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Abstract

Zero-inflated ordinal data often emerge when the response variable displays both an ordered structure and an excessive number of
zero outcomes. Such characteristics are not adequately captured by standard ordinal probit models. To address this limitation, this
study employs a zero-inflated ordered probit with correlated errors (ZIOPC) model, which extends the conventional zero-inflated
ordered probit (ZIOP) framework by explicitly modeling the dependence between the binary (inflation) and ordinal processes. From
a modeling perspective, this study underscores the role of correlated latent errors in enhancing the representation of zero-inflated
ordinal data. Parameter estimation was conducted using maximum likelihood estimation (MLE) implemented through the limited-
memory BFGS with bound constraint (L-BFGS-B) algorithm to efficiently handle constrained optimization involving bivariate
normal distributions. Statistical inference was performed using the maximum likelihood ratio test (MLRT) for simultaneous
parameter testing, likelihood ratio test (LRT) for assessing the correlation parameter, and Wald test for partial significance of
individual parameters. An empirical application using national food security data in Indonesia revealed substantial zero inflation.
The results indicated that the correlation parameter was positive and statistically significant, confirming the presence of dependence
between the two latent processes. Model comparison further demonstrates that the ZIOPC model provides a significantly better fit
than the standard ZIOP model, as evidenced by the substantially lower AIC value of 1082.192 compared with 1187.468 for the
ZIOP model. These findings emphasize the importance of incorporating correlated errors in modeling zero-inflated ordinal

outcomes.
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1. INTRODUCTION

Zero-inflated ordinal data frequently emerge in
various applied disciplines, characterized by a
response variable that exhibits both an ordered
structure and an excessive number of zero
observations [1]. Such data present significant
challenges for conventional modeling approaches
because standard ordinal regression models are not
equipped to accommodate zero inflation [2]-[4]. To
address this issue, the zero-inflated ordered probit
(ZIOP) model was developed to capture the dual
data-generating mechanism, comprising a binary
component for structural zeros and an ordinal
component for severity levels [5]-[8]. Despite its
flexibility, the standard ZIOP model relies on the
restrictive assumption that the error terms of the
binary and ordinal components are independent. In
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many real-world scenarios, this assumption may be
unrealistic, as  unobserved  factors can
simultaneously influence both the probability of
zero outcomes and the severity of the ordinal
response [9][10]. Ignoring such dependence may
result in biased parameter estimates and misleading
inferences [11][12].

To overcome this limitation, this study employs
the ZIOP with correlated errors (ZIOPC) model,
which extends the ZIOP framework by allowing
correlation between the latent error terms of the two
components. This extension provides a more
flexible and theoretically consistent approach for
modeling zero-inflated ordinal data. Furthermore,
this study emphasizes the numerical
implementation of the ZIOPC model using
maximum likelihood estimation (MLE) [13]-[15],
combined with the limited-memory BFGS with
bound constraints (L-BFGS-B) algorithm [16]. This
approach is particularly suitable for addressing the
constrained optimization problem arising from the
and bounded
correlation parameters, while avoiding the need for
explicit second-order derivatives [17][18].

In addition to model estimation, this study also
develops a comprehensive inference framework for
the ZIOPC model. Specifically, parameter
significance is evaluated
complementary approaches. First,

presence of ordered thresholds

using three

a maximum
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Table 1. Variable used in the ZIOPC model.

Component Variable
. z
Response variable
X
Binary (inflation) component X5
X3
. 4
Ordinal component
w,

Description Scale
National food security status Ordinal
0: very secure

1: secure

2: somewhat secure

3: moderately vulnerable

4: vulnerable

5: severely vulnerable

Rice production Ratio
Percentage of poor population Ratio
Expenditure per capita Ratio
Gross regional domestic product Ratio
Harvested area Ratio

likelihood ratio test (MLRT) is employed to assess
the joint significance of model parameters [19].
Second, a likelihood ratio test (LRT) is used to
examine the significance of the correlation
parameter, thereby testing whether the ZIOPC
model provides a statistically significant
improvement over the standard ZIOP model. Third,
Wald tests are conducted to evaluate the partial
significance of individual parameters in both the
binary and ordinal components. These inferential
procedures ensure rigorous statistical validation of
the proposed model and its components. As an
empirical application, this framework was applied
to the Indonesian national food security data. Food
security remains a critical issue for social and
economic stability [20], with regional disparities
still evident despite recent improvements. The data
exhibited a typical zero-inflated ordinal structure,
making them an appropriate case for evaluating the
performance of the ZIOPC model.

2. MATERIALS AND METHODS

2.1. Materials

This study employs secondary data sourced from
the Badan Pusat Statistik (BPS) of Indonesia for
2024. The dataset encompasses 514 districts and
municipalities and offers a comprehensive depiction
of regional food security conditions. To investigate
the determinants of food security status, three

principal dimensions were considered: food

availability, food access, and food utilization. Food
availability is represented by rice production and
harvested area, food access is proxied by gross
regional domestic product and expenditure per
capita, and food utilization is captured by the
percentage of the poor population. These indicators
were selected based on their pertinence to the
conceptual framework of food security and
availability in official statistics.

Within the ZIOPC modeling framework, the
explanatory variables are categorized into two
components: the binary (inflation) component and
the ordinal component. This distinction reflects the
different mechanisms underlying food security
outcomes. The binary component models the
probability of a region being structurally food
secure (i.e., consistently in the “very secure”
category), whereas the ordinal component captures
the severity level of food insecurity among regions
that are not structurally food secure.

Variables related to socioeconomic vulnerability,
such as rice production, percentage of poor
population, and expenditure per capita, are included
in the binary components (X; - X;) because they are
anticipated to influence the likelihood of a region
being structurally food Conversely,
variables reflecting regional economic capacity and
regional

securc.

agricultural structure, namely gross
domestic product and harvested area, are included
in the ordinal components (W, - W,) because they
are presumed to affect the degree of food insecurity
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severity. The definitions and measurements of all
variables used in the ZIOPC model are presented in
Table 1. This specification is grounded in
theoretical considerations regarding the distinct
roles of structural and severity mechanisms in food
security analysis.

2.2. Methods

2.2.1. The ZIOPC Model

The ZIOPC model is designed to analyze ordinal
response variables that exhibit excess zero
outcomes. In this framework, the observed response
may originate from two distinct mechanisms: a
structural zero process and an ordinal severity
process. The structural zero process determines
whether an observation belongs to the inflated
category, whereas the ordinal component
determines the severity level when the observation
arises from a non-inflated process. Let d be a binary
indicator variable that determines whether an
observation belongs to the ordinal component. The
binary indicator is generated from a latent variable
d*, which is defined as Equation (1) [21];

d*=x"B+e (1)

Where x is the vector of explanatory variables
associated with the binary component, p is the
corresponding parameter vector, and ¢ is a random
disturbance term. The observed binary variable is
defined as Equation (2).

(1,  ifd'=0 2
d_{o, ifd*<0 @)

Thus, the probability of belonging to the non-

inflated component can be expressed as Equation

3
Pd=1[x)= (x'B) 3

Where @(-) denotes the cumulative distribution
function (CDF) of the standard normal distribution.

Conditional on d = 1, the ordinal outcome is
generated through an ordered probit structure. Let
s* denote the latent variable associated with the
ordinal response. The latent equation of the ordinal
component is defined as Equation (4);

s*=wiy+3 4)

Where w is the vector of explanatory variables
for the ordinal component, y is the parameter vector
non-inflated, and ¢ is the random error term.

The observed ordinal category s was obtained
through a threshold mechanism applied to the latent
variable s*. Specifically, Equation (5) states

0, 5% = g
-u_:l.—l { Si‘ E #}.J
k, §* > fr-1

i=1..,k—1(0)

Where uo, w1, ..., g1 are ordered threshold
parameters satisfying uo < ) <... < ty.1.

A key feature of the ZIOPC model is that the
error terms of the binary and ordinal components
can be correlated. Specifically, the disturbance
terms are assumed to follow a bivariate normal
distribution as listed in Equation (6);

(e,0)~BVN (0,0, 1,1, p) (6)

Response Variable

Figure 1. Structure of the ZIOPC model.
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Figure 2. Percentage of national food security status in Indonesia.

Where p represents the correlation parameter
capturing the dependence between the inflation
mechanism and the ordinal severity process.

The observed response variable Z is defined as
the product of the binary and ordinal components as
Equation (7);

Z=dxs @)

This formulation implies that zero outcomes may
arise from two distinct sources, when d = 0
(structural zeros) or when d = 1 and s = 0 (sampling
zeros from the ordinal process). Positive outcomes
occur only when d =1 and s > 0. This relationship is
illusttrated in Figure 1.

Based on the model structure, the observed
response variable can be expressed as Equation (8);

0,
2= {j,
kr

Based on Equation (8), the
probability distribution of Z can be expressed as
Equation (9);

d=0or(d=1ands=0)
d=lands=j, j=1.2,...k—1(8)
d=1lands=k

conditional

P(Z=0lx,w)=P(d=0lx) + P(d = 1x)P(s = 0lw,d = 1; p)
P(Z =zlxw) = [P(Z =jlxw)=P(d=1x)P(s =jlw,d=1;p) ;j=12,..,k—1 (9)
P(Z = klx,w) = P(d = 1x)P(s = k|w,d = 1; p)
To derive closed-form expressions, the product
terms in Equation (9) are equivalently expressed as
joint probabilities. In particular,

Pd=1[x)P(s=jw,d=1;p)=Pd=1,5=]x,W)

which facilitates evaluation using the joint
distribution of the error terms specified in Equation
(6). From Equations (1) and (4), the event d = 1
corresponds to & > -x’B, while the ordinal condition
s = j corresponds to:

< Wiy +8 <y
which can be written as follows.
- WY <8 <py-wly

Therefore, for j = 1, 2, ..., k - 1, the joint

probability can be expressed as below.

Pd=1,5 =[x w)=Pe>-xB,1-W7y <5< y-
T
wy

Using the properties of the bivariate normal
distribution, this probability can be written as
follows.

Pd=1,5 =[x, W) = Oy(X'B, ;- W'y; p) - Oo(x'B,
M1 - WT"{; p)

Similarly, for the lowest category,

Pd=1,s=01x, W) =PE>-X'P, §<puy- wy)=
Dy(x"B, 10~ WY; p)

and for the highest category,

Pd=1,s=k|x, wW)=P(e>-X'PB, 8> ;- Wy)=
Do(x"B, W'Y - i1 p)
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Combining these results with P(d=0|x)=1- O®
(x"B) the ZIOPC model can be expressed as:
R e S A 1 (10)

P(Z =klxw) = &:x"Bw Ty~ 1:0)

Where ® () is the CDF of the univariate
standard normal distribution, @, (-) is the CDF of
the bivariate normal distribution, and p represents
the correlation between the error terms of the binary
and ordinal components.

To ensure the identifiability of the ZIOPC
model, several conditions must be satisfied. First,
the scale of the latent variables is normalized by
assuming that the error terms follow a standard
normal distribution. Second, the threshold
parameters are restricted to be strictly ordered, i.e.,
to < p1 < ... < 1, to preserve the ordinal structure
of the response variable. Third, model identification
is strengthened by allowing different sets of
explanatory variables in the binary and ordinal
components, which helps avoid collinearity
between the two latent processes. Finally, the
correlation parameter p is identifiable through the
joint distribution of the error terms, as it captures
the dependence between the inflation and ordinal
mechanisms. These conditions ensure that the
parameters of the ZIOPC model are uniquely
determined and can be consistently estimated.

2.2.2. Estimating the ZIOPC Model Parameters

The parameters of the ZIOPC model are
estimated using the MLE approach. Consider a
random sample of size n, where the observed
response variable Z; takes values in the set {0, 1, ...,
k}. Conditional on the explanatory variables x; and
w;, the outcome Z; follows a multinomial
distribution given by

Zi N]\4(11)(21 = 0 | Xi, W,’), P(Zl = 1 |X,’, W,’), veey P(Zl
=k |x;, W) 1)

The joint probability distribution of the sample
can be expressed as:

n k
P(Z,=z,...2,=z,)= l_ll_[ P(Z, = e|x;, w;) " (12)

i=1 e=0

Where h,; is an indicator defined as

he=fo BIECC e—o1.k (13)

0, otherwise '

Thus, the likelihood function of the ZIOPC
model is given by:

L(e) = li[ ﬁ P(Z; = elx;,w;)" (14)

i=1 g=0
where the parameter vector is defined as 6 = (B,
s By ).
Taking the natural logarithm of Equation (14),
the log-likelihood function is obtained as Equation

(15).
InL(B)= Z:lzkzoheilnP(Zi = e|x;,w;) (15)

The parameter estimates were obtained by
maximizing the log-likelihood function in Equation
(15). However, because of the presence of the
bivariate normal CDF, @,(- , - ; p), the likelihood
equations do not admit a closed-form solution.
Therefore, numerical optimization methods were
required. In this study, maximization was carried
out using the L-BFGS-B algorithm [18]. This quasi-
Newton method iteratively updates the parameter
vector using gradient-based information while
approximating the inverse Hessian matrix. The
gradient of the log-likelihood function was
computed numerically because of the involvement
of the bivariate normal CDF. The L-BFGS-B

Table 2. Descriptive statistics of explanatory variables.

Variable Mean
Rice production (X;) 59.574
Percentage of poor population (X3) 11.169
Expenditure per capita (X3) 72.735
Gross regional domestic product (W) 262.571
Harvested area (W;) 19.545

StDev Minimum Maximum
100.072 0.000 808.101
7.073 2.230 41.420
17.013 36.785 192.919
560.994 1.735 5326.070
30.413 0.000 212.866
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Table 3. ZIOPC model parameter estimation results.

Predictor variable

Binary (inflation) component
Rice production (X;)

Percentage of poor population (X3)
Expenditure per capita (X3)
Constant

Ordinal component

Gross regional domestic product (W)
Harvested area (W;)

Correlation (p)

Threshold ()

Threshold ()

Threshold ()

Threshold (us)

Threshold ()

*Significant at o = 5%

Coef Std. error P-value
-0.0051 0.0003 <0.0001*
-0.0386 0.0026 <0.0001*
0.0188 0.0128 0.1413
0.7737 0.8813 0.3800
-0.0003 0.0002 0.0496*
0.0116 0.0030 0.0001*
0.7810 0.0398 <0.0001*
0.3213

0.7990

1.1730

1.5635

3.0957

procedure includes the following steps: (1) set the
initial value 0 = 0, a vector of dimension (¢ + 1) +
@+ 1) + (k- 1)+ 1, corresponding to the
parameters B, y, p, and p, (2) set the initial value
Hessian approximation H® = I, where I is the
identity matrix, (3) compute the gradient vector g
(0)™ = we(0)™, (4) compute the search direction as
listed in Equation (16);
S = [H(0)"]'g(6)" (16)

The further steps are: (5) determine the step size
o™ using line search:

o - (m) 4 gm)glm [s(8)™] s
@™ = argmin[f(07 + @S] =t g g

(6) Update the parameter vector:
(9)(m+1) — (9)(m) + a(m)s(m) (17)

(7) Project the updated parameters onto the
feasible set:
O =T (") 1)

Where C={0] -1<p <1, po<w<..<ppi}
with:

"D = min (max(p™", -1), 1)
1" = max (™Y, ") = 1,2, k- 1

(8) Update the inverse Hessian approximation
using the BFGS formula:

H(Q)im)ﬁg(e)(m)[Ag(gjim)Jr+ H(B)™
[ag(8) ™ T H(8) ™ ag(8)™

A(ejlﬁm)[a(ej(m)lr ~
[A(@)™]T ag(0)™

(19)

H(B){mﬂ) - H(B)(m) +

Where A(0)™ = (0)™ - (0)™ and Ag(0)” =g
©)" - g(8)".

(9) The iteration continues from step ¢ until the
convergence criterion is met:

1 (@) - (0)" | <e (20)

where the tolerance level is set to € = 107, All
computations were implemented in Python using
numerical optimization routines. The bivariate
normal CDF was evaluated using stable numerical
functions, and the L-BFGS-B algorithm was
executed via standard scientific computing libraries.

2.2.3. Simultaneous Hypothesis Testing the ZIOPC
Model Parameters

Simultaneous hypothesis testing was conducted
using MLRT to evaluate the overall significance of
the explanatory variables in the ZIOPC model. This
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test compares the log-likelihood of the full model
with that of a restricted model under the null
hypothesis. The hypotheses for testing the joint
significance of the regression parameters are
defined as

Ho: p=0,y=0
H;: atleastone B, #0ory, #0,u=1, ..., q; t =

L..,p (21)
The MLRT statistic is given by:
LR = 2[£(8) — £(8,)] (22)

Where £(0) is the maximized log-likelihood
under the full model and £(6y) is the maximized log-
likelihood under the null hypothesis.

Under standard regularity conditions, the test
statistic asymptotically follows a chi-squared
distribution with degrees of freedom equal to the
number of restrictions imposed under H,, that is, df
= g + p. The null hypothesis is rejected at
significance level a if
LR > Yoay (23)

To assess the significance of the correlation
parameters, we conducted a separate LRT to
compare the ZIOPC model with the standard ZIOP
model. The hypotheses are defined as

H(): p= 0
Hi:p#0 (24)
The corresponding likelihood ratio statistic is
given by
LR,= 2 [f(éZIOPC) - 5(621013)] (25)
Under the null hypothesis, LR, asymptotically
follows a chi-squared distribution with one degree
of freedom. The null hypothesis is rejected if
LR, > ' (26)
2.2.4. Partial Hypothesis Testing the ZIOPC Model
Parameters

Partial hypothesis testing was performed using
the Wald test to evaluate the statistical significance

of individual regression coefficients. For the

parameter f3,, the hypotheses are defined as

Hoi ﬂu: 0

Hi: f,#0 (27)

The test statistic is given by

By

P
JVaB)

7=

(28)

Similarly, for the parameter vy, the hypotheses
are:

H() N 'Y[ = O
with the corresponding test statistic:
= (30)

o Var(#,)

where the variance is obtained from the diagonal
elements of the inverse Hessian matrix evaluated
using MLE. The null hypothesis is rejected at
significance level a if

2| > Zop @31

3. RESULTS AND DISCUSSIONS

3.1. Descriptive Statistics

Indonesia’s national food security status for 2024
predominantly fell within the highest category on
an ordinal scale comprising six levels: very secure
(0), secure (1), somewhat secure (2), moderately
vulnerable (3), vulnerable (4), and severely
vulnerable (5). Figure 2 illustrates that 65.18% of
districts and municipalities were classified as "very
secure." This indicates significant zero inflation in
the response variable. The remaining categories
displayed varying proportions, suggesting regional
disparities in food security.

Table 2 presents an the
characteristics and variability of the explanatory
variables

overview of

by presenting descriptive statistics,
including the mean, standard deviation, minimum,
and maximum values. These summary measures
indicate significant heterogeneity across districts
and  municipalities  concerning  agricultural
production, economic capacity, and poverty levels,
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which are anticipated to influence regional food
security outcomes.

3.2. ZIOPC Model Estimation

The parameters of the ZIOPC model were
estimated utilizing the MLE method, employing the
L-BFGS-B algorithm. The results of this estimation
are presented in Table 3.

Based (10), the estimated
probability model can be expressed in terms of

on Equation

linear predictors. To simplify the notation, the
linear predictors of the binary (inflation) and
ordinal components are defined as B = x'p and O =
w’3, respectively. Using the estimated parameters
in Table 3, the linear predictors are given by

B =0.7737 - 0.0051.X; - 0.0386.X, + 0.0188X;
O =-0.0003w,+0.0116W,

The estimated threshold parameters are

1o = 0.3213, 1y = 0.7990, > = 1.1730, 115 = 1.5635,
1ts = 3.0957

These components were substituted into the
ZIOPC probability expressions to compute the
category probabilities for each observation.

To illustrate the model, Surabaya City was
considered with the following values:

W, = 4854.49,
X;=106.14

W,=132, X,=424, X,=3.96,

Substituting into the linear predictors yields:

0 =-0.0003(4854.49) + 0.0116(1.32) =- 1.441
B =10.7737 - 0.0051(4.24) - 0.0386(3.96) + 0.0188
(106.14) = 2.596

For example, the probability of Z = 0 is
computed as:

o - 0=0.321 - (-1.441) = 1.762
P(Z=0) = (1 - D2.596)) + D»(2.596; 1.762; 0.781)
=0.9646

The probabilities for the other categories were
computed similarly. These results indicate that
Surabaya has a probability of 0.9646 of being
classified in the very secure category, implying a
high likelihood of structural food security.

Although this example illustrates the application
of the ZIOPC model at the regional level, a
comprehensive understanding of the determinants
of food security requires statistical inference on the
estimated parameters. Therefore, hypothesis testing
was conducted to evaluate the overall significance
of the model and the individual effects of the
explanatory variables. Using the LRT, the obtained
statistic is

LR =26.295> y%0s5 = 11.07

Thus, the null hypothesis was rejected, indicating
that the explanatory variables jointly have a
significant effect on the model.

To assess the significance of the correlation
parameter, an LRT comparing the ZIOPC and ZIOP
models was conducted (see Table 4). The results
indicate that the null hypothesis Hy : p = 0 was
rejected, confirming the presence of a significant
dependence between the
components.

binary and ordinal
To examine the contribution of
individual predictors, partial hypothesis testing was
conducted using the Wald test. The results of this
test, as presented in Table 3, provide insights into
the significance and direction of the effects of each
explanatory variable within the binary and ordinal
components.

3.2.1. Binary (Inflation) Component

The inflation component models the probability
of belonging to the structural zero group, that is,
regions that are always classified as very food

Table 4. Model comparison based on maximized log-likelihood, AIC, and LRT.

Model Log-likelihood
ZIOP -582.734
ZIOPC -529.096

AIC LRT
1187.468
107.276
1082.192
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secure. The results show that rice production and
the percentage of the poor population are
statistically significant, whereas expenditure per
capita is not. The negative coefficient of rice
production indicates that an increase in production
reduces the probability of belonging to the
structurally very secure group. This suggests that
production alone does not ensure structural food
security, as other factors, such as distribution
inefficiencies and market instability, may still play
a role [22][23]. Similarly, the percentage of the
poor population has a negative and significant
effect, implying that higher poverty levels decrease
the likelihood of a region being structurally food
secure. This highlights the importance of
socioeconomic conditions in determining food
security status [24].

3.2.2. Ordinal Component

The ordinal component captures the severity of
food insecurity conditional on not belonging to the
structural zero group. GRDP and harvested area
were found to be statistically significant. The
negative coefficient of GRDP indicates that higher

economic output reduces the probability of
transitioning to more severe food insecurity
categories, suggesting improved resilience. In

contrast, a positive coefficient of harvested area
implies that larger agricultural land areas are
associated with higher food insecurity severity. This
indicates that agricultural expansion alone may not
be sufficient to improve food security without
improvements in productivity and resilience [23]
[25].

3.2.3. Correlation Parameter

The estimated correlation parameter (p = 0.781)
is positive and statistically significant, indicating
dependence between the binary and ordinal
components. This implies that unobserved factors
influencing structural food security are related to
those affecting severity. This finding validates the
use of the ZIOPC model, as it captures the
dependence structure that cannot be represented
under the standard ZIOP model [26][27].

3.2.4. Policy Implications
These results suggest that improving regional
economic capacity and reducing poverty are

essential for enhancing food security. Agricultural
policies should emphasize not only land expansion,
but also productivity and resilience improvements.
The significant correlation between the structural
and severity components further indicates that
integrated policy interventions are required, because
both dimensions are influenced by common
underlying factors.

3.3. Model Comparison

To evaluate the relative performance of the
competing models, a comparison between the ZIOP
and ZIOPC models was conducted. The comparison
was based on maximized log-likelihood values,
LRT, and the Akaike information criterion (AIC).
The comparison results are presented in Table 4.

The ZIOPC model achieves a substantially
higher (less negative) log-likelihood value than the
ZIOP model, indicating an improved fit to the
observed data. This improvement arises from the
inclusion of the correlation parameter, which allows
for dependence between the binary (inflation) and
ordinal components [21][26]. To formally assess
whether this improvement is statistically significant,
an LRT was conducted. The test statistic is
computed as

LR = 2[-529.096 - (-582.734)] = 107.276

Under the null hypothesis Hy : p = 0, the statistic
follows a chi-square distribution with one degree of
freedom. Since:

LR =107.276 > y%005.1 = 3.84

the null hypothesis was rejected. This result
indicates that the correlation between the binary and
ordinal components was statistically significant,
thereby justifying the use of the ZIOPC model over
the standard ZIOP model. In addition, the AIC
value for the ZIOPC model (1082.192) is
substantially lower than that for the ZIOP model
(1187.468), further confirming its
goodness-of-fit

superior

after accounting for model
complexity. Overall, these results demonstrate that
incorporating correlated errors provides a more
accurate representation of the underlying data-
generating process. The ZIOPC model improves the

statistical fit and captures the dependence structure
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between food security incidence and severity,
which cannot be accommodated by the ZIOP
model. Therefore, the ZIOPC model is preferred for
analyzing national food security conditions in
Indonesia.

4. CONCLUSIONS

The national food security status in Indonesia in
2024 exhibits substantial zero inflation, with most
districts classified in the highest category. This
feature requires a modeling framework capable of
jointly capturing structural zeros and ordinal
severity. This study contributes by employing the
ZIOPC model, which extends the standard ZIOP
framework by explicitly allowing dependence
between the binary (inflation) and ordinal
components. In addition, this study highlights the
practical implementation of the ZIOPC model using
the L-BFGS-B optimization algorithm, which is
particularly suitable for handling constrained and
nonlinear likelihoods involving the bivariate normal
distribution. The empirical results show that GRDP
and harvested area significantly influence food
insecurity severity, whereas rice production and the
percentage of the poor population determine the
probability of structural food security. The
estimated correlation parameter is positive and
statistically significant, confirming that the two
latent processes are interdependent. This result
that
assumption leads to a more accurate representation
of the data-generating process. Consistent with this

demonstrates relaxing the independence

finding, the model comparison results indicate that
the ZIOPC model outperforms the ZIOP model.
These findings emphasize the importance of jointly
modeling structural and severity mechanisms in
food security analysis. Future research may extend
the ZIOPC framework by incorporating spatial or
time-series structures and exploring alternative
optimization strategies for high-dimensional zero-
inflated ordinal models.
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