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ABSTRACT
Indonesian health data for 2024 has multidimensional characteristics
with a large number of interconnected variables, leading to high com-
plexity in the analysis and visualization process. This complexity poses
a challenge in generating information that is easy to understand and
can support data-driven decision-making. This research aims to imple-
ment the Principal Component Analysis (PCA) method as a technique
for dimension reduction and visualization of Indonesian health data.
The research method used is a quantitative approach with descriptive-
exploratory secondary data analysis. The research stages include data
pre-processing, PCA implementation, principal component determina-
tion, variable contribution analysis, and data visualization using scatter
plots and biplots. The research results show that PCA is able to signif-
icantly reduce the number of variables while still retaining most of the
main information contained in the data. Principal component analysis-
based visualization produces clearer and more easily interpretable pat-
terns and structures in health data. Thus, PCA has proven effective
in simplifying the complexity of national health data and supporting
the presentation of more informative and actionable information for
decision-making in the health sector.
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1. INTRODUCTION
Many factors affect Indonesia’s public health. The many markers can make it hard to show and understand

health in Indonesia [1] [2]. Too many variables can sometimes cause multicollinearity problems, which means
that there are a lot of variables that are related to each other [3] [4]. Life Expectancy, Health Center Ratio,
Hospital Ratio, Percentage of PHBS RT, Percentage of RT with Adequate Sanitation, Percentage of Low Birth
Weight Infants, Percentage of Infants Receiving Exclusive Breastfeeding, and Diarrhea Morbidity Rate (per 1000
population) are all factors that are looked at when figuring out health characteristics [5]. Taking these factors into
account, we can identify key indicators to evaluate the health characteristics in Indonesia [6].

The issue can be solved by reducing the factors that influence the health characteristics of the Indonesian
people [7]. The Principal Component Analysis (PCA) method will be applied to this issue [6]. Principal Com-
ponent Analysis is an analysis of statistics designed for minimizing the dimension of a dataset while conserving
its essential qualities [8]. Alongside reduction of dimensionality Principal Component Analysis can also mitigate
multicollinearity concerns in Multiple Linear Regression Analysis [9]. Principal Component Analysis continues to
be refined for factor reduction [10].

2. RESEARCH METHOD
The research object of this study is Indonesian health data from 2024, obtained from secondary data sourced

from official government agencies, such as the Ministry of Health of the Republic of Indonesia or other relevant
institutions [11]. The data includes various health indicators representing the health conditions of the Indonesian
population, such as healthcare service indicators, public health status, demographic factors, and environmental fac-
tors. The dataset used is multivariate, with a relatively large number of variables and the potential for correlation
between variables [12].

Principal component analysis explains the structure of the variance-covariance matrix of a set of variables in
linear combinations of those variables. Principal components are used for variable reduction and interpretation [13].
Assume there are p variables comprising n objects. Consider that from these p variables, k principal components
(where k ≤ p) are generated, which are linear combinations of the p variables. The k principal components can
substitute the p variables from in which they originate without a substantial reduction of information regarding
the overall variables [14]. principle component analysis is typically an intermediate analysis, indicating that the
outcomes of the principal components can be utilized for later analyses. In this case using software R studio to
analysis the data to get the information representing the health condition [15].

2.1 Calculating value of the Bartlett Test of Sphericity and the Kaiser-Meyer-Olkin
(KMO)

Before conducting the principal component analysis, it utilizes a correlation matrix. The first stage in principal
component analysis is the construction of the correlation matrix [16]. This matrix is utilized to derive the proximity
values of the correlations among the study variables. The proximity value can be utilized to perform various tests
to assess the alignment with the correlation values derived from the principal component analysis.

2.2 Bartlett’s Test

The Bartlett’s test is used to determine whether the correlation matrix is an identity matrix. This test is used
when most of the correlation coefficients are less than 0.5 [17].
Hypothesis:
H0: There is no significant correlation between the variables
H1: There is a significant correlation between the variables
Statistics test:

x2
obs = −

[
(N − 1) − (2p + 5)

6

]
ln |R|

Where:
N = Amount observation
p = Consist of variables
|R| = Determinant of correlation matrices
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Following the decision criterion of not rejecting H0 at the significance level α, the subsequent step is to perform
the Bartlett test of sphericity, utilized to assess the correlation among the variables in the sample.

2.3 Kaise Meyer Oklin (KMO) Test

This test analyzes the appropriateness of observational data for analysis via principal component analysis. The
Kaiser-Meyer-Olkin (KMO) statistic quantifies sample adequacy, utilizing the following formula:

KMO =

∑
i

∑
j

r2
ij∑

i

∑
j

r2
ij +

∑
i

∑
j

α2
ij

(1)

which:
rij = Coefficcient correlation between variable i and j

aij = Partial coefficcient correlation between variable i and j

The accomplishment of a minor partial correlation coefficient relative to the correlation coefficient will yield a
KMO value nearing 1. A low KMO score suggests that the application of factor analysis should be reevaluated, as
the interrelations among variables cannot be elucidated by other variables. The criteria for decision-making are
as follows.

Table 1: Decision Criteria

Value of KMO Interpretation
KMO > 0.9 The data is very good.

0.8 < KMO ≤ 0.9 Good data
0.7 < KMO ≤ 0.8 The data is quite good.
0.6 < KMO ≤ 0.7 Insufficient Data
0.8 < KMO ≤ 0.6 Bad data

KMO < 0.5 Data is not eligible.

2.4 Evaluation of Component Factors by Eigenvalues

The eigenvalue signifies the degree of influence a variable exerts on the development of qualities represented by
λ. Factor extraction is a prevalent technique employed to identify eigenvalues that are greater than or equal to 1 or
0, as well as to analyze the scatter plot. Factors with an eigenvalue exceeding 1 are preserved, whilst those with an
eigenvalue below 1 are excluded from the model. An eigenvalue signifies the extent to which a factor contributes
to the variance of all original variables. Only factors exhibiting a variance over 1 are used into the model. Factors
exhibiting a variance below 1 are suboptimal, as the original variables have been normalized, resulting in a mean
of 0 and a variance of 1.

2.5 Determination of Principal Component Analysis

Three methods are employed to ascertain the quantity of main components for subsequent investigation. The
initial approach involves examining the explained variance, which ought to exceed 80%. The alternative approach
involves examining the eigenvalues that exceed one. The third way involves examining the scree plot, particularly
the elbow point indicated on it. This study determines the number of principle components generated in principle
Component Analysis (PCA) by examining eigenvalues exceeding one.

3. RESULT AND ANALYSIS
This research covers all provinces in Indonesia, which number 34. Data obtained in 2024, which describes health

characteristics in Indonesia. The secondary data used comes from the 2024 Indonesian Health Profile publication.
This publication is issued by the Ministry of the Republic of Indonesia and includes data and indicators from each
relevant province.

The following are the indicators found in the publication ”Indonesia Health Profile.” This study did not include
all available indicators, but only selected ones:
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Table 2: Indonesia Health Profile Indicators

No Indicator Name Indicator Explanation
1 Life expectancy The average number of years a person who reaches age X in a given year

is expected to live, based on the mortality conditions prevailing in the
community.

2 Health center ratio Comparison between the number of community health centers and the
population in a province.

3 Hospital ratio Comparison between the number of hospitals and the population in a
province.

4 Percentage of households
with clean and healthy
lifestyle behaviors

Households that implement 10 indicators of clean and healthy living.

5 Percentage of households
with Adequate Sanitation

Households using communal toilets, swan-neck toilets, and septic tanks.

6 Percentage of low-birth-
weight babies

Babies weighing less than 2.5 kg at birth.

7 Percentage of infants ex-
clusively breastfed

Exclusive breastfeeding without other foods or drinks until the baby is 6
months old, and then continuing until the baby is 2 years old, even after
the baby starts eating.

8 Diarrhea morbidity rate Bowel movements more than three times a day with loose stools.

Based on the results of the Kaiser–Meyer–Olkin (KMO) Measure of Sampling Adequacy test, an Overall MSA
value of 0.65 was obtained. This value falls within the range of 0.6 < KMO ≤ 0.7, indicating that the data is
categorized as sufficient (insufficient but acceptable) for factor analysis or Principal Component Analysis (PCA).
Therefore, in general, the data meets the minimum eligibility criteria for further analysis using PCA.

Next, the MSA values for each variable show varying levels of feasibility. Variables X2 (0.74), X5 (0.71), X6
(0.69), X7 (0.63), and X8 (0.88) have MSA values above 0.6, indicating that they are feasible and make a good
contribution to factor formation. Variable X8 even shows a very good MSA value, indicating a strong correlation
with other variables in the data structure.

However, variables X3 (0.37) and X4 (0.34) have MSA values below the minimum threshold of 0.5. This
indicates that both variables contribute less to factor formation and have relatively high partial correlations. This
condition needs to be addressed, as variables with low MSA values can potentially reduce the quality of the factor
analysis results.

Furthermore, the results of Bartlett’s Test of Sphericity show a test statistic value of X2 = 127.5629 with
degrees of freedom (df) = 28 and a p-value of 1.158031 × 10−14. The p-value, which is much smaller than the
significance level of 0.05, leads to the rejection of H0, thus concluding that there is a significant correlation between
the variables in the data. In other words, the correlation matrix is not an identity matrix, so the data meets the
assumption for factor analysis or PCA. Overall, the results of the KMO and Bartlett’s Test indicate that the data
are sufficiently suitable for analysis using Principal Component Analysis, although there are several variables with
low MSA values that need to be considered in the advanced analysis stage.

Figure 1: Matrix Varians and Covarian
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Eigenvalues are used to describe how much variance can be captured by the principal components. Eigenvectors,
on the other hand, are the coefficients used to form the principal components from the variables, acting as loadings.
Eigenvalues are typically used to create points on a Scree Plot, which serves as a reference for plotting the k-th
principal component against its eigenvalue.

Regarding the method for determining the number of principal components, by looking at the proportion of
variance of the principal components obtained from the eigenvalues of the principal components corresponding to
the total of all eigenvalues, we obtain principal components that cover at least 80% of the cumulative variance in
the data or at least 80% of the data’s variability.

Figure 2: Determining the Value of the Principal Component Function

Based on the information obtained, the number of main components extracted was 4. This is in accordance
with the minimum coverage of 80 percent of the data variance. These four components are able to capture 83.08
percent of the total data variability.

Additionally, the method for determining the number of principal components using a Scree Plot was also
obtained. A Scree Plot represents the principal components with their eigenvalue variances. The number of
principal components is determined from the extreme point where the curve line begins to flatten or is insignificant
in adding to the total data variance. The scree plot is shown in the following graph:

Figure 3: Creating a Screeplot

Based on the graph above, the main components extracted are 4. This is indicated by the extreme point where
the curve line begins to flatten, shown at the 4th component. Therefore, the number of components selected based
on the cumulative variance proportion method with the Scree Plot method is 4 main components.

3.1 Calculating Principal Component Coefficients

The equation of the principal components formed is used to interpret each principal component. It can also be
used to name the principal components. As a result, the principal component equations are obtained based on the
values of the largest variable coefficients because they are no longer influenced by the variance of the respective
variable. Here is the equation formed after standardization. Main Component 1 (MC1)

MC1 = −00770X1 − 0.1782X2 + 0.5928X3 − 0.2941X4 + 0.2967X5 + 0.4569X6 − 0.2816X7 + 0.38473X8

This component describes the hospital ratio size, the incidence of diarrhea, and the number of low birth weight
(LBW) babies. These three indicators are the largest indicators in component MC1. Based on this information,
MC1 is named Population Health Services.
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Main Component 2 (MC2)

MC2 = 0.0049X1 − 0.3815X2 + 0.4249X3 + 0.6708X4 + 0.0702X5 − 0.3686X6 − 0.2598X7 − 0.1243X8

This component is a measure of the ratio of hospitals, households with clean and healthy living behaviors, and
low birth weight babies. Based on these indicators, it is the largest indicator within the component. Therefore,
this information, MC2, is referred to as Healthy Living Behaviors and Infant Health Conditions.
Main Component 3 (MC3)

MC6 = −0.2877X1 + 0.6366X2 + 0.1225X3 − 0.1417X4 − 0.023X5 − 0.4482X6 − 0.5166X7 + 0.0961X8

This component is a measure of the ratio of health centers, the ratio of hospitals, and the incidence of diarrhea.
It is the largest indicator in this component. Based on that information, it is referred to as MC3 and is named as
a Health Facility.

MC8 = 0.7349X1 − 0.1029X2 − 0.2771X3 − 0.1204X4 + 0.0318X5 + 0.02017X6 − 0.5950X7 − 0.0495X8

This component is a measure of life expectancy, households with adequate sanitation, and infants with low
birth weight. Based on that information, it is the largest indicator in that component. Thus, MC4is obtained,
which is referred to as Community Group Health.

Based on principal component analysis, it is known that the Indonesian health data used in this study, consisting
of 8 main components, can be reduced to 4 indicators while still representing the diversity of the initial data.
The four indicators include Population Health Services, Healthy Lifestyle and Infant Health Conditions, Health
Facilities, and Community Group Health.

4. CONCLUSION
This research shows that applying Principal Component Analysis (PCA) is effective in reducing the complexity

of Indonesia’s 2024 multidimensional health data, which has correlations between variables. Thru the dimension
reduction process, PCA is able to simplify the data structure while retaining most of the important information,
making the data easier to analyze and interpret without losing the substantive meaning of the health indicators
being analyzed.

Additionally, the results of principal component analysis-based visualization show that PCA can present pat-
terns, trends, and structures in health data more clearly and informatively. Visualization in low-dimensional space
allows for the identification of dominant characteristics and differences in health conditions between regions or in-
dicators. Thus, PCA serves not only as a statistical technique but also as an analytical tool supporting data-driven
decision-making in the management and formulation of national health policies.
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