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 Poverty remains a significant challenge in Indonesia, particularly in urban 

areas that face substantial economic and social pressures. The poverty line, 

which reflects the minimum needs for a decent life, is used as a benchmark 

to determine poverty status. To measure poverty, three main indicators are 

commonly employed: the poverty rate (𝑃0), poverty depth (𝑃1), and poverty 

severity (𝑃2). These indicators are interrelated and provide insight into 

community welfare. To better understand the factors influencing urban 

poverty across provinces in Indonesia, a discriminant analysis was 

conducted using the poverty depth index, poverty severity index, and Gini 

ratio as the primary variables. The analysis aimed to classify urban poverty 

levels and identify the most significant factors affecting them. The results 

indicate that the data on urban poverty rates by province in 2023 met the 

assumptions of multivariate normal distribution, homogeneity, and 

independence. The analysis revealed significant differences in the poverty 

depth and severity indices among the groups, while the Gini ratio did not 

show substantial differences. A single discriminant function was sufficient to 

separate the groups, with a canonical correlation of 0.729, explaining 

67.89% of the data variability. Among the indicators, the Poverty Depth 

Index emerged as the most significant variable, while the Gini Ratio 

contributed the least. The centroid values for the low (-0.429) and high 

(2.486) poverty groups demonstrate the discriminant function's effectiveness 

in distinguishing between groups. The model achieved an overall 

classification accuracy of 91.2%, highlighting its strong performance in 

categorizing provinces based on urban poverty status. 
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1. INTRODUCTION 

Poverty is an economic condition in which a person is unable to meet basic needs and other needs 

based on his or her level of spending. A person is considered poor if his or her average monthly expenditure 

is below the poverty line. The Poverty Line describes the minimum amount of expenditure in rupiah that a 

person needs to meet his basic living needs for one month, including food and non-food needs [1]. 

Poverty measurement includes three main indicators, namely the poverty rate (P0), the depth of 

poverty (P1), and the severity of poverty (P2). The reduction in the poverty rate (P0) is not always followed 

https://creativecommons.org/licenses/by-sa/4.0/
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by a decrease in the depth of poverty (P1) and the severity of poverty (P2). Therefore, it is important to 

monitor  changes in P1 and P2 over time to analyze whether the reduction in poverty really reflects an 

improvement in the welfare of the poor [2]. 

One of the important aspects in supporting poverty alleviation strategies is the availability of 

accurate poverty data. With this data, the government can make the right decisions regarding poverty 

alleviation efforts. In addition, this data also allows the government to compare poverty rates from time to 

time. Therefore, it is important for the government, both at the regional and central levels, to understand the 

classification of poverty levels in Indonesia. For this reason, a method that is able to classify poverty levels in 

various provinces is needed. One of the methods that can be used for this purpose is discriminatory analysis 

[3]. 

Discriminant analysis is a multivariate statistical technique used to separate or classify a group of 

objects into predetermined categories [4]. For the purpose of object recognition (observation), this method 

seeks to find a discriminant function whose numerical value can distinguish objects based on known 

characteristics. Meanwhile, for classification purposes, this method groups objects (observations) into two or 

more classes [5]. 

Based on this background, this study aims to classify the poverty rate in urban areas based on 

provinces in Indonesia using discriminatory analysis. It is hoped that the results of this analysis can be a 

reference for the government in formulating effective policies to reduce poverty levels in each region. 

 

 

2. METHOD 

The data used to conduct the discriminatory analysis is the data on the classification of poverty 

levels in urban areas by province in Indonesia in 2023 and it includes secondary data obtained through   the 

BPS website. The poverty level classification used is the percentage of poverty, depth, severity, Gini ratio, 

and poverty category. The data was accessed on Monday, November 25, 2024 in the city of Surabaya, East 

Java.  

The poverty level classification variables were analyzed using discriminant analysis. The analysis 

steps in this practicum are as follows: (1) Analyzing the characteristics of the data, (2) Conducting a 

multivariate normal distribution assumption test, a homogeneity assumption test, and a Bartlett test, (3) 

Conducting a discriminant analysis which includes the average difference test, Eigen Value, Wilks Lambda, 

discriminant and model functions, and classification accuracy, (4) Interpreting the results of the analysis, and 

(5) Drawing conclusions and suggestions. 

 

2.1. Data Source 

The data used to conduct the discriminatory analysis is the data on the classification of poverty 

levels in urban areas by province in Indonesia in 2023 and it includes secondary data obtained through   the 

BPS website. The poverty level classification used is the percentage of poverty, depth, severity, Gini ratio, 

and poverty category. The data was accessed on Monday, November 25, 2024 in the city of Surabaya, East 

Java. 

 

2.2. Research Variables 

The research variables used in this study are shown in Table 1. 

Table 1. Research Variables 

Variable Remarks Data Scale Categories 

Y Poverty Status Ordinal 

1 = Low 

2 = Medium 

3 = High 

X1 Poverty Depth Index Ratio  

X2 Poverty Severity Index Ratio  

X3 Gini Ratio Ratio  

 

2.3. Data Structure 

The data structure utilized in this multivariate analysis involves 𝑛 observations across the selected 

predictors and classification groups, structured as presented in Table 2. 
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Table 2. Data Structure 

Observation (i) Grouping Variable (Y) Predictor Variables 

1 𝑌1 𝑋11 𝑋21 𝑋31 

2 𝑌2 𝑋12 𝑋22 𝑋32 

⋮ ⋮ ⋮ ⋮ ⋮ 
𝑛 𝑌𝑛 𝑋1𝑛 𝑋2𝑛 𝑋3𝑛 

 

2.4. Assumption Testing 

Test the assumption of the multivariate normal distribution of poverty level classification in Urban 

by Province in Indonesia in 2023 using the distance based on the Pearson correlation value to find out 

whether the data is normally distributed multivariate or not which will be explained as follows. 

Hipotesis : 

H0 : The classification of urban poverty levels by province in Indonesia in 2023 is normally multivariate. 

H1 : The classification of poverty levels in Urban Areas by Province in Indonesia in 2023 is not a normal 

multivariate distribution. 

 

2.5. Descriptive Statistics 

Descriptive statistics discusses the way data is collected, processing the observed numbers obtained, 

summarizing and presenting, describing and analyzing all data without drawing conclusions. The 

presentation of data in descriptive statistics is usually by making tabulations of the presentation in the form of 

graphs, diagrams, or by presenting the characteristics of the size of the concentration and the size of the 

spread. This is done to obtain information that is more interesting, useful and easier to understand. So 

descriptive statistics are statistics that discuss the collection, processing, presentation, and calculation of 

values from a data depicted in a table or diagram and does not concern the puller [6]. 

 

2.5.1 Average 

How to calculate average, namely by adding up all data frequencies and dividing by the amount of 

data. Red This is very close to quantitative data, usually the value of this quantitative data with the symbol 

that is 𝑥1, 𝑥2  …  𝑡𝑜 𝑥𝑛 (if the data contains 𝑛 values). For the symbol n, it is usually used to express a size in a 

sample, namely the amount of data, which will be studied, which is then used as a sample. N is also used to 

express the size of the population, which is the number of members as a whole in the data. Average or red is 

the ratio of the total value of observations to the number of observations [7]. 

The single data is as follows. 

 𝑥 = ∑
𝑥𝑖

𝑛

𝑛
𝑖=1          (1) 

Description: 

𝑥𝑖 = The value of the variable to -i  

𝑖 = 1,2,3, . . . 𝑛  

𝑛 = The amount of data of the value 𝑥 

The group data is as follows [7].  

 𝑥̅ =  ∑
𝑥𝑖.𝑓𝑖

𝑛

𝑛
𝑖=1          (2) 

Description: 

𝑥𝑖 = Midpoint of the 𝑖-value 

𝑓𝑖 = Frequency of class 𝑖 
n = The amount of data of the value 𝑥 

 

2.5.2 Median 

Median is one of the measures of data traceability, i.e. if a group of data is sorted from smallest to 

largest or largest to smallest, the value of the observation is right in the middle if the amount of data is odd, 

or the average of the two observations in the middle if the number of observations is even [8]. 

Formula median For a single data with 𝑛 odd numbers is as follows.  

 𝑀𝑒 =  
1

2
𝑥𝑛+1         (3) 

Formula median For a single data with 𝑛 even numbers is as follows.  

 𝑀𝑒 =  
1

2
𝑥𝑛

2
+ 𝑥𝑛

2
         (4) 

Description: 

𝑀𝑒 = Median 

𝑥  = Data value 

𝑛  = Amount of data 
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Formula median for the group data is as follows.  

 

2

n
F

Me Tb p
f

 
− 

=  
 
           (5) 

Description: 

𝑇𝑏  = Bottom edge of the class median 

𝐹  = Cumulative frequency before class median 

𝑓  = Class frequency median 

𝑛  = Lots of data 

𝑝 = Class length 

 

2.5.3 Variance 

Variance is the sum of the squares of all the deviations of individual values from the mean of the 

group. Variance can describe how a quantitative data is scattered [9]. Variance (𝑆2) a single data is expressed 

as follows. 

 𝑆2 =
∑(𝑥𝑖−𝑥̅)2 

𝑛−1
         (6) 

The formula has an explanation, namely 𝑖 is the first observation and 𝑥1 is the first observation, then 

𝑥2 is the second observation and so on. is the average and n is the number of observations. As for the number 

of observations. 𝑥̅ variance (𝑆2) a group data is stated as follows [9]. 

 𝑆2 =
∑ 𝑓1(𝑥1−𝑥̅)2𝑛

𝑖=1

∑ 𝑓1
𝑛
𝑖=1

        (7) 

Description: 

𝑓1 = Frequency of class i 

𝑥1 = Middle grade of the i class 

𝑖 = 1,2,3, . . . 𝑛  

𝑥̅ = Average 

𝑛 = Amount of data 

 

2.5.4 Standard Deviation 

Standard deviation is the sum of the variation or spread in a range of values. Standard deviation low 

indicates that the value tends to be close to average From this data, Standard Deviation indicates that the 

value of the data is getting farther or farther away from the average [10]. The formula used to calculate the 

value Standard Deviation shown as follows.  

 s = √
∑ (𝑥𝑖−𝑥̅)2𝑛

𝑖=1

𝑛−1
         (8) 

Description: 

s = Standard Deviation 

𝑥̅ = average 

𝑥𝑖 = value to-𝑥𝑖 
i = 1,2,3,...n  

𝑛 = a lot of data 

 

2.6 Assumptions of Discriminative Analysis 

Discriminant analysis has assumptions, the mean vector between different groups, the observation of 

multivariate normal distribution, and the covariance matrix between the same groups. The following is an 

explanation related to the assumptions that must be met in the discrimination analysis, namely the assumption 

of the multivariate normal distribution, the independent correlation test, and the homogeneity of the variance 

and covariance matrix [11]. 

 

2.6.1 Multivariate Normal Distribution Test 

Normality testing or commonly called normal distribution is used as a condition or assumption of 

testing on multivariate using independent testing T-test, Squirrel paired T-test [12] and various other tests, 

both multivariate and univariate analysis. The test of the assumption assumption of the normal distribution of 

the multivariate is carried out using the distance of mahalanobis, but in this practicum we use the statistics of 

the T-proportion test with the following steps. 

Hypothesis: 

H0: Multivariate Normal Distributed Dependent Variable 
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H1: Multivariate Normal Undistributed Dependent Variables 

Significant level: 5% or 𝛼 =  0.05 

Rejection area: Minus 𝐻0, if the Tproportion is outside the 45% ≤ Tproportion ≤ 55%. 

Test Statistics [12]:  

 𝑑𝑗2 =  (𝑥𝑗 − 𝑥̅)𝑆−1(𝑥𝑗 − 𝑥̅)       (9) 

Description : 

𝑑𝑗
2      = Distance of the j-point 

𝑥𝑗       = Observation of the j-d variable 

𝑆−1    = Covariance matrix 

𝑥̅        = Average data 

 

2.6.2 Independence Correlation Test (Bartlett Test) 

Test Bartlett aims to find out if there is a relationship between variables in multivariate cases. If the 

variable 𝑥1, 𝑥2, … , 𝑥𝑝 are mutually free, so the correlation matrix between variables is the same as the identity 

matrix. To test the freedom between these variables, the Bartlett states the hypothesis as follows. 

Hypothesis: 

H0 :  𝜌 = 𝐼(Correlation matrix is identical to identity matrix or between independent variables) 

H1 : (Correlation matrix is not identical to identity matrix or between dependent variables)𝜌 ≠ 𝐼 

Significant Grade : α as perar 0.05 

Rejection District: H0 is rejected if or P-value < 𝑋2
ℎ𝑖𝑡𝑢𝑛𝑔 > 𝑋2

𝛼,𝑑𝑓 

Test Stats [13]:  

 𝜒2 = (𝑙𝑛10){𝐵 − ∑ (𝑛 − 1)𝑙𝑜𝑔𝑠𝑖
2𝑛

𝑖=1 }      (10) 

 𝐵 = (𝑙𝑜𝑔𝑠2) ∑ (𝑛𝑖 − 1)𝑛
𝑖=1         (11) 

 𝑆 =
∑ (𝑛𝑖−1)𝑠2𝑛

𝑖=1

∑ (𝑛−1)𝑛
𝑖=1

         (12) 

Description: 

𝑛 = amount of data 

𝑠𝑖
2 = variance of data to-i 

𝑠2 = Data dissemination 

B = Statistical Parameters 

ln10 = Constant 

Log𝑠𝑖
2 = Logarithm Variance 

i = 1,2,3,...n 

 

2.6.3 Variance Homogeneity Test (Box's M Test) 

Homogeneity test variance is a test used to find out whether the variance of several populations is 

the same or not. Two-way similarity test variance is used to test whether the distribution of the data is 

homogeneous or not, i.e. by comparing the two variancedata. If two or more data groups have variance The 

same magnitude, the homogeneity test does not need to be carried out anymore because the data is already 

considered homogeneous. Homogeneity tests can be performed if the data groups are in normal distribution. 

The homogeneity test is performed to show that the differences that occur in parametric statistical 

tests are actually due to differences between groups, not as a result of differences in groups [14]. 

Hypothesis: 

H0: Homogeneous covariance  matrix 

H1 :  Heterogeneous covariance matrix 

Significant Status : α 

Rejection District: H0 is subtracted if H0 if F > F1-α(dbr,dbg) or p-value < α  

Test Stats:  

 𝑀𝐶−1 = (𝑛𝑘 − 1)𝑙𝑛|𝑠| − ∑ (𝑛𝑘 − 1)𝑙𝑛|𝑠𝑘|𝜀
𝑘=1 𝐶−1     (13) 

Where,  

 𝐶−1 = 1 −
(2𝑝2+3𝑝−1)(𝑘+1)

6(𝑝+1)𝑘𝑛
        (14) 

Description:  

𝑛𝑘  = Sample size k 

𝑠      = Matrix Kovarians variance Combined 

𝑠𝑘  = Matrix Covarians to the treatment of k 

𝑘    = Number of groups 

𝐶−1  = A trans matrix 
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2.7 Discriminant Analysis 

Discriminant analysis is a multivariate analysis applied to model the relationship between one 

categorical response variable and one or more quantitative predictor variables. This analysis will form a 

discriminant function to separate a new set of objects into a new object in a group, so that this analysis can be 

used as a classification method. Discriminant analysis is applied to model the relationship between one 

categorical response variable (nonmetric, nominal or ordinal, qualitative) and one or more quantitative 

predictor variables. The discriminant analysis model is shown in the following equation [15].   

 𝑌𝐾= 𝑏k1X1 + 𝑏k2X2 + …+ 𝑏kpXp       (15) 

Remarks:  

𝑌𝐾  = Discriminative value of k 

p = Number of independent variables 

𝛽k = Discriminating coefficient 

X = Independent (free) predictor or variable  

 

2.7.1 Average Vector Similarity Test 

The average vector similarity test was carried out to test the differences between groups formed 

from each independent variable [11]. 

Hypothesis: 

H0:  𝑚1  =   𝑚2  = . . . =  𝑚𝑘 

H1: There are at least 2 different groups. 

Rejection area: minus H0 if Fhit>F(α; df1; df2) or P-Value<α 

Test statistics: 

 
( )

)(
2

1 2

21

21 t
pnn

pnn
Fhit 














−+

−−+
=

        (16) 

Where: 

 
( ) ( )2 11 2

1 2 1

1 2

( ) '
n n

t X X S X X
n n

 −=  − −
+        (17) 

Description: 

N1 = number of observations from group 1 

N2 = number of observations from group 2 

p = number of independent variables 

S-1 = inverse matrix of the combined variety 

1X  = group average 1 

2X  = average group 2 

 

2.7.2 Eigenvalue 

Eigenvalue is a measure of the value of variance a variable so that it can be constructed into a factor. 

The process to find the eigenvalue is to form a matrix variance-Covarians, then define the matrix Varians-

Covarians with the identity matrix, i.e. the formula . It further forms the characteristic equation of the matrix 

with the formula. 𝐴𝑥 =  𝜆𝐼𝑥 det(𝐴 − 𝜆𝐼) = 0 

 

2.7.3 Wilk's Lambda Test 

Wilks' Lambda is the ratio between the number of squares in a group and the total number of 

squares. Wilks' Lambda values range from 0 to 1. Values close to 1 indicate that the average of the groups is 

likely to be no different [17]. 

Hypothesis:  

H0 : There is no significant difference between independent variables and dependent variable categories  

H1 : There is a significant difference between independent variables and dependent variable categories 

The critical region is minus H 0 if χ 2 calculates > χ2 (α; df) or P-Value < α.  

Test Statistics: 

 Λ =
𝑆𝑆𝑤

𝑆𝑆𝑘
             (18) 

Where: 

 
𝑆𝑆𝑤

𝑆𝑆𝑘
=  

∑ ∑ (𝑥𝑖𝑗− 𝑥𝑖̅̅ ̅)2𝑛
𝑗=1

𝑔
𝑖=1

∑ ∑ (𝑥𝑖𝑗− 𝑥̅)2𝑛
𝑗=1

𝑔
𝑖=1

            (19) 

Description: 

Λ  = Wilk's Lambda 
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𝑆𝑆𝑤  = Sum of square within group 

𝑆𝑆𝑘  = Sum of square total 

 

2.7.4 Discriminating Function 

The discriminant function is used to predict the group of a new object that is observed. This 

discriminant function is obtained from the unstandardized coefficient. This shows the partial contribution of 

each variable to the dyschemy function. The following is an equation of the discriminant function in general 

[17]. 

 𝑌𝐾 =  𝑏k1X1 +  𝑏k2X2 + … +  𝑏kpXp          (20) 

 𝑌𝐾 =  𝑏′𝑘𝑋             (21) 

In this case, Yk is the discriminant value of k; 𝑘 =  1, 2, . . . , 𝑠;  𝑠 ≤  𝑚𝑖𝑛(𝑚 − 1, 𝑝); m is the 

number of observations; p is the sum of independent variables; b is the discriminant coefficient; and X is the 

independent variable. 

The value of the discriminant function coefficient is obtained using the following equation. 

 𝑏𝑘 =  √𝑊𝑖𝑖𝑎𝑚            (22) 

 𝑎 = (𝑊−1𝐵 − 𝜆𝐼) = 0             (23) 

In this case, bk is the standard discriminant coefficient of the ith variable in the discriminant 

function of m; wii is the main diagonal of  the covariance  matrix in the group; 𝑎mi is the non-standard 

discriminant coefficient of the i in the discriminant function of m; B is  the matrix of covariance between 

groups;  W is the matrix of covariance in a group; λ is the eigenvalue; and I is the identity matrix. 

 

2.8 Poverty Depth Index 

The Poverty Gap Index or poverty depth index is defined as a measure of the gap in the average 

expenditure of each population that is classified as poor against the poverty line. This index can function as a 

comparison between regions, where the higher the value of an area, the more severe the poverty depth index 

[18]. 

 

2.9 Poverty Severity Index 

The Poverty Severity Index (P2) is an index that provides information about the distribution of 

expenditure among the poor. Provides complementary information on the incidence of poverty. For example, 

there may be cases where some poor groups have a high incidence of poverty but a low poverty gap, while 

other groups have a low incidence of poverty but have a high poverty gap for the poor. The higher the index 

value, the higher the inequality of expenditure among the poor [19]. 

 

2.10 Gini Ratio 

Gini Ratio is a measure of aggregate inequality that was first developed by an Italian statistician 

named Corrado Gini and published in 1912. One measure of inequality that is also often used is the Gini ratio 

with a scale of 0- 1. The higher the value gini ratio shows an increasing inequality. If the Gini ratio in an area 

increases, it means that the income inequality gap of the people in that area is widening [20][21][22]. 

 

2.11 Previous Research 

Research related to modeling socio-economic determinants, health status, and regional development 

in Indonesia has demonstrated the importance of multivariable and nonparametric statistical approaches in 

capturing the complexity of regional data, such as unmet need  status [23],[24], nonparametric binary logistic 

regression inference frameworks for the status of disadvantaged areas [25], and some studies using 

classification models such as [26] as well as modeling of open unemployment status and public health 

[27],[28],[29]. 

 

 

3. RESULTS AND DISCUSSION 

 

3.1.  Characteristics of Regency/City Grouping Data in Central Java in 2022 Based on Factors 

Affecting the Human Development Index 

The characteristics of the data through the boxplot of factors that cause the Poverty Rate in Urban 

Areas are displayed in the following descriptive statistical table. 
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Table 3. Data Characteristics 

Poverty Status 

Human Development Index Factors 

Mean Standard Deviation 

Low 

Poverty Depth 

Index 
0,0098 0,00425 

Poverty 

Severity Index 
0,0024 0,00138 

Gini Ratio 0,3513 0,04973 

Medium 

Poverty Depth 

Index 
0,0190 0,00323 

Poverty 

Severity Index 
0,0046 0,00102 

Gini Ratio 0,3932 0,03743 

Height 

Poverty Depth 

Index 
0,112 0,00525 

Poverty 

Severity Index 
0,0027 0,00154 

Gini Ratio 0,3574 0,04995 

Based on Table 1. shows that in areas with low poverty status, the average poverty depth index is 

0.0098 with a standard deviation of 0.00425, indicating a small level of poverty depth and low variation. The 

average poverty severity index is 0.0024 with a standard deviation of 0.00138, describing a very low poverty 

severity and a small spread. Meanwhile, the average Gini ratio is 0.3513 with a standard deviation of 

0.04973, indicating a moderate level of income distribution inequality with considerable variation. 

In areas with moderate poverty status, the average poverty depth index increased to 0.0190 with a 

standard deviation of 0.00323, indicating a greater depth of poverty than in low-poverty areas, but still 

relatively small with a low variation. The average poverty severity index was 0.0046 with a standard 

deviation of 0.00102, slightly higher than in low-poverty areas, with a small degree of distribution. The mean 

Gini ratio increased to 0.3932 with a standard deviation of 0.03743, reflecting higher income inequality than 

low-poverty areas, but with more controlled variation. 

In areas with high poverty status, the average poverty depth index reached 0.112 with a standard 

deviation of 0.00525, indicating a much greater increase in poverty depth than in moderate and low poverty 

areas, with a small variation. The mean poverty severity index was 0.0027 with a standard deviation of 

0.00154, indicating that despite high poverty status, the severity of poverty was not much different from that 

of low and medium poverty areas, with a slightly larger spread. The average Gini ratio in this region was 

0.3574 with a standard deviation of 0.04995, describing a moderate level of income distribution inequality, 

with slightly lower values than in moderate poverty areas, but with a larger spread. 

Overall, the data showed that the higher the poverty status, the more the average poverty depth index 

tended to increase, but the poverty severity index did not show a significant increase. Meanwhile, the Gini 

ratio tended to fluctuate, with the highest values in moderate poverty areas. Variation between regions tended 

to be small for the depth and severity of poverty indexes, while the Gini ratio varied greater. This 

characteristic provides an idea of the dynamics of human development and the distribution of welfare in 

regions with different poverty levels. 

 

3.2.  Assumption Test 

A significant level (α) is set of 0.05 and the area of rejection is minus H0 if p-value > 0.05, a 

Pearson correlation value of 0.745 was obtained and reinforced by a p-value of 0.000 which was smaller than 

0.05 so that it was decided to fail to subtract H0 which means that the classification of poverty levels in 

Urban Areas by Province in Indonesia in 2023 is normally distributed multivariately. 

 The Independence Test of the classification of poverty levels in Urban Areas by Province in 

Indonesia in 2023 using the Bartlett test to find out whether the data meets the dependent assumptions or not 

which will be explained as follows. 

Hipotesis : 
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H0 : 
I =

( Classification of poverty levels in Urban areas by Province in Indonesia in 2023 independent) 

H1 : 
I 

( Classification of poverty levels in Urban areas by Province in Indonesia in 2023 dependent) 

 A significant level (α) is set of 0.05 and the area of rejection is minus H0 if 

2 2

hitung tabel 
 p-value 

< 0.05, obtained 

2

hitung
 by 91,913 which is greater than 

2

tabel
 by 7,815 and strengthened by a p-value of 

0.000 which is smaller than 0.05 so that it is decided to reject H0 which means that the classification of 

poverty levels in Urban Areas by Province in Indonesia in 2023 is dependent. 

 Multicollinearity detection is used to find out whether there is a correlation between the predictor 

variables that indicate a person is smoking or not explained as follows.  

Table 4. Multicollinearity Detection 

Variabel Poverty Depth Index Poverty Severity Index Gini Ratio 

Poverty Depth Index 1 0,962 0,134 

Poverty Severity Index 0,962 1 0,020 

Gini Ratio 0,134 0,020 1 

The table above shows that there is a high correlation value between the poverty severity index variable and 

the poverty depth index because the correlation value is close to 1, but a low correlation is obtained between 

the poverty depth and severity index and the Gini ratio so that it does not indicate the existence of 

multicollinearity between the predicate variables. 

 The variance homogeneity test is used to meet the assumption of discriminant analysis, namely a 

homogeneous covariance matrix using the Box’s M as follows. 

Hipotesis : 

H0 : (matrix variance covariance homogeneous)∑1 = ∑2 = ⋯ = ∑𝑖 

H1 : there is at least one (heterogeneous covariance matrix)∑𝑖 ≠ 0 

Table 5. Box’s M Test Result 

F 𝐹(0,05; 6; 279,026) P-value 

0,156 2,131 0,988 

 A significant level (α) is set of 0.05 and the area of rejection is minus H0 if F >  𝐹(∝,𝑑𝑓1,𝑑𝑓2)or p-

value < 0.05, obtained F of 0.156 which is greater than 2.131 and strengthened by a p-value of 0.988 which is 

greater than 0.05 so that it is decided to fail to subtract H𝐹(0,05; 6; 279,026)0 which means that the classification 

of urban poverty levels by province in Indonesia in 2023 is homogeneous. 

 

3.3.  Discriminant Analysis 

The results of the discriminatory analysis on the classification of poverty levels in Urban Areas by 

Province in Indonesia in 2023 are as follows. The difference in the average classification of poverty levels in 

Urban by Province in Indonesia in 2023 is explained as follows. 

Table 6. Average Classification of Poverty Level 

Poverty status 
average 

X1 X2 X3 

Low 0,0098 0,0024 0,3513 

moderate 0,019 0,0046 0,3932 

height 0,011 0,0027 0,3574 

The table shows that there is no difference in the mean depth index, severity index, and Gini ratio in 

poverty status reinforced by testing the following hypothesis. 

Hipotesis : 

H0 : There is no difference in the average poverty depth index in poverty status.  

H1: There is a difference in the average poverty depth index in poverty status.  

H0 : There is no difference between the average poverty severity index and poverty status.   

H1: There is a difference in the average poverty severity index and poverty status.  

H0 : No difference in average  gini ratio on poverty status. 

H1 : There is an average difference  gini ratio at the level of poverty status. 
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 A significant level (α) is set of 0.05 and the area of rejection is minus H0 if F >  p-𝐹(∝,𝑑𝑓1,𝑑𝑓2)value 

< 0.05.  

 

Table 7. Signification Test Result 

Variable F count F P-value 

Poverty Depth Index 21,2 
 

4,149 

0,000 

Poverty Severity Index 11,426 0,002 

Gini Ratio 3,205 0,083 

 Obtained F on the poverty depth index and poverty severity index of 21.2 and 11.426 respectively, 

which are greater than  𝐹(0,05; 1; 32)by 4,149  and p-values of 0.000 and 0.002 which are smaller than α 0.05 so 

that it was decided to reject H0 which means that there is a difference in the average poverty depth index and 

poverty severity index in poverty status. Meanwhile, it is obtained F on gini ratio of 3,205 which is smaller 

than 𝐹(0,05; 1; 32) of 4.149 and a p-value of 0.083 which is greater than α 0.05 so that it was decided to fail to 

reject H0 which means there is no difference in the average gini ratio on poverty status. 

 

3.4.  Discriminant Analysis Modeling 

After all the assumptions of the discriminatory analysis have been met, the next is the modeling of 

the discriminatory analysis for the classification of poverty levels in Urban by Province in Indonesia in 2023 

as follows. 

Table 8. Modeling Discriminatory Analysis Results 

Function Self-esteem % of Variance Canonical Correlation 

1 1,132 100 0,729 

Based on the eigenvalue table, an eigenvalue of 1.132 indicates the magnitude of the variance 

explained by the discriminant function. This value indicates that the discriminant function has good 

discriminating power to separate groups. The first discriminant function explains 100% variance, which 

means that all relevant information in the model is contained in this function. The cumulative value also 

reaches 100%, confirming that one discriminant function is sufficient to model the relationship between the 

variables in this analysis. In addition, the canonical correlation value of 0.729 indicates a strong relationship 

between the discriminant function and the identified group. This means that with only one discriminant 

function, the model or the predictor variable is able to explain the response variable by 67.89%, while the 

remaining 32.11% is explained by other factors. 

Table 9. Discriminatory Analysis Function 

Test of Function Wilks Lambda Chi-Square df P-Value 

1 0,469 23,095 3 0,001 

Based on Wilks' Lambda table, Wilks' Lambda value of 0.469 indicates that the discriminant 

function is quite effective in explaining differences between groups. This value indicates that most of the 

variability in the data is successfully explained by the discriminant model. In addition, the significance value 

is very small of 0.001, which means that this result is significant at a 95% confidence level. Thus, it can be 

concluded that the discriminant function used in this analysis has a good ability to separate existing groups 

statistically and that the independent variables used make a significant contribution to differentiating groups. 

Table 10. Significant Contribution 

Variable Function 1 

Poverty Depth Index 3,144 

Poverty Severity Index -2,462 

Gini Ratio -0,075 

Based on the Standardized Canonical Discriminant Function Coefficients table, the results obtained 

that the Poverty Depth Index variable has the largest coefficient, which is 3.144, which shows that this 

variable has the most significant influence in differentiating groups. On the other hand, the Poverty Severity 

Index variable has a coefficient of -2.462, which is also significant but with a negative direction, indicating 

that the lower value in this index is more related to one group than the other. Meanwhile, the Gini Ratio 

variable has the smallest coefficient, which is -0.075, so its contribution to the discriminant function is 

relatively smaller than the other two variables. Overall, these results show that the Poverty Depth Index is the 

most decisive variable in distinguishing groups, while the Gini Ratio plays a less significant role in 

separating groups. 

Based on the table of Canonical Discriminant Function Coefficients, the discriminant functions 

formed are as follows. 
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𝐷̂ = −2,933 + 759,668 Poverty Depth Index − 1834,394 𝑃𝑜𝑣𝑒𝑟𝑡𝑦 𝑆𝑒𝑣𝑒𝑟𝑖𝑡𝑦 𝐼𝑛𝑑𝑒𝑥 − 1,542 𝐺𝑖𝑛𝑖 𝑅𝑎𝑡𝑖𝑜 

 

This function shows that the Poverty Depth Index has a large positive coefficient, which is 759,668, which 

indicates that provinces with higher levels of depth of poverty tend to have greater discriminant function 

values, which are associated with higher rates of urban poverty. In contrast, the Poverty Severity Index has a 

large negative coefficient, which is -1834,394, indicating that an increase in the severity of poverty in a 

province is related to a lower value of the discriminant function, which may indicate the characteristics of 

provinces with lower levels of urban poverty. Meanwhile, the Gini Ratio, which has a small negative 

coefficient of -1,542, contributes less to differentiating provinces based on urban poverty levels. 

Based on the Functions at Group Centroids table, the centroid value shows the average discriminant function 

value for each poverty status group. The group with low poverty status has a centroid value of -0.429, while 

the group with high poverty status has a centroid value of 2.486. The considerable difference between these 

two values shows that the discriminant function is able to effectively distinguish the two groups. This 

centroid value is also used to determine the group membership of a province based on the discriminant 

function value it obtains. If the discriminant function value of a province is close to -0.429, then the province 

tends to be classified into the group with low poverty status. Conversely, if the discriminant function value is 

close to 2.486, then the province tends to be classified into the group with high poverty status. 

 

3.5.  Model Evaluation and Classification Accuracy 

Model evaluation and classification results table are as follows 

Table 11. Model Evaluation and Classification Results 

 Poverty Percentage 
Predicted Group Membership Total 

Low Height 

Count 
Low 26 3 29 

Height 0 5 5 

Presses 
Low 89,7 10,3 100 

Height 0 100 100 

Based on the Classification Results table, classification results were obtained showing that out of 29 

provinces with low poverty status, 26 provinces were correctly classified, while 3 provinces were incorrectly 

classified into the high poverty status group, resulting in an accuracy rate of 89.7% for this group. For the 

high poverty status group, all 5 provinces were correctly classified, providing an accuracy rate of 100%. 

Overall, the accuracy of the classification in the original data was 91.2%, indicating that the discriminator 

function was able to distinguish poverty status groups with excellent success rates. 

 

 

4. CONCLUSION 

The conclusions obtained from the classification of poverty levels in Urban by Province in Indonesia 

in 2023 are seen from the characteristics of the data showing that the index severity index variable has the 

lowest average and standard deviation in all poverty statuses and the Gini ratio variable has the highest 

average and standard deviation in all poverty statuses. The results of the assumption testing analysis on the 

poverty level classification data in Urban by Province in Indonesia in 2023 have met the assumptions of 

multivariate normal distribution, homogeneity assumptions, and independence assumptions. The results of 

the discriminant analysis show that the classification of poverty levels in Urban by Province in Indonesia in 

2023 has a classification accuracy of 91.2. Through this study, it is recommended that the government pay 

attention to the high income inequality (Gini ratio) in urban areas. In addition, social protection programs 

need to be strengthened to reduce community vulnerability, especially in areas with high poverty severity. 
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