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ABSTRACT. This study aims to assess the performance of single linkage, complete linkage, and average linkage
hierarchical clustering algorithms in grouping cities used as inflation benchmarks in Indonesia into clusters based
on sectoral inflation patterns. The data utilized are 150 regencies/cities divided into 11 sectors that drive inflation,
identified by BPS Indonesia. Prior to clustering, a distance analysis using Euclidean distances was conducted tomeasure
similarity between regions. Evaluation of the optimal number of clusters was conducted by applying the stability
measure approach (APN, AD, ADM, and FOM), which showed that creating five clusters produced the most stable
results. The results of the analysis revealed that the single linkage approach had the lowest within-cluster to between-
cluster standard deviation ratio compared to the other two approaches, which revealed a greater level of homogeneity
between the clusters. From an economic perspective, this clustering pattern revealed impressive differences in sectoral
inflation pressures between provinces, even between cities within a province. Consequently, the single linkage method
is proposed as the optimal method for identifying spatial variations in sectoral inflation in Indonesia.

This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution-NonComercial 4.0 International License. Editorial of JJoM: Department of Mathematics, Uni-
versitas Negeri Gorontalo, Jln. Prof. Dr. Ing. B. J. Habibie, Bone Bolango 96554, Indonesia.

1. Introduction

Inflation is one of the most important measures of the eco-
nomic stability of a region. Its movement can affect individu-
als’ purchasing power, welfare, and the course of government
fiscal and monetary policies [1]. In Indonesia, inflation not only
varies over time but also shows high spatial inequality among
cities and across contributing sectors. Sectoral inequality mirrors
structural and consumption differences among regions. Thus,
knowledge of urban sectoral inflation trends is relevant as a foun-
dation for the derivation of more targeted, regionally based in-
flation management policies [2]. However, the complexity aris-
ing from the multidimensional nature of sectoral inflation across
cities makes it impossible to interpret the patterns underlying
these trends through descriptive analysis. Therefore, a data-
drivenmethod is needed to classify cities that share similarities in
their sectoral inflation, providing a systematic approach to under-
standing inflation patterns across regions. In fact, cluster analy-
sis provides an appropriate method for handling the complexity
arising from sectoral inflation among different cities.

Cluster analysis is a statistical technique often employed
to group areas based on common economic and social features
[3]. Different studies have employed this technique to cluster
Indonesian regions using various indicators. A study on provin-
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cial clustering based on the Healthy Family Indicator using both
non-hierarchical and hierarchical clustering techniques indicated
differences in the resulting structures between the two methods
[4]. Another comparison was also conducted between hierarchi-
cal and non-hierarchical clustering of cities in Java using the Hu-
man Development Index (HDI), where the two methods resulted
in different cluster formations [5].

In regional economics, the clustering approach has also
been used to identify regions with comparable inflation charac-
teristics [6]. In Murjani et al. (2022), regencies and cities in South
Kalimantan were categorized into groups in order to identify in-
flation reference cities [7]. Meanwhile, other studies have em-
ployed hierarchical cluster techniques [8, 9], demonstrating the
versatility of the method across different aspects of spatial anal-
ysis. Hierarchical clustering has also been applied to distance-
based clustering among provinces, which revealed comparable
prevalence patterns [10]. In economics, cluster analysis of ur-
ban areas based on inflation has been conducted using various
techniques. For instance, Sari et al. (2023) compared Ward and
K-Means algorithms for clustering Indonesian cities based on in-
flation indicators [11], whereas K-Means was used to cluster infla-
tion levels of 34 provincial capitals before and during the COVID-
19 pandemic [12]. Furthermore, machine learning studies illus-
trate the application of clustering methods to determine associ-
ation patterns between inflation and regional poverty levels in
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Indonesia [13–15].
These studies demonstrate that cluster analysis is a sig-

nificant tool for examining inter-regional heterogeneity. How-
ever, most previous studies have been conducted at the provin-
cial level or based on aggregate macroeconomic indicators. In
the present study, hierarchical clustering techniques are applied
at the city level using data from 150 inflation cities designated
by the Central Statistics Agency (BPS). These inflation cities are
officially selected urban areas that serve as reference locations
for measuring consumer price changes and calculating the Con-
sumer Price Index (CPI) in Indonesia. The designation of inflation
cities is based on their economic significance, population size,
market activity, and availability of price data, making them rep-
resentative units for monitoring regional inflation dynamics. The
analysis considers sectoral inflation patterns categorized into 11
sectors according to BPS classifications. The results are expected
to reveal clearer structures and linkages of inflation among In-
donesian cities, contribute to the literature on spatial inflation
analysis, and provide insights for future regional inflation control
policy formulation.

2. Methods
The data used in this analysis are monthly inflation data

for September 2025. The inflation data consist of 11 sectors as
research variables, as presented in Table 1. The objects of the
study are 150 regencies/cities in Indonesia designated as infla-
tion cities by the Central Statistics Agency (BPS) of Indonesia.
The research data were obtained from the official website of the
Central Statistics Agency (BPS), bps.go.id, which was updated on
October 1, 2025.

Table 1. Data variables

No. Variable Sector
1. X1 Food, beverages, and tobacco
2. X2 Clothing and footwear
3. X3 Housing, water, electricity, and household fuels
4. X4 Supplies, household equipment, and routine

maintenance
5. X5 Health
6. X6 Transportation
7. X7 Information, communication, and financial ser-

vices
8. X8 Recreation, sports, and culture
9. X9 Education
10. X10 Food and beverage/restaurant provision
11. X11 Personal care and other services

The research steps began with initial data preprocessing,
which involved analyzing statistical summaries and detecting
outliers. Next, the Euclidean distance matrix was calculated,
the optimal number of clusters was determined, and hierarchical
cluster analysis was applied using the single linkage, complete
linkage, and average linkage methods. After obtaining the mem-
bers of each cluster, each method calculated the within-cluster
standard deviation (Sw) and the between-cluster standard devia-
tion (Sb) to determine the average value of the Sw/Sb ratio. The
method with the smallest average ratio value was considered the
best method for grouping districts/cities based on sectoral infla-
tion values in Indonesia.

2.1. Data Preprocessing
In an analysis, data preprocessing is required by looking at

the statistical summary of the data and detecting outliers. Out-
lier detection is carried out because the presence of outliers can
interfere with the analysis [16, 17]. Causes of outliers include
errors in data entry, testing errors, data processing errors, sam-
pling errors, and natural data (not errors) [18]. Outliers caused by
errors can be overcome by removing the outlier from the analysis,
but if not caused by errors, outliers can be retained to maintain
the characteristics of the data.

2.2. Cluster Analysis
Cluster analysis is an analysis that aims to place a set of

objects into two or more groups based on the similarities of the
objects based on various characteristics. This is done to obtain a
proximity matrix, i.e., a symmetric matrix with the same number
of objects in both rows and columns. One distance between ob-
jects that can represent a measure of similarity is the Euclidean
distance [16]. The Euclidean distance is formulated in eq. (1).

dij =

√√√√ n∑
k=1

(vik − vjk)
2
. (1)

2.3. Hierarchical Method
The hierarchical method is a clustering method based on

the similarities found in the objects, where similar objects will
be clustered together and form a tree with a clear hierarchy be-
tween objects [19]. The steps in the clustering algorithm using
the agglomerative hierarchical algorithm are as follows:
a. InN clusters, each cluster contains a single entity and a sym-

metric matrix of distances (similarities)D = {dij} using the
Euclidean distance formula from eq. (1) with sizeN×N . The
Euclidean distance is then used as the dissimilarity measure,
as it effectively captures the overall magnitude of differences
in sectoral inflation rates among cities and is well suited for
hierarchical clustering with continuous variables.

b. Find the distance matrix for the closest cluster pair.
c. Pair and label the clusters with new names, and reduce the

columns and rows of the cluster pairs to one column and
one row.

d. Repeat steps (b) and (c) for (N − 1) times.
In hierarchical cluster analysis, there are several methods,

i.e., the single linkage method, complete linkage, and average
linkage.

2.4. Single Linkage
Clustering using single linkage is based on the smallest dis-

tance between two objects that are made the first cluster, and so
on. In this method, it is done by finding the smallest distance
in D = {dij} or min{dij} and then combining them into corre-
sponding objects [16].

2.5. Complete Linkage
Clustering using complete linkage is based on the furthest

distance between two objects that are made into the first cluster,
and so on. In this method, it is done by finding the furthest dis-
tance in D = {dij} or max{dij} and then combining them into
corresponding objects [16].
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2.6. Average Linkage
Clustering using average linkage is based on the average

distance between objects that are made into the first cluster, and
so on [16]. It starts by finding the shortest distance inD = {dij}
and combining the same objects with the formula presented in
eq. (2).

1

nrns

∑
i

∑
j

d(xi, xj). (2)

2.7. Best Method
According to Bunkers et al. [20], to compare the quality of

the best clustering, the standard deviation value criteria are used,
i.e., the standard deviation within the cluster (Sw) and the stan-
dard deviation between clusters (Sb). Sw and Sb are formulated
in eq. (3) and eq. (4).

Sw =
1

c

c∑
k=1

Skj , (3)

Sb =

[
1

c− 1

c∑
k=1

(
X̄kj − X̄

)2]1/2

. (4)

The smaller the Sw value and the larger the Sb value, the
better the method performs or has high homogeneity. The small-
est average Sw/Sb ratio indicates the best clustering method
[20].

3. Results and Discussion
This section presents the results of a hierarchical cluster

analysis conducted on sectoral inflation data for cities in Indone-
sia. This analysis includes the cluster formation process, deter-
mining the optimal number of clusters, and interpreting the char-
acteristics of each city group based on the sectors contributing
to inflation.

3.1. Data Preprocessing
Prior to conducting the cluster analysis, a statistical sum-

mary of the data used in this study is presented in Table 2.

Table 2. Summary statistic

Variable Mean SD Min Median Max
X1 0.24630 1.212805 -3.51 0.29 3.62
X2 -0.01715 0.394768 -3.64 0.00 1.45
X3 0.07172 0.238469 -1.00 0.00 1.21
X4 0.00258 0.244776 -1.31 0.01 0.78
X5 0.12950 0.327799 -1.23 0.02 1.73
X6 -0.05033 0.652654 -4.61 0.00 1.94
X7 0.00066 0.117017 -0.73 0.01 0.60
X8 0.03993 0.392385 -1.93 0.00 3.76
X9 0.38130 2.077574 -5.85 0.00 21.50
X10 0.09079 0.197742 0.00 0.00 1.39
X11 1.14800 0.764616 -0.89 1.17 3.07

Based on Table 2, it can be seen that the Food, beverages,
and tobacco (X1), Transportation (X6), Education (X9), and Per-
sonal care and other services (X11) sectors have a range between
minimum and maximum values that is large enough to affect the

mean and standard deviation values. The minimum value in the
Food, beverages, and tobacco sector comes from Merauke Re-
gency, while the maximum value comes from Padangsidimpuan
City. In the transportation sector, the minimum and maximum
values come from Jayawijaya Regency and Merauke Regency, re-
spectively. Furthermore, in the education sector, the minimum
and maximum values come from Tangerang City and Toli Toli Re-
gency. Finally, in the personal care and other services sector,
theminimum andmaximum values come fromMeulaboh Regency
and Banyuwangi Regency.

An inflation rate that is too high or too low in a sector indi-
cates an imbalance between supply and demand. This condition
can indicate structural problems in the distribution of goods, pro-
duction efficiency, or purchasing power in the related sector. In
the transportation sector, the minimum and maximum values are
occupied by two regions located on the same island, i.e., Papua
Island. This indicates a very high inequality in transportation cost
increases. In the education sector, inflation in Toli Toli Regency
has a very extreme value and is an outlier. This means that prices
for education components in the regency increased by 21.50%
compared to the previous year (YoY). The outlier value was con-
firmed not to be caused by an error but rather due to the natural
value of the data; therefore, the data for Toli Toli Regency was
retained for further analysis.

3.2. Euclidean Distance Matrix

In cluster formation, a distance matrix between infla-
tion cities was first constructed using data consisting of 150
districts/cities and 11 variables. The distance between dis-
tricts/cities was calculated using the Euclidean distance formula
in eq. (1). The results of the distance calculations are presented
in Table 3.

The distance matrix calculation is used to determine the
similarity between objects. The smaller the distance between
two objects, the more similar they are.

3.3. Optimal Cluster Determination

Before determining cluster members using the three hierar-
chical analysis methods, the number of clusters was determined
using the three methods: single linkage, complete linkage, and
average linkage. In this study, the stability score formulated by
Brock et al. [21] was used in cluster validation for hierarchical
cluster analysis. Stability measures the consistency of the result-
ing clusters when one variable is removed at a time. The smaller
the value, the more consistent the clustering results. The mea-
sured scores are:
a. Average proportion of non-overlap (APN): measures the propor-

tion of “average number of observations in the same cluster”
between dendrograms created using complete data and data
from which one variable has been omitted.

b. Average distance (AD): the average distance between observa-
tions in the same cluster, when creating clusters with com-
plete data and data from which one variable has been re-
moved.

c. Average distance between means (ADM): the average distance
between cluster centers when creating clusters with com-
plete data and data from which one variable has been re-
moved.
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Table 3. Distance matrix with Euclidean distance

City Central Aceh Meulaboh Aceh Tamiang · · · Jayawijaya
Central Aceh 0.00000 3.348477 1.232842 · · · 4.659903
Meulaboh 3.348477 0.00000 3.558286 · · · 6.005015

Aceh Tamiang 1.232842 3.558286 0.00000 · · · 4.837685
...

...
...

...
. . .

...
Nabire 2.008283 4.337015 1.914445 · · · 4.717393

Jayawijaya 4.659903 6.005015 4.837685 · · · 0.00000

Table 4. Stability score for three hierarchical cluster analysis methods

Measurement
Single Linkage Complete Linkage Average Linkage

Min Score Cluster Min Score Cluster Min Score Cluster
APN 0.0024 3 0.0421 3 0.0024 3
AD 2.3120 5 2.2673 5 2.2922 5
ADM 0.0421 3 0.1000 3 0.0426 3
FOM 0.6025 5 0.5987 5 0.6030 4

d. Figure of merit (FOM): the average intra-cluster variance on
deleted variables, where clustering is performed using the
remaining undeleted columns.
This study will test the optimality score to determine the

best number of clusters, considering 3 to 5 clusters. The results
of the best score (minimum score) measurement and the most
optimal number of clusters based on the stability method for the
three hierarchical cluster analysis methods are presented in Ta-
ble 4.

Based on the results in Table 4, it can be seen that the op-
timal number of clusters selected based on the APN and ADM
values in the three methods is three clusters, while based on the
AD and FOM values (except for the average linkage method) it is
five clusters. In this analysis, the AD value is used, which provides
an optimal number of five clusters. The selection based on the
AD score is motivated by the consideration that this measure ac-
counts for the average distance between observations within the
same cluster [22]. Thus, the AD measure is more sensitive to in-
ternal variations within each cluster compared to other measures
such as APN, ADM, or FOM. The optimal AD value for five clusters
indicates that the formation of five groups can minimize the dis-
tance between cluster members more consistently, resulting in a
more stable and well-separated cluster structure. From an eco-
nomic perspective, the division into five clusters is considered
more representative in depicting the diversity of sectoral infla-
tion patterns across cities in Indonesia. Each cluster can repre-
sent regional characteristics with different inflationary pressures
and distinct sectoral combinations. Therefore, the selection of
five clusters is more appropriate for identifying regional varia-
tions in the context of the real economy.

3.4. Single Linkage Analysis
Clustering using the single linkage method is carried out by

calculating the shortest distance between two objects based on
the distance matrix that has been formed. Using the hierarchi-
cal agglomerative algorithm with the single linkage method, the
clustering process is repeated (as presented by the dendrogram
in Figure 1) until five clusters remain, with the clustering results
shown in Table 5. The resulting dendrogram exhibits a chaining
effect, characterized by the gradual merging of observations at

relatively low distances, which is a typical feature of the single
linkage approach.

Figure 1. Single linkage dendogram

Cluster 1 has inflation rates for 11 sectors that are con-
sidered average, while Clusters 2, 3, 4, and 5 are filled by dis-
tricts/cities with outlier inflation rates. Cluster 2 has high in-
flation rates in the Food, Beverages, and Tobacco; Recreation,
Sports, and Culture; and Education sectors. Furthermore, Clus-
ter 3 has high inflation rates in the Food and Beverage/Restaurant
Provisions sector and the lowest inflation rate in the Education
sector. Cluster 4 is characterized by the highest inflation rate in
the Education sector and the lowest inflation rate in the Recre-
ation, Sports, and Culture sector. Finally, Cluster 5 is almost iden-
tical to Cluster 4, with high inflation rates in the Education sector,
although not as high as those in Cluster 4. Furthermore, in this
cluster, inflation rates in the Transportation sector are very low.

Clusters 2, 3, 4, and 5 are each filled by only one re-
gency/city representing a province. Cluster 2, West Pasaman Re-
gency, is a regency in West Sumatra Province, where the province
is also represented by several other cities, such as Dharmasraya
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Table 5. Clustermember results of the single linkagemethod

Cluster Cluster Members Number of Members
Cluster 1 Central Aceh Regency, Meula-

boh, Aceh Tamiang Regency,
Banda Aceh City, Lhokseumawe
City, …, Timika, Nabire Re-
gency, Jayawijaya Regency

146

Cluster 2 West Pasaman Regency 1
Cluster 3 Tangerang City 1
Cluster 4 Toli Toli Regency 1
Cluster 5 Tual City 1

Regency, Padang City, and Bukittinggi City. Likewise, Tangerang
City in Cluster 3 comes from Banten Province, which is repre-
sented by Pandeglang Regency, Lebak Regency, Cilegon City, and
Serang City. Cluster 4, Toli Toli Regency, comes from Central Su-
lawesi Province, which is represented by Luwuk, Morowali Re-
gency, and Palu City. Finally, Cluster 5, Tual City, comes from
Maluku Province, which is also represented by Central Maluku
Regency and Ambon City. All four clusters have other represen-
tatives from the same province, but these representatives are in-
cluded in a different cluster (Cluster 1). This indicates that each
city designated as a provincial representative for calculating in-
flation has different characteristics in each sector.

3.5. Complete Linkage Analysis

Clustering using the complete linkagemethod is performed
by calculating the furthest distance between two objects based
on the distance matrix that has been formed. Using the hierar-
chical agglomerative algorithm of the complete linkage method,
the clustering process is repeated, as presented by the dendro-
gram in Figure 2, until five clusters remain, with the cluster re-
sults shown in Table 6. Compared to the single linkage method,
the complete linkage approach forms more compact and well-
separated clusters, since cluster merges occur at higher linkage
distances.

Figure 2. Complete linkage dendogram

Slightly different from the single linkage method, the re-

Table 6. Clustermember results of the single linkagemethod

Cluster Cluster Members Number of Members
Cluster 1 Central Aceh Regency, Meula-

boh, Aceh Tamiang Regency,
Banda Aceh City, Lhokseumawe
City, …, Timika, Nabire Re-
gency, Jayawijaya Regency.

108

Cluster 2 Labuhanbatu Regency, Deli Ser-
dang Regency, Sibolga City,
Pematangsiantar City, Medan
City, …, North Minahasa Re-
gency, Mamuju, Manokwari

38

Cluster 3 Tangerang City, Merauke 2
Cluster 4 Toli Toli Regency 1
Cluster 5 Tual City 1

sults using the complete linkage method have more members in
Cluster 2, with cluster member characteristics that are almost the
same as the results in the single linkage method. Therefore, the
average in the Food, Beverages, and Tobacco, Recreation, Sports,
and Culture, and Education sectors is higher than the results in
the single linkage method. Members in Cluster 3 increased by
one district/city, i.e., Merauke Regency, with characteristics al-
most the same as Tangerang City, while Clusters 4 and 5 have the
same members as the results in the single linkage method.

3.6. Average Linkage Analysis
Clustering using the average linkage method begins by

finding the shortest distance in D = {dij} and combining
the same objects with the formula in eq. (2) between two ob-
jects based on the distance matrix that has been formed. Using
the hierarchical agglomerative algorithm of the average linkage
method, the clustering process is repeated (presented by the den-
dogram in Figure 3) until 5 clusters remain, with the cluster re-
sults in Table 7. Figure 3 presents the dendrogram generated us-
ing the average linkage hierarchical clustering method, in which
clusters are merged based on the average distance between all
pairs of observations in two clusters.

Figure 3. Average linkage dendogram
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Table 7. Cluster member results of the average linkage
method

Cluster Cluster Members Number of Members
Cluster 1 Central Aceh Regency, Meula-

boh, Aceh Tamiang Regency,
Banda Aceh City, Lhokseumawe
City, …, Timika, Nabire Re-
gency, Jayawijaya Regency.

145

Cluster 2 West Pasaman Regency 1
Cluster 3 Tangerang City, Merauke 2
Cluster 4 Toli Toli Regency 1
Cluster 5 Tual City 1

The results of this clustering are almost the same as the re-
sults of the single linkage method, with a slight difference in Mer-
auke Regency. With the single linkage method, Merauke Regency
is included in the members of Cluster 1, while with the average
linkage method, it is included in the members of Cluster 3 (the
same as the results with the complete linkage method). There-
fore, the characteristics of members in Clusters 1, 2, 4, and 5
are the same as the characteristics produced by the single link-
age method, while Cluster 3 is the same as the characteristics of
Cluster 3 with the complete linkage method.

3.7. Comparison of Methods
A comparison of methods in cluster analysis was conducted

to determine which agglomerative hierarchical method had the
best performance in grouping inflation reference cities in Indone-
sia. In the comparison, the criteria of standard deviation within
clusters (Sw) and standard deviation between clusters (Sb) were
used, which were calculated using the formulas in eq. (3) and
eq. (4), respectively.

Table 8. Standard deviation values

Single Linkage Complete Linkage Average Linkage
Sw 0.0924 0.3152 0.2352
Sb 1.4860 1.2886 1.4631
Sw/Sb 0.0622 0.2446 0.1608

Table 8 shows that the standard deviation ratio of the single
linkage method, 0.0622, is the smallest ratio among the hierar-
chical complete linkage and average linkage methods. Therefore,
among the three methods used, the single linkage method has
the best performance and high homogeneity within its clusters.
Mapping using the single linkagemethod is presented in Figure 4.

As discussed in Section 3.4, the single linkage clustering
results show substantial sectoral inflation pattern differences be-
tween Indonesian regencies/cities. Most areas are in clusters
with comparable inflation rates, but a few are outliers because
of extremely high inflation in a particular sector. This regional
specificity means that price processes in any region are not nec-
essarily the same, and even major cities within the same province
will likely have their own patterns of inflation. This situation
means that structural conditions and provincial-level consump-
tion patterns also shape sectoral inflationary forces in any given
region.

These results suggest that controlling inflation needs a
more local and focused strategy. Provincial authorities need to

Figure 4. Mapping of clusters

enhance the monitoring of inflation to sectoral levels so that the
policy may be effectively targeted. Second, the custom of con-
sidering one reference city needs to be re-evaluated, especially
in the case of a heterogeneous region with regard to economic
characteristics. Utilize the reference of city diversification and
inter-regional cooperation by the Regional Inflation Control Team
(TPID) as an excellent method for ensuring price stability, espe-
cially in food, education, and services, which aremost susceptible
to fluctuations.

4. Conclusion
The outcome of this research is hierarchical, with single

linkage better at detecting differences among sectors between
regions than the other two methods. The use of the shortest
object-to-object distance in the clustering process makes it pos-
sible to detect fine differences among cities, and the shape of the
resulting clusters becomes more elastic with regard to sectoral
heterogeneity data. Conversely, the complete and average link-
age algorithms produce more uniform cluster structures; how-
ever, they are less effective in distinguishing regions character-
ized by extreme or atypical features. Single linkage can thus be
recommended as a superior algorithm to use to study cluster-
ing of economic data that is highly heterogeneous, like sectoral
inflation in Indonesian cities.

These results suggest that inflation control has to be more
context-specific and focused. Sectoral inflation tracking has to be
bolstered by regional governments to allow more focused poli-
cies. In addition, having one reference city for provincial infla-
tion calculation also needs to be addressed, especially where eco-
nomic features are varied. Citing urban diversification and coor-
dination among regions by the Regional Inflation Control Team
(TPID) can be an ideal way of ensuring price stability, especially
in the sectors with the highest tendencies to be affected by price
instability, that is, food, education, and services.

This research contributes to the literature by offering an
empirical comparison of hierarchical clustering techniques ap-
plied at the city level and using sectoral inflation data in Indone-
sia, a relatively underexplored region. By illustrating the en-
hanced sensitivity of single linkage for identifying sectoral het-
erogeneity in inflationary cities, this research provides method-
ological guidance for choosing appropriate clustering techniques
when analyzing regional economies. Additionally, this research
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contributes to policy-oriented inflation research by illustrating
the disadvantages of utilizing single reference cities at the provin-
cial level and emphasizing the significance of sectoral and spa-
tially differentiated inflation management techniques.
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