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Abstract

This study develops a latent variable path analysis model using a Mixed-Scale Principal
Component Analysis (PCA) approach based on Kendall’s Tau correlation to identify key
determinants of child health in Batu City, Indonesia. Primary data were collected from 100
mothers with children under five years old through questionnaires. The variables examined
include Family Demographics, Nutritional Consumption, and Child Health Condition, each
measured using mixed-scale indicators (ordinal and numerical). Kendall’s Tau-based PCA
was applied to reduce data dimensionality and construct latent variables, which were then
integrated into a path analysis model. The results show that maternal age is the most
dominant indicator in shaping the Family Demographics construct, while balanced nutritional
food is the strongest indicator forming the Nutritional Consumption construct. Path analysis
further reveals that Family Demographics significantly affect Child Health Condition both
directly and indirectly through Nutritional Consumption, with a coefficient of determination
of 77.62%. These findings underscore the critical role of demographic and nutritional factors
in determining child health outcomes and highlight the methodological advantage of Kendall’s
Tau-based mixed-scale PCA for analyzing heterogeneous indicator data within a structural
path framework.
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1 Introduction

Path analysis is an extension of regression analysis designed to accommodate multiple structural
equations simultaneously [1]. A defining feature of such models is the presence of at least one
exogenous variable, one intervening endogenous variable, and one pure endogenous variable.
Exogenous variables influence other variables but are not influenced themselves, while pure
endogenous variables are only affected by others. Intervening endogenous variables, in contrast,
serve both as predictors and outcomes within the model structure.

Traditionally, path analysis has been applied to manifest variables—those directly observable
and measurable. When latent variables are involved, however, auxiliary techniques are required.
Latent variables represent theoretical constructs that cannot be measured directly but must
instead be inferred from multiple indicators. Principal Component Analysis (PCA) is one of the
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most widely used techniques for this purpose. PCA reduces data dimensionality by transforming
correlated variables into a smaller set of uncorrelated components that retain most of the original
variance [2]. Nevertheless, conventional PCA assumes linearity and is limited to metric-scale
data, which restricts its application in many real-world settings.

In practice, particularly in social and health research, indicators are rarely measured on
a single scale. Instead, they often include a mixture of numerical, ordinal, and categorical
data. To address this, Nonlinear Principal Component Analysis (NLPCA) has been developed,
using optimal scaling to transform non-metric variables into quantitative values [3], [4]. More
recently, Kendall’s Tau-based PCA has emerged as a powerful alternative for handling ordinal
and mixed-scale data. Studies such as [5] and [6] demonstrate that Kendall’s Tau correlation is
particularly effective when variables are ordinal or non-normally distributed, providing greater
flexibility than conventional PCA.

One domain where such methodological advances are highly relevant is the study of child
stunting, a major public health challenge. Stunting is characterized by impaired growth and
development resulting from chronic malnutrition, especially during the first 1,000 days of life [7].
It is influenced by multiple factors, including environmental quality, household economic status,
nutritional intake, and child health conditions. For instance, poor access to clean water and
sanitation can increase infection risks and impair nutrient absorption [8], while limited household
income may reduce access to nutritious foods and healthcare services [9]. Similarly, nutritional
deficiencies during critical developmental stages substantially elevate stunting risk [10].

This study introduces a methodological integration that combines path analysis with Kendall’s
Tau-based Mixed-Scale PCA to construct latent variable models capable of handling mixed-scale
survey data. Unlike previous studies that rely exclusively on metric-scale PCA or standard
path models, this approach allows for the analysis of complex datasets where variables are
heterogeneous in scale and distribution. The contribution of this work lies in improving both
the accuracy and interpretability of structural models in the context of child health research.
Specifically, it targets the determinants of stunting using primary data collected from Batu
City, Indonesia. By addressing the limitations of traditional methods, the proposed framework
offers a more robust analytical tool for advancing public health research and informing policy
interventions.

The remainder of this paper is organized as follows. Section 2 details the study design,
including data collection, variable definitions, construction of latent variables via Kendall’s Tau-
based Mixed-Scale PCA, the path analysis specification, and model validity metrics. Section 3
reports the empirical findings, covering measurement results, parameter estimation, assumption
testing, direct and indirect effects with bootstrap and Sobel mediation tests, and the final path
diagram. Section 4 synthesizes the main findings, policy implications, limitations, and directions
for future research.

2 Methods

To investigate the complex interplay among the determinants of child health, particularly in
the context of stunting in Batu City, this study adopts a robust and integrated methodological
framework. Specifically, a combination of Kendall’s Tau-based Principal Component Analysis
(PCA) and path analysis is employed to construct latent variables from mixed-scale data and to
examine their structural relationships. The following subsections describe the methodological
procedures in detail, beginning with data collection, followed by the definition of research
variables, dimensionality reduction techniques, and the specification of the structural model.

Accordingly, the first step in the methodological process was to gather reliable primary data
from the target population, as outlined in the following subsection.
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2.1 Data Collection

Primary data were collected on three main constructs: Family Demographics (X7), Nutritional
Consumption (Y1), and Child Health Conditions (Y3). The study population consisted of
households in Batu City with children under the age of five, and the respondents were mothers
of toddlers. A two-stage sampling technique was employed to ensure representativeness of the
sample. In the first stage, cluster sampling was applied, while in the second stage purposive
sampling was used to refine the selection of respondents.

The required sample size was calculated using the Slovin formula:

N 135

"T I Ne? T 1413500052

100,

where N is the population size (135 households) and e is the margin of error (0.05). Based on
this calculation, the final sample consisted of 100 mothers with toddlers, which was considered
sufficient to support the subsequent statistical analyses.

2.2 Research Variables

The research variables were grouped into latent constructs supported by multiple indicators,
based on both theoretical considerations and empirical findings on child health. Three main
constructs were identified: Family Demographics (X1 ), Nutritional Consumption (Y7), and Child
Health Conditions (Y2). These constructs represent key dimensions of child well-being, and their
hypothesized relationships are summarized in Fig. 1.

Path Analysis

Nutrition
Consumption
¥y
Nonlinear PCA

X1 Linear PCA

Family
Demographics

(6.8}

Child Health
Condition (Y;)

Figure 1: Research framework of the study

Family Demographics (X7) includes indicators such as gender of the first child, parents’ age
at marriage, maternal education, and region of residence. These variables reflect the background
context in which children grow. Nutritional Consumption (Y7) is measured through indicators
related to dietary adequacy and diversity, such as balanced nutrition, frequency of eating, and
consumption of fruits, vegetables, and proteins. Finally, Child Health Conditions (Y2) is the
endogenous construct, consisting of physical, psychological, and social dimensions of health. A
summary of the variables, indicators, and their measurement scales is presented in Table 1.

Table 1 also shows that the indicators are measured on mixed scales—some ratio, some ordinal,
and some categorical. To address this diversity, Principal Component Analysis (PCA) based on
Kendall’s Tau correlation was employed. This method is appropriate because it accommodates
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ordinal and categorical data when forming latent variables. The details of the coding scheme
used for categorical and ordinal indicators are provided in Table 2.

Table 1: Research Variables

Variable Indicator Scale
Gender of first child (X;;) Ordinal
Family Father’s age at marriage (X12)
Demographics  Mother’s age at marriage (Xi3) Ratio
(X1) Last education (X14)
Region of Residence (X5) Ordinal

Balanced Nutrition Food (Y71)
Carbohydrate and Protein Consumption (Y12)

Nutrition . Fruit and Vegetable Consumption (Y;3) Ordinal
Consumption .
V) Frequency of Eating (Y14)

Animal and Vegetable Side Dishes (Y15)
Food spent (Yi4)

Child Health  Physical (Y21)
Condition Psychic (Ya2) Likert
(Y2) Social (Ya3)

Table 2: Observation Data on Mixed-Scale Variables

Variable Indicator Observation Data

Category Code

Gender of first child (X7q) Male 0
Female 1
Father’s age at marriage (X12) Year -
Mother’s age at marriage (X13) Year
Last education (X14) Year
Region of Residence (Xi5) Village
City
Balanced Nutrition Food (Y11) Low
Medium
High
Carbohydrate and Protein Cons. (Yi2) Low
Medium
High
Fruit and Vegetable Cons. (Yi3) Low
Medium
High
Frequency of Eating (Y14) Low
Medium
High
Animal and Veg. Side Dishes (Y75) Low
Medium
High
Food spent (Yi6) Low
Medium
High

Family demographics
(X1)

Nutrition
Consumption
(Y1)

WNHH WNFE WNFWN = WN = WN =~ O |

2.3 Principal Component Analysis Based on Kendall’s Tau Correlation

Kendall’s tau correlation coefficient is a statistic that measures the strength and direction of the
association between two ordinal variables. Kendall’s tau, often denoted by 7, evaluates how well
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the relationship between two variables can be described using their ranked values. In Principal
Component Analysis (PCA), a Kendall’s tau correlation matrix can be used as the input instead
of the conventional Pearson correlation matrix [11]. This approach enables the extraction of
principal components or latent variables from ordinal data, producing component scores that are
suitable for further analysis. Thus, PCA based on Kendall’s tau correlation provides a useful
method for reducing the dimensionality of ordinal data while retaining essential information.

In the PCA measurement model, suppose we have indicator data {z1,z2,...,z,} that
constitute variable X. The equation for the j-th principal component based on Kendall’s tau
correlation is given in Eq. 1:

PCj = b1; X1 4 boj Xo + b3; X3 + -+ + by X, (1)

where b;; denotes the weight (loading) of the i-th variable on the j-th component, and j is the
index of the component, j =1,2,...,p.

Eq. 1 is derived through several stages. The first step in PCA based on Kendall’s tau
correlation is to rank the indicator values {z1,x2,...,z,} of variable X from 1 to n. After
ranking, each pair of observations is compared sequentially. If the order between two observations
is consistent (concordant, C'), a value of +1 is assigned; if it is inconsistent (discordant, D), a
value of —1 is assigned. Kendall’s tau correlation is then calculated using Eq. 2:

o 2(C - D) ’ @)
VNN =T) =T, \/N(N = 1) = Ty,
where .
T, = Z (t?(;z,-) — tj(xi)) is the tie-correction factor for variable x;,
j=1
and i
Ty = (ti(xiﬂ) —tj(z,,1)) 1s the tie-correction factor for variable x4 1.
j=1

The correlation matrix of Kendall’s tau is then given by Eq. 3:

1 ro - Tim
ro1r 1 e oy
r=| . ) . . (3)
Tml Tm2 -+ 1

ri; denotes the sample Kendall’s tau correlation between variables ¢ and j; r is the sample
correlation matrix; rs denotes correlations between indicators within the same construct (if
applicable). After forming the correlation matrix, the eigenvalues

M2 > 2 A 20

are obtained by solving Eq. 4:
det(r — A1) =0, (4)

where [ is the identity matrix. The corresponding eigenvectors, which provide the component
loadings (weights), satisfy Eq. 5:
(r—X\I)b; =0. (5)
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2.4 Path Analysis

Path analysis is an extension of regression analysis. Its development stems from the limitations
of regression analysis, which cannot accommodate more complex data structures, particularly
those involving multiple response variables. Path analysis was therefore introduced to overcome
these shortcomings [12]. It is an analytical technique used to examine the causal relationships
between predictor and response variables [13]. The purpose of path analysis is to identify both
the direct and indirect effects of a set of exogenous variables on endogenous variables. The sum
of these direct and indirect effects yields the total effect [14].

Unlike regression analysis, path analysis requires the use of standardized variables. Standard-
ization is performed using a standard normal transformation with a mean of 0 and a variance of
1 [15], as shown in the following formula:

Zin = 7'7 (6)

where Zx, denotes the standardized value of the j-th exogenous variable for the i-th observation,
Xj; is its observed value, X j is the mean of the corresponding variable, and sx; is its standard
deviation.

The formula for the standard deviation of exogenous and endogenous variables is given in

Eq. 7:
i (Xji — X5)?
= . 7
5 \/ n—1 (7)
Based on Fig. 1, the standardized equation models can be expressed as Eq. 8 and Eq. 9:
ZYM = 5IIZX1@' + vy, (8)
ZYQi = 612ZX1¢ -+ B2QZY1i + €Yy, - (9)

After the latent constructs were formed through Kendall’s Tau-based PCA, the next step was to
analyze the structural relationships among these constructs using path analysis.

2.5 Model Validity

The validity of a path analysis model can be evaluated through the coefficient of total determina-
tion [14]. This coefficient summarizes the proportion of variance in the observed data that is
explained collectively by the structural model, thereby serving as an overall measure of model fit.
It is defined as:

R%,adj =1- (1 - R%,adj)(l - R%,adj) T (1 - R%,adj)v (10)

where RZ’ adj TePresents the adjusted coeflicient of determination for the k-th inner model equation.
This value can be computed using Eq. 11:

_ St (ki — 9ki)*/(n —p — 1)
S (ki — yr)?/(n — 1)

In this formulation, R% denotes the total coefficient of determination, which reflects the
explanatory power of the full model; R,2c is the coefficient of determination for the k-th inner
model equation; fjy; represents the predicted value of the i-th endogenous variable; and y; is
the mean of the corresponding endogenous variable. Taken together, these measures provide
a comprehensive indication of how well the proposed path analysis model accounts for the
variability in the data. A higher R2T7 adj Value suggests a stronger model fit, thereby confirming
the robustness of the structural relationships under study.

2 _
Rk,adj =1

(11)

Viky Igbal Azizul Alim 909



Integrating Path Analysis and Kendall’s Tau-based Principal Component Analysis . . .

3 Results and Discussion

This section presents the findings derived from the statistical analysis conducted using the
integrated approach of Kendall’s Tau-based PCA and path analysis. The discussion is structured
to first describe the construction and evaluation of latent variables, followed by an analysis of the
structural model and interpretation of the relationships among key constructs. Each subsection
highlights the empirical evidence supporting the theoretical framework of this study.

3.1 Latent Variable Measurement Method

In this study, the measurement models for family demographic variables (X;) and nutritional
consumption (Y7) were developed using Principal Component Analysis based on Kendall’s Tau
correlation. In contrast, the child health condition variable (Y2) was analyzed using conventional
principal component analysis.

The measurement models were then evaluated to determine which indicators significantly
contributed to the formation of each latent variable. This evaluation was carried out by assessing
the extent to which the predetermined indicators were able to represent their respective constructs.
The resulting component weights for each variable are presented in Table 3.

Table 3: Research Variables
Variable Indicator Weight Est P-Value Result

X1 0.172 0.391 not sig
X2 0.538 0.007 sig
X1 X3 0.671 0.001 sig
X4 0.851 0.000 sig

X5 0.371 0.063 not sig
Yi1 0.828 0.000 sig
Yio 0.451 0.024 sig
Y, Yis 0.820 0.000 sig
Y14 0.716 0.000 sig

Yis 0.377 0.059 not sig
Yi 0.719 0.000 sig
v Y21 0.688 0.006 sig
2 Yao 0.552 0.001 sig
Yos 0.555 0.006 sig

It can be seen from Table 3 that indicators with higher component weights are considered more
important and exert a stronger influence in forming the latent variables. For the demographic
construct (X1), the strongest indicator is last education (X;4) with a component weight of
0.851. For the nutritional consumption construct (Y1), the most influential indicator is balanced
nutritional food (Y7 1) with a component weight of 0.828. For the child health condition construct
(Y2), the strongest indicator is the psychological factor (Y2.1) with a component weight of 0.688.

Based on the obtained component weights, the measurement models of the latent variables
can be expressed as follows:

1. Measurement model of family demographic variables:
X1 =0.172X11+0.538X12+0.671X7 3+ 0.851X1 4+ 0.371X; 5
2. Measurement model of nutrition consumption variables:
Y1 = 0.828Y1.1 + 0.451Y7.2 + 0.820Y1.3 + 0.716Y1.4 + 0.377Y15 + 0.719Y7 6
3. Measurement model of child health condition variables:

Yy = 0.688Y2.1 + 0.552Y3 2 + 0.555Y>2 3
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3.2 Parameter Estimation

Parameter estimation in path analysis was carried out using Ordinary Least Squares (OLS). The
results of the parameter estimation are presented in Table 4.

Table 4: Path Analysis Coefficients
Parameter Path Coefficient

Beron 0.623
Berua 0.217
By 0.793

Table 4 shows both direct and indirect effects. Based on the estimated path coefficients, the
structural equations can be written as:

Zy,; = 0.623Zx,, +evyi, (12)
Zy,, = 0.217Zx,, + 0.793Zy,, + €v,,. (13)

3.3 Assumption Testing

The validity of the path analysis model was examined through assumption testing, including
linearity, additivity, and normality of residuals.

1. Linearity and Additivity Assumptions. Linearity was tested using the Ramsey
RESET method. The results are shown in Table 5. As indicated, all relationships between
exogenous and endogenous variables produced p-values greater than a = 0.05, leading
to the acceptance of Hy and confirming that the relationships are linear. Additivity was
assessed by examining the structural model in Eq. 12 and Eq. 13. Since the variables do
not interact with one another, the model is additive. Thus, both linearity and additivity
assumptions were satisfied.

2. Normality of Residuals. The normality of residuals was tested using the Jarque—Bera
method, with results presented in Table 6.

Table 5: Linearity Assumption Test Results

Variable P-Value Relationship
Family Demographics (X;) — Nutrition Consumption (Y7) 0.607 Linear
Family Demographics (X;) — Child Health Condition (Y2) 0.906 Linear
Nutrition Consumption (Y7) — Child Health Condition (Y2)  0.554 Linear

Table 6: Residual Normality Assumption Test Results

Endogenous Variable P-Value Conclusion

Nutrition Consumption (Y7) < 0.001 Not normal
Child Health Condition (Y2) < 0.001 Not normal

As shown in Table 6, both endogenous variables violate the normality assumption. To address
this, hypothesis testing in this study was conducted using a bootstrap approach.

3.4 Direct Effect Test

To further evaluate the relationships specified in the structural model, hypothesis testing was
carried out for both direct and indirect effects. The following subsections present the results of
these tests in detail.
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1. Direct Effect Test. Hypothesis testing was conducted using a bootstrap approach to
determine the significance of the estimated model. The results of this test are presented
in Table 7. Based on the table, the path coefficient values obtained from the OLS and
bootstrap methods are consistent, indicating the robustness of the estimation. Specifically:

o The direct effect of Family Demographics (X7) on Nutrition Consumption (Y7) is
significant (p < 0.001), suggesting that better demographic conditions—such as
maternal age, education, and household composition—positively influence nutritional
intake in toddlers.

o The direct effect of Nutrition Consumption (Y1) on Child Health Condition (Y3) is
also highly significant (p < 0.001), confirming that adequate and balanced nutrition is
crucial for improving child health outcomes. This finding is consistent with previous
studies that identify nutrition as a key determinant of child health and stunting risk
[7], [10].

o In contrast, the direct effect of Family Demographics (X;) on Child Health Condition
(Y3) is not statistically significant (p = 0.096), implying that demographic factors may
influence child health indirectly, most likely through nutritional behavior.

These results are consistent with the findings of [8], who emphasized the indirect role of
socioeconomic and demographic factors operating through mediators such as nutritional
practices and environmental access.

2. Indirect Effect Test. The indirect effect was tested to evaluate whether a mediating
variable significantly contributes to the model. The results of the Sobel Test are presented

in Table 8.
Table 7: Hypothesis Testing of Direct Influence
. OLS Path  Bootstrap Path
Variable Coeflicient Coeflicient P Value
Family Demographics (X1) — Nutrition Consumption (Y1) 0.623 0.621 < 0.001
Family Demographics (X1) — Child Health Condition (Y2) 0.217 0.219 0.012
Nutrition Consumption (Y1) — Child Health Condition (Y2) 0.793 0.790 < 0.001

Table 8: Hypothesis Testing of Indirect Influence Variable P-value Conclusion

Variable P-Value Conclusion

Family Demographics (X1) — Child Health Condition (Y3)  0.096 Mediation
Family Demographics (X1) — Nutrition Consumption (Y7)
— Child Health Condition (Y2) 0.014 Perfect

Based on Table 8, the Sobel test results indicate that the indirect effect of X7 on Y5 through Y3
is statistically significant (p = 0.014), whereas the direct effect of X; on Y5 remains non-significant
(p = 0.096). This pattern satisfies the conditions for perfect mediation, where the influence of the
independent variable on the dependent variable occurs entirely through the mediating variable.

In this context, the findings suggest that family demographic factors affect child health
conditions only when mediated by nutritional consumption. For instance, a mother’s age or
education level may not directly improve a child’s health unless they lead to better feeding
practices or dietary quality. This is consistent with the conceptual model of stunting presented by
Suherman and Nurhaidah [10], which emphasizes the role of nutritional adequacy as a mediating
pathway linking structural household characteristics to child development outcomes.

These results highlight the critical role of nutrition as a mediator in health intervention
models. They suggest that policy efforts aimed at improving child health and reducing stunting
should not only address structural demographic improvements (e.g., education or economic
support) but also ensure that such improvements are translated into enhanced nutrition-related
behaviors and practices.
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Furthermore, the use of Kendall’s Tau-based Mixed-Scale PCA in this study adds method-
ological strength, as it enables robust modeling of latent constructs derived from mixed-scale
indicators—an issue frequently encountered in field survey data.

3.5 Research Result Model

Based on the path significance test using the bootstrap approach, all variables exert significant
influences, either directly or indirectly. The resulting research model is illustrated in Fig. 2.

Nutrition
Consumption

(Yy)

Family
Demographics
(0:6)}

Figure 2: Path diagram of research results

3.6 Model Validity

The validity of the path model was assessed using the adjusted R? value. The adjusted R? was
found to be 0.7762, indicating that 77.62% of the variance in the data can be explained by the
model, while the remaining 22.38% is accounted for by other variables outside the model.

4 Conclusion

This study demonstrates that family demographic factors significantly influence nutritional
consumption, which in turn has a strong and direct effect on child health conditions. The final
path model reveals that Nutritional Consumption has the largest effect on Child Health Condition,
with a path coefficient of 0.793, highlighting the central role of nutrition in early childhood
health. Furthermore, mediation analysis using the Sobel test confirms a perfect mediation
effect, indicating that Family Demographics influence Child Health Condition indirectly through
Nutritional Consumption, while the direct effect is statistically insignificant.

The model exhibits strong explanatory power, with a coefficient of determination (R?) of
77.62%, suggesting that the proposed model effectively captures the variance in child health
outcomes based on the studied variables. These findings emphasize the importance of translating
improvements in family demographics—such as maternal education, age, and household char-
acteristics—into effective nutritional practices. Policymakers and health practitioners should
therefore prioritize nutrition education and targeted family support programs, particularly for
mothers with toddlers, to ensure that structural demographic improvements lead to better child
health outcomes. Interventions focusing on nutrition can serve as critical leverage points for
reducing stunting and promoting healthy early development.
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This study has several limitations. First, the sample size was relatively small (n = 100)
and limited to Batu City, which may reduce the generalizability of the findings. Second, the
data relied on self-reported questionnaires, which are subject to recall and response bias. Third,
although the model incorporated key variables, other important factors—such as environmental
hygiene, access to healthcare services, and parenting practices—were not included and could also
influence child health outcomes.

Future studies could expand the scope by employing larger and more diverse samples across
different regions. Researchers are also encouraged to incorporate additional latent constructs,
such as parenting quality, healthcare accessibility, and environmental sanitation, to enrich the
model. Moreover, longitudinal studies are needed to capture causal dynamics over time, especially
during the first 1,000 days of life, which represents a critical window for child development.
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