.7595
’ Yes 0.6643
Z-Score No 07857 0.7384
Min-Max Yes 06604 5o
5545 No  0.7703
’ Yes 0.6667
Z-Score No 07788 0.7341
Min-Max Yes  0.6566 ) r08
No  0.7648
60:40 Yes  0.6682
Z- : 734
Score No 0.7784 0.7343
Min-Max Yes 06559006
6535 No  0.7676
‘ Yes  0.6711
Z- .
Score No 0.7849 0.7399
Min-Max Yes 06509105
No  0.7623
70:30 Yes  0.6830
Z-Score No 07827 0.7421
Min-Max Yes 066101
52 No  0.7675
) Yes 0.6758
Z-Score No 07847 0.7412
Min-Max Yes 06497 0161
£0:20 No  0.7641
' Yes  0.6662
Z- 72
Score No 07719 0.7290
Yes  0.6677
Min-M 72
fn-viax 45:15 No 07695 7278
' Yes  0.6677
Z- .
Score No 07837 0.7380
Min-Max Yes 066421
No  0.7660
20:10 Yes  0.6871
Z-Score No 0.7914 0.7496

will buy ready-to-eat food products in these places, but
after the COVID-19 pandemic, they will go these places
to buy the items that they needed sometimes only. There-
fore, we can conclude that the people reduce their spending
and change of lifestyles will reduce the business transaction
for the business owners, making their business drop and
employees will lose the job due to the organisation being
closed.
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TABLE 7. Comparison of prediction models.

TABLE 8. General profile of financially vigilant households.

Prediction  Split Fl & Rule
P Target k Accuracy Condition ¢ confi
models Data score Sup dence
port
Decision 90:10 Yes 0.6324 0.6896 After COVID-19 Using taxi services / e-
Tree ’ No 0.7313 ’ hailing services = "Never" AND Jobs =
Random Yes 0.7191 "Government Worker" AND Income
Forest 90:10 No 07820 0.7545 Category = "T20 " AND If Income 93 100%
: Changes, State the Reduction / Increase =
Naive 90:10 Yes 0.6841 07215 "Not applicable" AND Know Financial
Bayes ' No 0.7510 ' Assistance to Employees? = "Yes" AND
Gradient Yes 0.6973 Sufficient Saving Period = "28-48"
Boosted 80:20 0.7589 Work affected by the pandemic? = "I work
Tree No 0.7997 from home" AND After COVID-19 Eat at
Neural Yes 0.6871 the restaurant = "Never" AND Before
Network 90:10 0.7496 COVID-19 Buy non-food products in malls
(MLP) No 0.7914 and stores = "Sometimes" AND No.
Household Members = "1-5" AND Income
Changes due to pandemic? = "Remain" 90 100%
B. MACHINE LEARNING MODELS AND Income Category = "M40 " AND If
Based on the literature study, the five top performing machine Income Changes, State the Reduction /
learning algorithms were selected to predict financial vig- Increase = "Not applicable” AND Know
ilance of households. They are Decision Tree [20], [21], Financial Assistance to Employees? =
Random Forest [22], [23], Naive Bayes [24], [25], Gradient "Yes" AND Sufficient Saving Period =
Boosted Tree [23], [26], [27] and Neural Network [8], [28], "28-48"
[29]. In order to determine the optimal model for each of Monthly Income = ">RM9000 " AND If
these algorithms, various parameter tuning was done and the Income Changes, State the Reduction / 76 100%
best settings were identified. Later the optimal model from Increase = "Not applicable" AND
each algorithm was compared to identify the best machine Sufficient Saving Period = "52-96"
learning model that can be further implemented to predict Gender = "Male" AND Jobs = "Private
the households’ financial vigilance. The target variable is Sector Employee" AND Income Category
financial preparedness, which is a yes/no question, with 55% ="T20" AND If Income Changes, State the
saying yes and 45% saying no. Performance evaluation met- Reduction / Increase = "Not applicable" 62 100%
rics F-measures and accuracy were calculated for all machine AND  Know  Financial Assistance to
learning models and the best models were chosen based on Employees? = ""Yes“” AND  Sufficient
F-score measure as it is the harmonic mean of precision and Saving Period = "28-48
recall [26]. Gender = "Male" AND Before COVID-19
Buy non-food products in malls and stores
1) DECISION TREE MODEL = "Often" AND No. Household Members =
A decision tree algorithm is a tree-based machine learn- "1-5" AND Income Changes due to
ing that splits the data by sequence according to the target pandemic? = "Remain” AND Income o 00,
decision/variable [8]. Various parameter tuning was done to Category = "M40 " AND If Income
identify the optimal decision tree model, which is shown in ?hanges, State t'l'le Reduction / Increase =
Table 2. When 90% of the data is used for training the model Not applicable” AND Kn0\'7'v Flflancml
and 10% is used for testing the model with gain ratio as ASSISt?mce to .Emplo.yees? ~ "Yes' AND
. - . . Sufficient Saving Period = "28-48"
the quality measure, the decision tree algorithm can predict - ——
households who are financially vigilant and not vigilant with Main Activities Sector = "Industry: Supply
y g g f electricit as, stecam and air
F-score 0.6324 and 0.7313 respectively. or - eect “y, £2s,
conditioning" AND Income Changes due to
2) RANDOM FOREST MODEL Pandemic? = "Remain" AND If Income 57 100%
The random forest method is a machine learning tech- Changes, State the Reduction / Increase =
nique that combines many decision trees and averages their "Not app‘}lcable"" AND Sufficient Saving
output [21]. For example, Table 3 shows that when the type Perloq — 20'2.4 -
of partitioning is (90:10) with the information gain ratio Sufficient Saving Period ="196-240" AND ., 10

criterion produces the best model.
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TABLE 9. General profile of households with lack of financial vigilant. TABLE 9. (Continued.) General profile of households with lack of

financial vigilant.

Restaurant = "Never" AND No. Employees

R
ul In Company = "Not applicable” AND Jobs
e Rule = "Self-employed (no employees): Food
Condition S confidenc Preparation" AND Ethnic group = "Malay" 85 100.00%
up e AND Not working Because EXTENT =
po "Working" AND Income Changes due to
It pandemic? = "Reduction" AND Sufficient
Saving Period = "<2"
Gender = "Male" AND Main Activities . .
Sector = "No Information” AND Jobs = Gender = "Male" AND InCOm.e Categ()ry:
"Self-employed (no employees) : Running M40 "AND Jobs - Prlvate" Sectolr'
own business" AND Ethnic group = Employee" AND Ethnic group = "Malay
"Malay" AND Not Working 130 99.239%, AND Not WOrking BecauseiEXTENT = 81 10000%
Because EXTENT = uworkingn AND "WOTkil’lg" AND Income Changes due to
Income _Changes due to Pandemic? = Pandemic? = "Reduction" AND Sufficient
"Reduction" AND Sufficient Saving Period Saving Period = "<2"
=<2 Gender = "Female" AND Know Financial
Before COVID-19 Using taxi services / e- Assistance to Employees? = "No" ”AND
hailing services = "Never" AND Jobs = Not vi/orkmg' Because_EXTENT = "Non-
"Self-employed (no employees) : Other Working: Still looking for a job" AND 73 100.00%
Services Sector” AND Ethnic group = Income Changes due to pandemic? = "Non-
"Malay” AND Not Working 122 100.00% Working" AND Sufficient Saving Period =
Because EXTENT = "Working" AND =2
'I‘ncome .Ck'llanges due .to Panc.iemlc?. = No. Household Members = "1-5" AND
Reduction" AND Sufficient Saving Period Ethnic group = "Malay" AND Jobs =
="n " .
Employer  (have  companies  and
After COVID-19 Using taxi services / e- employees)" /3;ND Work affected by the
hailing services = "Never" AND Main pan@emlc? = "I lost my job because'of
Activities Sector = "No Information" AND Covid-19 AND ”Not . '\'Norklng 73 100.00%
Income Category = "B40" AND Jobs = Because_EXTENT = Workmg AND
"Private Sector Employee” AND Ethnic Know Financial Assistance to Employees?
—_n " : 110 95.45% = "Yes" AND Income Chan d t
group = "Malay" AND Not working e come ges due to
Because EXTENT = "Working" AND pandemic? = "Reduction" AND Sufficient
Income Changes due to Pandemic? = Saving Period = "2-4"
"R”edlictlon” AND Sufficient Saving Period After COVID-19 Buy non-food products in
=<2 malls and stores = "Never" AND Before
After COVID-19 Traveling for business / COVID-19 Using taxi services / e-hailing
duty purposes = "Never" AND FEthnic services = "Never" AND After COVID-19
group = "Chinese" AND Not working Eat at the restaurant = "Never" AND After
Because EXTENT = "Working” AND 94 98.94% COVID-19 Using taxi services / e-hailing
Income _Changes due to Pandemic? = services = "Never" AND After COVID-19
"Reduction" AND Sufficient Saving Period Watching movies on the cinema = "Never" 100.00%
= "y AND Main Activities Sector = "Services:
Other Services" AND Income Category =
After COVID-19 Watching movies on the "B40" AND Jobs = "Private Sector
cinema = "Never" AND Main Activities Employee" AND Ethnic group = "Malay"
Sector = "Services: Administration and AND Not working Because EXTENT =
support  services" AND  Jobs 87 100.00% "Working" AND Income Changes due to

"Government Worker" AND Ethnic group
= "Malay" AND Not working
Because EXTENT = "Working" AND
Income Changes due to pandemic? =

"Reduction" AND Sufficient Saving Period
="

After COVID-19 Dining at Fast Food

VOLUME 10, 2022

Pandemic? = "Reduction" AND Sufficient
Saving Period = "<2"

3) NAIVE BAYES MODEL

Naive Bayes algorithm applied Bayes Theorem using con-
ditional probability to execute the prediction outcome [30]
Table 4 shows the various parameter optimization of the
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Naive Bayes models and (90:10) partitioning is the optimal
settings for this model.

4) GRADIENT BOOSTED TREE MODEL

The gradient boosted tree algorithm is similar to the random
forest technique in that it averages all of the trees’ initial
results [21]. Table 5 shows the result of the gradient boosted
tree algorithm. We found that the (80:20) type of partitioning
was optimal in this model.

5) NEURAL NETWORK (MLP) MODEL

Multilayer Perceptron (MLP) is one of the neural network
algorithms and it composed multiple perceptron to perform
classification output [21]. There are two types of normal-
isation applied in the models: mix-max normalisation and
z-score normalisation. After running all the results, we found
that Z-score normalisation with (90:10) partitioning was opti-
mal for this model. The result shows in Table 6.

Table 7 shows a comparison of optimal models from each
algorithm. Overall, the target variable can be predicted with
higher than 68.96 accuracy by all five machine learning algo-
rithms. However, the gradient boosted tree algorithm is the
best machine learning model because it can accurately predict
households that are financially prepared and those that are
not with 75.89 percent accuracy. Random forest is the second
best method, followed by neural network (MLP) and naive
bayes algorithms. Even though the data size is large, with
161,780 rows and 41 variables, all of these models perform
best when 90% of the data is utilised to train the model and
10% to test the model.

Though most machine learning models do not explain the
relationship between the predictors and the target variable,
the decision tree algorithm can do so [31], [32]. Therefore,
even though the decision tree did not provide the best model,
we can examine the decision trees to understand the general
profile of households with and without financial vigilance.
Table 8 and Table 9 provide general profiles of households
who are financially vigilant and those who are not. Rule
support refers to the number of respondents who satisfy the
conditions and rule confidence indicates correctness.

When characterizing and predicting financial status of
households, machine learning models provide a higher over-
all model fit. This finding is supported by the existing study
which recommended that when researchers and policymakers
need to define and/or predict a household’s future financial
status, the machine learning approach can give a solid, effi-
cient, and effective analytic method [28].

V. CONCLUSION
This study explored the COVID-19 survey dataset by leverag-

ing data analytics and machine learning techniques to extract
the insights. CRISP-DM method is followed and to create
prediction models of household financial vigilance in deal-
ing with the pandemic. In addition, five machine learning
techniques were used: Decision Tree, Random Forest, Naive
Bayes, Gradient Boosted Tree, and Multi-Layer Perceptron
Neural Network. The best predictive model was found to be
Gradient Boosted Tree.
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The findings showed to what extent the pandemic
has impacted households and provides machine learning
models to identify the financially vigilant households. The
B40 income group consists of 49% of the respondents,
M40 13% and T20 3%. A total of 77% of these respondents
revealed that their financial vigilance period was not more
than eight weeks. Since this survey was conducted during the
first wave of the pandemic, only 17% of the respondents lose
their job.

Howeyver, the allocation of economic stimulus should not
be based on the category of the household of B40 income
group, ethnic group and age. The distribution of economic
stimulus should target directly households in need of financial
support based on their current employment status, number
of members per household and location of residence. This
knowledge could be useful to design suitable and effective
economic stimulus packages.
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