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Synthetic Minority Over-sampling Technique
(SMOTE) for handling imbalanced data in
poverty classification
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Abstract. Poverty data in official statistics data is important for development planning. The lower percentage of the poor recorded
yearly indicates good development of a country. Moreover, there is always a problem when performing an inferential and
classification analysis because of the imbalanced data, thereby leading to biases in the estimation results and prediction errors in
the classification. One of the solutions to this problem is using Synthetic Minority Over-sampling Technique (SMOTE). Therefore,
this study aims to evaluate the inference and classification quality using the binary logistic regression model without and with
SMOTE. The data utilized was the poverty status of households in the rural and urban areas in East Java, Indonesia as contained in
the 2019 National Socio-Economic Survey. Furthermore, the variables used are poverty status of the household, the age of the
household head (HH), the ratio of household members who are employed, gender of the HH, number of household members,
education level of HH, and occupation of the HH. It was concluded that the model with SMOTE approach was better at inference

and classifying the results.
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1. Introduction

Poverty data in official statistical data is important
for development planning. This is the reason poverty
alleviation was rated first in the Sustainable Develop-
ment Goals, which states “end poverty in all its forms
everywhere” [1]. The poverty rate in Indonesia has been
experiencing a downward trend yearly, thereby showing
good indicators. However, it has been observed from the
distribution that the majority of the poor in this coun-
try are on Java Island, reaching 12.48 million people,
and representing 50.7% of the poor nationally. Among
the provinces on Java Island, East Java has the highest
number of poor people, thereby causing the place to be
poverty enclaved according to the criteria of the Na-
tional Team for the Acceleration of Poverty Reduction
(TNP2K).
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Poverty data in Indonesia is obtained rawly from Na-
tional Socio-Economic Survey (SUSENAS), indicating
the possibility of obtaining an imbalanced data compo-
sition. For example, the results of SUSENAS showed
that the poverty rate in East Java reached 10.37%, while
in Indonesia reached 9.41% meaning that it is imbal-
anced. Imbalanced data often cause problems in the
classification method, such as biases in the estimation
result and increased prediction errors in the classifi-
cation, particularly in the minority class [2]. Further-
more, it is likely to cause the resulting standard error to
be overestimated, and in the case of the classification
model, it is likely to cause overfitting.

There are two approaches to overcome the imbal-
anced data problem, namely solutions at the data level
or the algorithm level. The data-level solution is pro-
posed by balancing the distribution of the majority and
minority classes using under-sampling, over-sampling,
or a combination of both methods. Meanwhile, that of
algorithm level is conducted by adjusting the system
without changing the data distribution using the cost
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function, modifying the classification method, or en-
semble [2]. It is accomplished by adding weights to the
sample, according to [3], but this method was unable
to classify the accuracy satisfactorily compared to the
over-sampling approach. It has been observed that the
data-level solution has advantages over the algorithm-
level in terms of flexibility when choosing the classifi-
cation method used [4]. For example, the data-level so-
lutions are applicable in several classification methods,
but that of the algorithm is only utilized for specifics.
It is important to note that the over-sampling is more
widely used than the under-sampling method. This is
because the under-sampling eliminates data in the ma-
jority class, thereby causing important information to
be lost [2]. An example of the over-sampling method
that is often used is Random Over-sampling (ROS), but
it usually causes overfitting of the model [5]. Conse-
quently, several over-sampling techniques for solving
this problem have been developed, and the most widely
used was the Synthetic Minority Over-sampling Tech-
nique (SMOTE) [6]. This method deals with generating
new or artificial data randomly along the line between
the data in the minority class and its nearest neighbor.

Several logistic regression studies have been per-
formed using SMOTE to handle data imbalances and
the results showed that it was able to improve the qual-
ity of classification. In [7], SMOTE’s application in lo-
gistic regression improved the classification of minor
classes compared to those without SMOTE. Another
study conducted by [8] showed that the application of
SMOTE was able to improve classification accuracy in
minor classes and was able to overcome overfitting in
the model.

It has been observed that poverty classification in
Indonesia, especially in East Java Province, has been
conducted generally without considering imbalanced
data on household poverty status. For example, the clas-
sification of household poverty by [9,10] showed that
the proportion of imbalanced data had not been consid-
ered. Also, the study [11] on household poverty in rural
and urban areas does not consider the unbalanced pro-
portion of data. The observation from previous studies
showed that the model quality inference using SMOTE
is still less explored. Therefore, this study aims to fill
the gap by:

i. Evaluating the inference quality of the logistic
regression model for rural and urban household
poverty in East Java Province using binary logistic
regression without and with SMOTE.

ii. Evaluating the quality of binary logistic regression

classification without and with SMOTE.

In Section 2, the methodology of this study explains
the data and variables used. The explanation of SMOTE
and logistic regression will be presented in this section.
Then, the descriptive analysis, inferential analysis, and
classification evaluation will be presented in Section 3.
Finally, the conclusion will be generated in Section 4.

2. Methodology

This study uses the March 2019 SUSENAS data
where the household is the sampling unit. The total
sample for the March 2019 SUSENAS for East Java
province is 30,021 households, consisting of 15,800
households in urban areas and 14,221 in rural areas. A
descriptive-analytical method was used through cross-
tabulation, while inferential analysis and classification
evaluation was performed using binary logistic regres-
sion without and with SMOTE methods. The imbal-
anced data problem was mitigated using the SMOTE
method by finding the nearest neighbors within the mi-
nority class. The dependent variable was the poverty
status of households, which are categorized into poor
and non-poor, while the independent variables are the
age of the household head (HH), the ratio of the number
of employed household members, the HH gender, num-
ber of the household members, the HH education level,
and the HH’s occupation. Table 1 shows the variables
utilized and their categories.

3. SMOTE and Logistic regression
3.1. SMOTE

The SMOTE method was developed by Chawla
et al. [6] to solve the imbalanced data problems. This
method differs from the previously proposed oversam-
pling methods. The reason being that those oversam-
pling methods deal with multiplying random observa-
tions, while the SMOTE reproduces artificial data in
classes, in which the lesser or minor class is equalized
to the major ones. Furthermore, the artificial or synthe-
sis data was generated based on the k-nearest neigh-
bor, which is determined by considering the ease of
implementation. Generating artificial data is different
for data with a numerical scale versus data with a cate-
gorical scale. The numerical data were measured using
Euclidean distance, while categorical data was simpler,
namely the mode value. The distance between minor
classes and categorical scale variables was calculated
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Variable used and its categories

Variable notation ~ Variable description Categories
Y Household poverty status 1 = Poor
0 = Non Poor*
X1 The age of the household head (HH) Continuous variable
X2 The ratio of the number of working household members  Continuous variable
D31 Gender of the household head 1 = Female
0 = Male*
D41 Number of the household members 1=>4
0=1-4*
D51 Education level of the household head 1 = Middle school and lower
0 = High school and higher*
D61 Occupation of the household 1 = Did not work
D62 2 = Agriculture

0 = Non agriculture*

*Reference categories.

using the Value Difference Metric (VDM) formula [12]
as follows:

N
AX,Y) = wawy Y 8(ai, i) (1)
i=1

Where A(X,Y) is the observed distance of X and

Y, N indicates the number of the independent variable,

wgzw, are negligible observation weights, r is 1 for

Manhattan distance and 2 is for Euclidean distance,
while §(x;, y;) is the categorical distance.

[ Ol
5 (I (2] yl) ; Cl 02
Where §(z;, y;) is the distance of x and y, Cq; and
C5; are the number of times vector 1 (classify into cate-
gory non-poor household) and 2 (classify into category
poor household), respectively, C; and Cs are the total
number of times values 1 and 2 occurred, respectively,
n is the number of categories, while k is constant, which
is usually 1.
The procedures for generating artificial data include:

2

1) Numerical Data

a) Calculate the difference between the main vec-
tor and its k-nearest neighbors.

b) Multiply the difference by the random number
between 0 and 1.

¢) Add this difference to the principal value of
the original vector to obtain a new principal
vector.

2) Categorical Data

a) Select the main vector and its k-nearest neigh-
bors among the ones considered for the face
value. Then select randomly when the values
are the same.

b) Create a value from the newly created class
example data.

3.2. Logistic regression

The logistic regression analysis determines the rela-
tionship between responses and one or more explana-
tory variables. In binary logistic regression, the depen-
dent variable is divided into two categories, such as the
event of success denoted as Y = 1 and the event of fail-
ure represented as Y = 0 [13]. This logistic regression
model with p independent variables is generally written

as follows.
_exp(Bo+ Bz + ...+ Bprp)
m(x) =
14 exp(Bo + frz1 + ... + Bpxp)
The logit transformation is then performed as fol-
lows:

g(x) = Bo + frx1 + Poza + ... + Bpap 4)

The Maximum Likelihood Estimator (MLE) method
was used for the parameter estimation in logistic regres-
sion and its procedure includes maximizing the likeli-
hood function to obtain the observed data set. The first
step in applying this method was to form the likelihood

function as follows:
n

1) = I [(r(@a)¥ [L - m(as)] 5)
i=1
It is important to note that the maximum likelihood
method’s principle deals with maximizing the logarithm
of the probability function:

L(B) = [l(B)] ©)
Obtaining an estimate of the logistic regression co-
efficient (8) was conducted by decreasing L(f) and
equating it to zero. Therefore, the likelihood equation
was expressed as follows:
OL(B) _ <

W = ;xz[yl —m(z;)]=0 @)

(€)
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Table 2

Poverty status according to each variable

Status of residual area

Variable Categories Rural Urban
Poor Nonpoor Poor Non poor
Gender of the HH Female 10.57 89.43 4.29 95.71
Male 8.97 91.03 3.68 96.32
Number of the household members > 4 15.72 84.28 7.45 92.55
14 7.43 92.57 2.72 97.28

Education of the HH

Middle School and lower  10.20 89.80 5.20 94.80

High School and higher 3.38 96.62 1.38 98.62

Did not work
Agriculture

Occupation of the HH

Non Agriculture

13.18 86.82 5.52 94.48
11.35 88.65 7.19 92.81
7.00 93.00 2.93 97.07

Source: SUSENAS 2019 (processed).

Equation (7) is non-linear with respect to 3 according
to [13], therefore, special methods such as complex
iterations with computerization are needed to determine
the value of B .

3.3. The goodness of fit

The model suitability test, also known as the Good-
ness of Fit, refers to a test for determining whether the
obtained model is appropriate/fit to analyze the depen-
dent variable. An example of the method for measur-
ing the Goodness of fit is the classification table [13],
which involves the comparison of sizes to get the best
model. The classification measures used in this study
include accuracy, sensitivity, specificity, g-means, and
AUC [14-16]. G-mean is defined as geometric mean of
sensitivity and specificity.

G-means = \/ Sensitivity x Specificity ®)

4. Result and discussion
4.1. Descriptive analysis

It has been observed that the poor households per-
centage in rural areas was higher than that of urban
in East Java Province. According to the March 2019
SUSENAS, the percentage of poor households in rural
areas was 12.9%, while that of urban was 6.3%. Table 2
shows the percentages of poor households based on
each independent variable.

It was observed that the percentage of female-headed
households with poor status was higher than males in
both rural and urban areas. The female head of house-
hold (HH) had limitations in getting a job, particularly
those requiring physical strength, this probably caused
most of them to be unemployed. Specifically, 29% and

37.1% of female household heads are unemployed in
rural and urban areas, respectively. Furthermore, the
majority of HH had not completed the government’s
12-year compulsory education program. In rural and
urban areas, only 13.9 and 36.7% have a high school
education, respectively thereby causing households to
have a higher tendency to be poor in both areas. Ac-
cording to [17], the rural poor had junior high school
education and below, while the urban poor had higher
education. This is because there was higher competition
for jobs in the urban area, which led to several highly
educated people not getting jobs. This is reflected in the
high percentage of household heads with high school
education and above who do not work in urban areas. It
was therefore concluded that the percentage of house-
hold heads with high school education and above who
are not working in urban areas was higher compared to
the rural.

A different pattern was observed between rural and
urban areas in terms of HH employment variable. In
rural areas, poor households had the highest percentage
when the heads were not working, but most of these in-
dividuals worked in the agricultural sector in the urban.
The study by [18] showed that household heads who
are unemployed have a significant effect on household
poverty.

In the aspect of household members number, those
having more than four people had a higher percent-
age of poor compared to when they are lesser, in both
rural and urban areas. The poverty rate among rural
households with more than four members was 15.72%,
while those less than this number were 7.43%. In urban
areas, the percentage of poor households with more
than four members was 7.45%, while those with the
fewer numbers were 2.72%. The high percentage of
poor-status households with more members was caused
by the lower per capita income/expenditure distributed
among the individuals [19].
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Table 3
Comparison model with and without SMOTE
Rural Urban
Without SMOTE SMOTE Without SMOTE SMOTE
Variable B Standard P-value /3’ Standard P-value 3 Standard P-value B Standard P-value
error error error error

Intercept —3.728 0.204 0.000*** —0.832 0.139 0.000*** —3.890 0.244 0.000*** —0.659 0.197 0.000***
X1 0.012 0.003 0.000***  0.013 0.002 0.000***  0.002 0.004 0.603 0.009 0.004 0.015**
X2 —1.073 0.154 0.000*** —1.345 0.126 0.000*** —1.769 0.235 0.000*** —2.262 0.197 0.000%***
D31 0.176 0.096 0.066* 0.688 0.070 0.000***  0.070 0.139 0.612 0.379 0.019 0.000***
D41 0.713 0.077 0.000***  1.050 0.064 0.000***  1.000 0.105 0.000***  0.900 0.095 0.000***
D51 1.023 0.158 0.000***  0.162 0.085 0.0574* 1.205 0.146 0.000***  0.868 0.106 0.000***
D61 0.064 0.141 0.648 0.412 0.100 0.000***  0.020 0.167 0.904 0.018 0.128 0.889
D62 0.414 0.078 0.000***  0.413 0.063 0.000***  0.647 0.138 0.000***  0.977 0.124 0.000***

Source: SUSENAS 2019 (processed). *significant at « = 10%, **significant at o = 5% and ***significant at o« = 1%.

It is also important to note that as people become
older, they tend to be more established because of the
increase in experience and income. For example, the
average age of the household heads in rural areas was
52-53 years but was 50-51 years in urban. In these two
areas, poor household heads had a higher average age
compared to those who were not poor. Specifically, the
non-poor in rural areas were 52-53 years old, while the
poor were 55-56.

Relying solely on the household head is sometimes
not enough to meet household needs, rather the help of
members is also needed. This means that when there
is an increase in the number of employed household
members, meeting needs becomes easier. It was also
observed that the poor households in both rural and
urban areas tend to have hackwork compared to those
who are not poor.

4.2. Inferential analysis

A comparison of the modeling using logistic regres-
sion without and with SMOTE approach has been con-
ducted. It was observed from Table 3 that out of the
seven variables used, six have a significant effect on
the status of poverty in rural areas, while that of urban
areas was four. Furthermore, the standard error in the
model without SMOTE tends to be overestimated. This
standard error is an important component in estimat-
ing a parameter value as described by [20] that a small
standard error refers to a better parameter estimation.
The results showed that the models with SMOTE have
a smaller standard error estimation but do not produce
a larger difference in regression parameters estimated
from the model without SMOTE. This improvement
in the standard error estimation using SMOTE model
led to an increase in the number of variables that have
a significant effect on the poverty status of rural and

Table 4
The results of simultaneous parameter
testing without and with SMOTE

Model  Without SMOTE  SMOTE
Rural 359.1 756.7
Urban 331.5 534.7

Source: SUSENAS 2019 (processed).

urban areas since the resulting p-value was smaller. It
was concluded that the significant variables in rural
and urban areas are the age of the household head, the
ratio of working household members, gender of HH,
HH engaging in agriculture, the number of household
members, and the education of HH. In contrast, the un-
employed HH were significant in rural areas but not in
the urban.

The odds ratio results show that households with the
less ratio of working household members, the older of
HH, households with more than four household mem-
bers, a female head of household, with lower than high
school education, and those not working or working
in the agricultural sector tend to be a poor household.
These results are also in line with the descriptive anal-
ysis, where the characteristics of poor households are
those with more than four household members, a female
head of household, lower than high school education,
and not working or working in the agricultural sector.

Table 4 shows that the simultaneous parameter test-
ing using the Likelihood Ratio Test both with and with-
out SMOTE produced consistent results, thereby caus-
ing H to be rejected. All of the values of G > X%o.w;s)
was 15.057, and the 10% significance level for both
models showed that a minimum of one independent
variable affected the poverty status of rural and urban
households in East Java in 2019.
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Table 5
Classification performance comparison
Model  Sensitivity ~ Specifically ~ G-means AUC
Without SMOTE ~ Rural 0 100% 0 0.6629
Urban 0 100% 0 0.7341
SMOTE Rural 67.77% 57.19% 0.6225 0.6795
Urban 75.56% 60.99% 0.6788 0.7413
o — o | —
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Fig. 1. Area Under ROC Curve for Urban Model (AUC without
SMOTE = 73.41%; and AUC with SMOTE = 74.13%).

4.3. Classification evaluation

A classification comparison between the model with
and without the SMOTE was performed. Table 5 shows
that the accuracy value of the model without the
SMOTE has high specificity in rural and urban areas.
However, it has a sensitivity value of 0%, indicating
that the model was unable to classify the category of
poor households. The specificity value of 100 means
that the model was able to correctly classify the cate-
gory of non-poor households by 100%. This high speci-
ficity with zero value of sensitivity indicated overfitting,
which often occurs due to the logistics curve leading to
one category [21]. This condition caused the model to
be unable to correctly predict new observations in one
of the categories, namely poor. Furthermore, the value
of g-means or geometric mean of sensitivity and speci-
ficity was zero, which indicated a poor classification
performance. In other words, it means that there is an
overfitting problem in the model [22].

It was also observed that the model with the SMOTE
produced a lower specificity than the model without the
SMOTE approach, but had a higher sensitivity value. In
the rural model with the SMOTE, the sensitivity value
of 67.77 means that the model was able to correctly
classify the poor households by 67.77%. Meanwhile,
in the urban model, the sensitivity value was 75.56%,
indicating that it was able to correctly classify the poor
households by 75.56%. The model with the SMOTE

False positive rate

Fig. 2. Area Under ROC Curve for Rural Model (AUC without
SMOTE = 66.29%; and AUC with SMOTE = 67.95%).

approach has a higher g-means value than the model
without SMOTE, which is consistent with [15] that
SMOTE increased the g-means value in imbalanced
data.

The model with SMOTE also had better performance
based on the AUC value compared to the one with-
out the SMOTE approach. The higher AUC value in
the model with the SMOTE approach is in accordance
with [22] discovering that the SMOTE produced a much
higher AUC value than the other model. Also, the study
by [7] found that as the AUC value increases or gets
closer to one, the accuracy of the model becomes bet-
ter. It is also showed by the area under the Receiver
Operating Characteristic (ROC) curve in Fig. 1 for the
urban model and Fig. 2 for the rural model, which is
slightly wider in the model with SMOTE than without
SMOTE. It is important to note that a good classifi-
cation performance on imbalanced data was not only
recognized from the accuracy value but from a good
model with no overfitting problem [22]. Table 5 shows
that the model with the SMOTE approach mitigate the
problem of overfitting, indicating that it classified the
poor households in rural and urban areas better than
without SMOTE.

5. Conclusion

The logistic regression model of imbalanced data
causes biased estimation results like overestimation of
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the standard error, as well as the model not being able to
classify the minority category, such as the poor house-
holds. The SMOTE approach has been proven to over-
come both inferential and classification quality prob-
lems. Meanwhile, the model without SMOTE produced
more statistically significant variables with little differ-
ences in the regression coefficient estimated. It was con-
cluded that the model with the SMOTE approach was
better at classifying the poverty status of households in
rural and urban areas in East Java Province.
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