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Abstract This study proposes an integrated procedure for analyzing multivariate time series (MTS) of strategic food
commodity prices across Indonesian regencies/cities, encompassing missing-data imputation, outlier-robust dimensionality
reduction, MTS modeling, regional clustering, and cluster-prototype-based forecasting. Weekly price data for eight strategic
food commodities across 70 regencies/cities in Indonesia are analyzed through imputation and preprocessing, dimensionality
reduction using lag-1 autocovariance-based RPCA (RPCA lag-1), and time series modeling of the lag-1 RPCA principal
component scores (RPCA scores) on the first and second principal components (PC1 and PC2) using a first-order vector
autoregressive model (VAR(1)) with an intercept term. Regional clustering is performed using non-ensemble methods (K-
means Euclidean and PAM Euclidean) to identify the best non-ensemble approach, and Random Forest–General Iterative
Clustering (RF-GIC) is also employed as a benchmark. For each clustering result, namely K-means Euclidean as the selected
best non-ensemble method and RF-GIC, cluster prototypes are constructed and used for forecasting. The two schemes are
compared using a four-fold expanding-window evaluation (root mean square error (RMSE) and mean absolute deviation
(MAD)) and a final mean absolute percentage error (MAPE) assessment at 4-step and 26-step horizons, evaluated at both the
cluster-prototype and regency/city levels. Based on overall MAPE at the cluster-prototype level, both K-means Euclidean
and RF-GIC achieve very accurate performance at the 4-step horizon and accurate performance at the 26-step horizon, with
RF-GIC yielding lower overall MAPE than K-means Euclidean at both horizons. At the regency/city level, both methods
fall into the accurate category at the 4-step horizon and the moderately accurate category at the 26-step horizon, with only a
small difference in overall MAPE (slightly lower for K-means Euclidean). The decrease in accuracy is primarily driven by
longer forecasting horizons and commodity-specific volatility, particularly for bird’s-eye chili and red chili.
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1. Introduction

This study is designed to address several challenges in the analysis of complex multivariate time series (MTS)
data, particularly when the dataset involves many observational units, multiple variables, a long time span, and
the presence of missing values and outliers. Missing values can hinder the analysis process because most methods
require complete datasets to ensure accurate estimation. Accurate imputation of missing values can improve the
accuracy of subsequent MTS analysis [1]. Therefore, imputation is often an essential step in the analytical workflow
[2]. Handling missing data should account for the underlying missingness mechanism, which is commonly
classified into Missing Completely at Random (MCAR), Missing at Random (MAR), and Not Missing at Random
(NMAR) [3, 4]. In this study, missing values in the time series are first filled using linear interpolation implemented
in the imputeTS package [5].
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In addition to missing data, the high dimensionality of multivariate data and the presence of outliers can reduce
the accuracy of dimensionality reduction and subsequent modeling. Accordingly, this study employs Principal
Component Analysis (PCA) to reduce dimensionality, thereby decreasing the number of parameters without
discarding most of the data variability [6, 7]. For MTS, PCA can be implemented either through PCA of MTS or
through lag-based classical PCA constructed from sample autocovariance or autocorrelation matrices [8, 9, 10, 11].
Nevertheless, PCA that relies on the sample covariance or correlation remains sensitive to outliers, because outliers
can distort the covariance structure and bias the estimated principal components (PCs) toward non-representative
directions [12, 13, 14]. To address this issue, several studies have developed robust covariance or correlation
estimators as the basis for Robust PCA (RPCA) [9, 10, 14, 15]. This study applies lag-1 autocovariance-based
RPCA (RPCA lag-1) for dimensionality reduction. The principal component scores obtained from RPCA lag-1
(RPCA scores) are subsequently modeled using an MTS model.

After the RPCA scores are obtained and modeled, clustering is employed to improve analytical efficiency
when the number of observational units is large through model-based approaches. This study considers both
non-ensemble methods, including K-means Euclidean (i.e., K-means with Euclidean distance) and Partitioning
Around Medoids (PAM) Euclidean (i.e., PAM with Euclidean distance) [16], and a random-forest-based clustering
approach that leverages bagging [17] and uses a proximity measure as the basis for clustering [18]. In this context,
clustering methods for complex temporal data need to be adaptive, robust, and scalable [19]. The final stage
is forecasting, which aims to predict future values from historical information to support decision-making and
enhance analytical efficiency [20]. In this context, multivariate models can exploit inter-variable relationships to
improve predictive accuracy [21].

The novelty of this study lies in formulating an integrated procedure for analyzing MTS of strategic food
commodity prices at the regency/city level. The proposed pipeline combines missing-data imputation, outlier-
robust dimensionality reduction via autocovariance-based RPCA, modeling of RPCA scores using an MTS model,
coefficient-feature extraction to represent regional dynamics, clustering (non-ensemble and random-forest-based),
and cluster-prototype-based forecasting. In contrast to the PCA–Vector Autoregressive (PCA–VAR) framework,
which typically uses classical PCA as a pre-modeling step [22], and to the MTS Clustering (MTSClust)
approach that emphasizes imputation using the Vector Autoregressive Imputation Method (VAR-IM) and the
Vector Autoregressive Moving Average Imputation Method (VAR-IMMA) together with non-ensemble clustering
[16, 23], this study places RPCA lag-1 as the initial step to obtain RPCA scores that are robust to outliers.
The imputation is then refined through an iterative reconstruction procedure based on these RPCA scores. In
addition to non-ensemble methods, the clustering stage is further extended by incorporating a random-forest-based
approach combined with the iterative General Iterative Clustering (GIC) scheme [18], hereafter referred to as
Random Forest–General Iterative Clustering (RF-GIC), to construct a general model for each cluster and evaluate
forecasting performance.

A more efficient approach is needed to analyze weekly prices of multiple strategic food commodities across
regencies/cities in Indonesia under missing-data and outlier conditions. However, integrated frameworks to support
analysis under such characteristics remain relatively limited. Without such a framework, the analysis tends to be
conducted by modeling each regency/city separately, particularly when the data involve many variables and contain
missing values and outliers. Therefore, the main contribution of this study is the development of an integrated
framework that combines imputation, dimensionality reduction, RPCA score modeling, clustering, and forecasting
for weekly strategic food price data across regencies/cities under missing-data and outlier conditions. Within this
framework, the study applies RPCA lag-1 to obtain a low-dimensional representation of MTS data that is robust
to outliers, and then employs clustering to support cluster-prototype-based forecasting. Accordingly, this study
aims to formulate and evaluate an integrated procedure encompassing missing-data imputation, outlier-robust
dimensionality reduction, RPCA score modeling, regional clustering, and cluster-prototype-based forecasting for
weekly strategic food commodity price data across regencies/cities in Indonesia under missing-data and outlier
conditions.
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2. Materials and Methods

The research workflow is shown in Figure 1.
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Figure 1. Research workflow.

The analysis begins with initial imputation and data preprocessing, followed by dimensionality reduction using
RPCA lag-1. The RPCA scores are modeled using a Vector Autoregressive model (VAR), VAR in Differences
(VARD), or a Vector Error Correction Model (VECM), and are then used to reconstruct the series on the original
(level) scale. The missing entries are then updated using the reconstructed values, and the preprocessing, RPCA
lag-1, score modeling, and reconstruction steps are repeated until the relative change in the root mean square
error (RMSE) satisfies the convergence criterion. Next, the model coefficients are extracted as features for regional
clustering using non-ensemble methods (K-means Euclidean and PAM Euclidean) as well as RF-GIC. For both
clustering results (the selected best non-ensemble method and RF-GIC), cluster prototypes are constructed and
forecasting performance is evaluated.

2.1. Data and preprocessing

This study used weekly price data for eight strategic food commodities, namely rice, chicken eggs, shallots,
garlic, red chili, bird’s-eye chili, cooking oil, and granulated sugar. The data were obtained from the National
Strategic Food Price Information Center (PIHPS) of Bank Indonesia [24] for the period from 21 July 2021 to 26
February 2025, comprising 189 weekly observations. Of the 74 regencies/cities available, the analysis focused on
70 regencies/cities because four regions exhibited insufficient data completeness over the observation period. In
addition, two other commodities were excluded due to incomplete and inconsistent availability across locations.
Missing values were identified and initially imputed using linear interpolation. Stationarity was assessed using
the Augmented Dickey–Fuller (ADF) test at the 10% significance level; differencing was applied iteratively until
stationarity was achieved, followed by mean centering. Consistent with [11], who analyzed the same dataset, the
level series are generally non-stationary and become stationary after first-order differencing at the 10% significance
level, seasonal patterns are not dominant, and there are indications of additive outliers.

2.2. RPCA lag-1

This study employed RPCA lag-1 based on prior comparative evidence obtained from the same dataset, namely
weekly price data of strategic food commodities observed across 70 regencies/cities in Indonesia [11]. In that study,
Classical PCA and RPCA were evaluated at lags 1 through 7, and lag 1 was selected as the optimal lag because
it was the smallest lag that consistently showed differences in the evaluation results of the two methods in terms
of the minimum number of principal components and the proportion of cumulative explained variance. At that
lag, Classical PCA lag-1 and RPCA lag-1 generally required one to two principal components to achieve at least
85% cumulative explained variance, whereas PCA of MTS tended to require two to three principal components.
The simulation results also showed that RPCA was the most efficient and effective method, with the optimal lag
consistently identified as lag 1. These findings are consistent with [10], who showed that the strongest correlations
in multivariate time series generally occur at small lags. Therefore, lag 1 was considered adequate as the basis for
dimensionality reduction in this study. RPCA lag-1 was obtained via eigenvalue decomposition of the total sample
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autocovariance matrix,

cM =
h0X

h=1

b� � (h) b� � (h) > ; (1)

with h0 = 1, whereb� � (h) denotes the robust sample autocovariance matrix based on the Qn (�) scale estimator [10].
The number of RPCA principal components was determined based on the majority of regencies/cities achieving a
minimum cumulative explained-variance proportion of 85%.

2.3. Modeling RPCA Scores and Lag Selection

The RPCA scores were modeled using VAR, VARD, or VECM. Model speci�cation was determined based on
stationarity testing and the Johansen cointegration test (trace and maximum eigenvalue statistics). The maximum
lag was set to the cube root of the number of observations used in model estimation [25], whereas the optimal lag
was selected using the Schwarz Information Criterion (SC). To ensure consistent coef�cient-feature dimensionality
across regions, the �nal model class and lag order were determined by the modal (most frequently selected)
speci�cation across all regencies/cities.

2.4. Reconstruction to the Level Scale

After the RPCA scores were modeled using the selected MTS model (VAR, VARD, or VECM) with lag order `,
the �tted scores S�tted were obtained. Data reconstruction followed the standard PCA formulation [26, 27]:

bX = S �tted V T
reduced ; (2)

where Vreduced is the loading matrix for the k selected principal components. The reconstructed series were then
returned to the �nal scale by undoing mean centering:

Y� = bX + � � ; (3)

where � � is the mean vector on the �nal (differenced) scale. If differencing of order d was applied during
preprocessing, Y� was integrated d times using the corresponding initial conditions to obtain the level (original)
scale.

2.5. Iterative Reconstruction and Convergence Criterion

The imputation did not stop at the initial interpolation stage, but was re�ned through an iterative reconstruction
procedure based on the RPCA scores and the �tted scores obtained from the modeling results. At each iteration,
the values at the missing-data positions were updated using the reconstruction results from the previous iteration.
The updated data were then preprocessed again, and the entire modeling pipeline—from RPCA lag-1 to time
series model estimation for the RPCA scores—was reapplied to the updated data to obtain �tted scores and new
reconstruction results on the level scale for updating the missing values in the subsequent iteration. At iteration i
for regency/city j, inter-iteration changes were quanti�ed using RMSE computed over the missing entries and over
all data elements.

Let X (i;j) 2 RT �p denote the reconstructed matrix at iteration i for regency/city j, and let Mj be the set of
indices corresponding to cells that were missing in the original data for regency/city j, with mj = jM j j. The
RMSE over the missing entries was de�ned as

RMSE(i;j)
miss =

vu
u
t

1
mj

X

(t;r)2M j

�
X (i;j)

t;r � X (i�1;j)
t;r

� 2
; (4)

where t = 1; : : : ; T indexes time and r = 1; : : : ; p indexes commodities.
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The RMSE over all elements was de�ned as

RMSE(i;j)
all =

vu
u
t 1

Tp

TX

t=1

pX

r=1

�
X (i;j)

t;r � X (i�1;j)
t;r

� 2
: (5)

RMSE values were then averaged across regencies/cities at iteration i:

RMSEmiss;i =
1

nmiss

X

j2J miss

RMSE(i;j)
miss ; (6)

RMSEall;i =
1
n

nX

j=1

RMSE(i;j)
all ; (7)

where n denotes the total number of regencies/cities, Jmiss is the set of regencies/cities with at least one missing
value, and nmiss = jJ miss j is the number of regencies/cities with at least one missing value. The stopping rule
followed the relative iterative error criterion [28], de�ned as the relative change in RMSE between successive
iterations (for i � 2):

RMSEmiss;rel;i =

�
�RMSEmiss;i � RMSEmiss;i�1

�
�

RMSEmiss;i
; (8)

RMSEall;rel;i =

�
�RMSEall;i � RMSEall;i�1

�
�

RMSEall;i
: (9)

Iterations were terminated at the �rst iteration that simultaneously satis�ed

RMSEmiss;rel;i < 0:10; (10)

and

RMSEall;rel;i < 0:10: (11)

The dataset obtained at the iteration satisfying these criteria was treated as the stable data for subsequent
analyses. A 10% threshold was used as the stopping tolerance in the iterative reconstruction procedure. Sensitivity
to alternative convergence thresholds, comparisons with other modern imputation methods, and evaluation of
imputation accuracy using RMSE and mean absolute error (MAE) were beyond the scope of this study and may be
examined in future research.

2.6. Coef�cient features and clustering

For each regency/city, the model coef�cients estimated from the RPCA-score models were extracted as a feature
vector representing the region's temporal dynamics, including the intercept term when applicable. The tendency of
the data to form clusters was assessed using the Hopkins statistic; values close to 1 indicate that the data are likely to
be clusterable [29]. When clusterability was indicated, the number of clusters was selected based on the Silhouette
Score [30], with the Dunn Index and the interpretability of cluster pro�les considered as additional criteria. The
selected number of clusters was then used consistently across all clustering methods, namely the non-ensemble
methods (K-means Euclidean and PAM Euclidean) and RF-GIC. The best non-ensemble method was chosen based
on the Silhouette Score and Dunn Index at the selected number of clusters. In RF-GIC, random forest was used
to construct a proximity matrix, which was transformed into a dissimilarity matrix, and PAM was then applied
iteratively until the clusters converged. The implementation was carried out using the GIC package in R via the
GIC() function [18].
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2.7. Prototype and forecasting evaluation

For the selected best non-ensemble method and RF-GIC, a cluster prototype was constructed as the mean time
series of the stable data from cluster members. Prototype-model speci�cation was determined based on the ADF
test at the 10% signi�cance level and the Johansen cointegration test (trace and maximum eigenvalue statistics)
at the 5% signi�cance level. The lag order was initially selected using the SC criterion and was then increased
when necessary until the residuals showed no autocorrelation [31]. Forecasting evaluation was conducted using
a four-fold expanding-window scheme by comparing the �tting and forecasting performance of VAR, VARD,
and VECM using RMSE and mean absolute deviation (MAD), while the Johansen test was performed on the
training data within each fold. The four folds used cumulative training sets and the subsequent 11 observations
as test sets: Fold 1 (1 to 145; 146 to 156), Fold 2 (1 to 156; 157 to 167), Fold 3 (1 to 167; 168 to 178), and
Fold 4 (1 to 178; 179 to 189). Subsequently, the best model was estimated using the full observation period and
was assessed using the Portmanteau test, Autoregressive Conditional Heteroskedasticity (ARCH) test, and model-
stability diagnostics. A model was considered stable when all roots lay inside the unit circle, such that the resulting
Impulse Response Functions (IRFs) and Forecast Error Variance Decompositions (FEVDs) were regarded as valid
[32]. Final evaluation used mean absolute percentage error (MAPE) at a short-term horizon of 4 steps (5 March
2025 to 26 March 2025) and a long-term horizon of 26 steps (5 March 2025 to 27 August 2025), evaluated at both
the cluster-prototype and regency/city levels. MAPE accuracy categories were adapted from [33]: MAPE below
10% (very accurate), between 11% and 20% (accurate), between 21% and 50% (moderately accurate), and 51% or
higher (inaccurate).

3. Results and Discussion

3.1. Stable reconstructed data and convergence

Reconstruction convergence was assessed using the relative change in RMSE between successive iterations
computed for (i) the missing entries and (ii) all data elements, with a 10% threshold for each criterion. The sixth
iteration was the �rst stable iteration because it satis�ed both criteria simultaneously. Therefore, the reconstruction
from the sixth iteration was used as the stable dataset for subsequent analyses.

3.2. Characteristics of the stable data

The stable data obtained from the reconstruction–imputation process served as the basis for all subsequent analyses.
The characteristics of the stable data were evaluated in terms of stationarity, indications of seasonality, indications
of additive outliers, and the number of RPCA principal components.

3.2.1. Stationarity of the stable data. The percentages of stationary (S) and non-stationary (NS) series based on
the ADF test applied to the stable data (560 weekly series) are reported in Table 1.

Table 1. Percentages of stationary (S) and non-stationary (NS) series based on the ADF test for the stable data (560 weekly
series)

Data type S (%) NS (%)
I(0) 44.29 55.71
I(1) 100 0
I(1) then MC 100 0

Note: I(0) denotes the level series; I(1) denotes the �rst-order differenced series; MC denotes mean centering. The
ADF test was conducted at the 10% signi�cance level.

Table 1 indicates that, at the 10% signi�cance level, most level series are non-stationary, whereas after �rst-order
differencing all series become stationary. This �nding is consistent with [11], who analyzed the same dataset (using
the initial imputation).
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3.2.2. Seasonality indications in the stable data. Seasonality indications in the stable data were evaluated using
the QS test as implemented in the seastests package [34]. The percentages of series indicated as seasonal (M)
and not indicated as seasonal (TM) based on the QS test applied to the stable data (560 weekly series) are reported
in Table 2.

Table 2. Percentages of series indicated as seasonal (M) and not indicated as seasonal (TM) based on the QS test for the
stable data (560 weekly series)

Data type M (%) TM (%)
I(0) 1.25 98.75
I(1) 1.96 98.04
I(1) then MC 2.14 97.86

Note: I(0) denotes the level series; I(1) denotes the �rst-order differenced series; MC denotes mean centering.
Seasonality indication was determined using the QS test at the 1% signi�cance level.

Table 2 shows that, at the 1% signi�cance level, the proportion of time series exhibiting seasonality indications
in the stable data is relatively small. This �nding is consistent with [11], who analyzed the same dataset (using the
initial imputation), suggesting that seasonal effects are not dominant in the stable data.

3.2.3. Indications of additive outliers. Consistent with [10, 11], Figure 2 presents the autocovariance function
(ACOVF) of the stable data at lag 1, which serves as the basis for Classical PCA and RPCA. Pematang Siantar
City is shown as an illustration because it had the highest proportion of missing values in the same dataset (under
the initial imputation) [11].

(a) (b)

Figure 2. ACOVF of the stable data after preprocessing at lag 1 as the basis for Classical PCA (a) using the classical estimator
and RPCA (b) using the robust estimator.

Figure 2(a) and Figure 2(b) display pronounced spikes in the autocovariances at several lags, indicating that the
stable data exhibit additive outliers.

3.2.4. Number of RPCA principal components. Based on the stable data, RPCA lag-1 required one to two principal
components across all regencies/cities to achieve at least 85% cumulative explained variance, consistent with [11].
To maintain comparability across regencies/cities in the modeling and clustering stages, this study used two RPCA
scores for all regencies/cities. However, for regencies/cities in which a single principal component was already
suf�cient to explain at least 85% of the variance, the inclusion of the second component may have introduced less
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informative variation and added noise to the feature vector. This is acknowledged as one of the limitations of the
study.

3.3. RPCA lag-1 results and modeling of RPCA scores

The ADF test indicated that the RPCA scores were stationary in levels at the 10% signi�cance level for all
regencies/cities. Because the ADF test indicated that both RPCA scores were stationary in levels at the 10%
signi�cance level, the two scores were modeled using VAR rather than VARD or VECM. Lag-order selection
based on the SC criterion chose lag 1 for 69 of 70 regencies/cities (98.57%), whereas Pontianak City selected lag
2 (1.43%). To maintain uniformity in the dimension of the coef�cient feature vectors at the clustering stage, all
regencies/cities were speci�ed using a �rst-order vector autoregressive model (VAR(1)) with an intercept term. For
Pontianak City, this speci�cation may not fully re�ect the lag-2 structure selected by the SC criterion, and may
therefore affect the coef�cient vector and the subsequent clustering results. This is acknowledged as one of the
limitations of the study. Accordingly, the general VAR(1) speci�cation used in this study is formulated as follows.

y t = c + A 1 y t�1 + e t ; (12)

where yt denotes the two-dimensional vector of RPCA scores at time t. The coef�cients A1 and c were used as
features, and all models satis�ed the stability condition based on the roots of the characteristic polynomial.

3.4. Coef�cient features and clustering results (non-ensemble and RF-GIC)

The coef�cients from the VAR(1) model with an intercept term �tted to the two RPCA scores were extracted as
a six-dimensional feature vector for each regency/city. A Hopkins statistic of 0.9909 indicated that the data were
highly clusterable. The number of clusters was set to three across all methods based on internal validation results
and the interpretability of cluster pro�les.

The list of regions is as follows: (1) Banda Aceh City, (2) Lhokseumawe City, (3) Meulaboh City, (4) Denpasar
City, (5) Tangerang City, (6) Bengkulu City, (7) Yogyakarta City, (8) Jakarta Pusat City, (9) Gorontalo City, (10)
Bungo Regency, (11) Jambi City, (12) Bandung City, (13) Bekasi City, (14) Bogor City, (15) Cirebon City, (16)
Depok City, (17) Sukabumi City, (18) Tasikmalaya City, (19) Banyumas Regency, (20) Cilacap Regency, (21)
Semarang City, (22) Surakarta (Solo) City, (23) Tegal City, (24) Banyuwangi Regency, (25) Jember Regency, (26)
Blitar City, (27) Kediri City, (28) Madiun City, (29) Malang City, (30) Probolinggo City, (31) Surabaya City,
(32) Pontianak City, (33) Banjarmasin City, (34) Palangkaraya City, (35) Sampit City, (36) Balikpapan City, (37)
Samarinda City, (38) Bulungan Regency, (39) Tarakan City, (40) Pangkal Pinang City, (41) Batam City, (42) Bandar
Lampung City, (43) Ternate City, (44) Ambon City, (45) Tual City, (46) Mataram City, (47) Sumba Timur Regency,
(48) Kupang City, (49) Maumere City, (50) Manokwari Regency, (51) Sorong City, (52) Jayapura City, (53) Dumai
City, (54) Pekanbaru City, (55) Tembilahan City, (56) Mamuju City, (57) Makassar City, (58) Parepare City, (59)
Palu City, (60) Kendari City, (61) Kotamobagu City, (62) Manado City, (63) Bukittinggi City, (64) Padang City,
(65) Palembang City, (66) Gunung Sitoli City, (67) Medan City, (68) Padang Sidempuan City, (69) Pematang
Siantar City, and (70) Sibolga City.

Cluster memberships (including cluster sizes) are summarized in Table 3. Table 3 shows that cluster assignments
differed across methods. Under K-means Euclidean, Padang Sidempuan City (index 68) was placed in its own
cluster, whereas PAM Euclidean and RF-GIC produced more balanced cluster sizes. Based on the pro�les of
the RPCA scores on the �rst principal component (PC1) and the second principal component (PC2), the three
clusters produced by K-means Euclidean, PAM Euclidean, and RF-GIC were primarily differentiated by the mean
score levels and the intensity of �uctuations. Under the three-cluster scheme, RF-GIC yielded the best cluster
quality according to the Silhouette Score and Dunn Index (0.489 and 0.641), followed by K-means Euclidean
(0.178 and 0.148) and PAM Euclidean (0.145 and 0.072). Therefore, K-means Euclidean was selected as the best
non-ensemble method to be compared with RF-GIC in the prototype construction and forecasting stages. Cluster
prototypes for K-means Euclidean and RF-GIC were constructed as the mean time series of the stable data from
cluster members at each period. The inter-cluster movement patterns were broadly similar; however, separation
was mainly observed in price levels and spike amplitudes, particularly for volatile commodities such as bird's-eye
chili and red chili.
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