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Abstract. This study aimed to determine the factors capable of influencing population density to provide broad insights and
valuable information for policy considerations needed to ensure a well-ordered and prosperous living environment. The
focus is on Bandar Lampung, which is a city consisting of 20 districts. The results revealed that Bandar Lampung city had a
high cluster residential settlement pattern, with the hotspot centered on Way Halim, parts of Sukarame, Labuhan Ratu,
Kedaton, and Enggal districts. Moreover, the settlements were developing toward the southwest and slightly to the north,
with the increase identified to be accompanied by a 2.04% conversion of non-built-up areas to built-up land. This was due
to the increase in the population density of the city by 16.78% over the past 10 years based on different factors, including
the population growth rate as well as the number of schools, healthcare facilities, live births, and industries.
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1. Introduction

Residential settlements are closely related to population density due to population distribution and land use in cities
throughout the world, especially large cities (Bertaud, 2014). Therefore, studying the factors influencing population density
through a comprehensive framework is very challenging. This phenomenon is closely related to urban sprawl (Shao et al., 2021)
(Wang et al., 2023) (Ansar & de Vries, 2024), which is influenced by various factors that drive urban development, including
social and economic factors (Moos et al., 2021) (Liu & Li, 2022).This is despite the importance of this study in providing valuable
insights and information for policy considerations to establish better and more prosperous living environments. The process
often leads to the application of spatial statistics as an example of the analytical tools used to conduct such studies.

Spatial statistics is a subdiscipline of statistics that involves geographical or spatial data characterizing geographical
areas in terms of latitude and longitude to be map-bound in nature. The method applies statistical approaches in analyzing
patterns of relations and variations within data that are related to geography or space. The goal is to detect spatial
configurations and processes that exist and take place in geographic spaces and, thereby, outline the connected patterns and
trends (Bivand et al., 2013).

The described method can be used in various fields, such as the environmental sciences (Yang, 2021), epidemiology
(Urdangarin et al., 2025) (Srinivasan et al., 2025), economic geography (Griffith et al., 2021) (Horiike et al., 2024), urban
planning (Paez & Scott, 2004) (Kisiala & Racka, 2021), and social sciences (Jing et al., 2023). This research focuses on residential
settlements, which are currently experiencing increasing population density. In addition to statistical methods, Geographic
Information Systems (GIS) offer a valuable approach for estimating population distribution (Lwin & Murayama, 2009) (Wu et
al., 2005). GIS is widely used in various forms of spatial analysis, including population mapping (Langford & Unwin, 1994)
(Mossoux et al., 2018), development planning (Stylianidis et al., 2012) (Jiménez-Espada et al., 2023) (Raffay et al., 2025),
navigation (Baylon & Santos, 2013), and resource management (Tsou, 2004) (Gong & He, 2022) (Kofidou, 2024) (Sharma et al.,
2024), among others. Similarly, spatial statistical analysis can be employed for mapping population density, identifying clusters,
performing spatial interpolation, analyzing spatial patterns, and conducting spatial modeling. This research utilizes spatial
statistics to examine the distribution patterns of settlement points through spatial pattern analysis, specifically using the Getis-
Ord G statistic, which was first introduced in 1992.

Getis-Ord G is used to identify the relationships between places in a cluster to identify the information not found under
statistical values presented in global data (Getis & Ord, 1992). Additionally, Getis-Ord G* has the advantage of examining the
vicinity of each point, making the technique more suitable for screening hot and cold spots. The method results in three kinds
of clusters: low- or cold-spot clusters, random-spot clusters and high- or hot-spot clusters.
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Previous studies have used this method, as observed in the application of local Getis-Ord G to AIDS spread data (Ord &
Getis, 1995). In ecology, it has been applied to identify clusters of specific species or the distribution of environmental
phenomena (Fortin & Dale, 2005). Others have also adopted Getis-Ord G to identify hot spots on highways (Songhitruksa &
Zeng, 2010) and areas with high crime rates to allocate police resources more efficiently (Chainey & Ratcliffe, 2013). Moreover,
the method was used in the clustering analysis of plantation areas to determine hot and cold spot regions (Peters et al., 2015)
as well as in the study of urban resilience in China (Zhao et al., 2024).

The case studies revealed the possibility of applying Getis-Ord G in specific contexts, such as the mapping of urban
poverty distributions or identifying patterns related to population decline due to climate change. The method has been further
developed through integration with other methods, such as machine learning, to increase the accuracy and efficiency of
analysis (Anselin, 2016). Getis—Ord G analysis was used in this study as a tool to detect hot and cold spot areas within residential
settlements to identify areas with high and low population concentrations.

This study was conducted in Bandar Lampung city at 5°20'-5°30' south latitude and 105°28'-105°37' east longitude in
Indonesia, with an area of 197.2 km?2. It is located on the west coast of Sumatra Island along the Sunda Strait and separates the
city from Java Island. The strategic position makes Bandar Lampung a major gateway for trade and transportation between
Sumatra and Java. The city also has different topographies, including coastal areas, lowlands, and some hill regions, with
extended beaches along the coast and several small hills inland. Moreover, it has a tropical climate with average temperatures
ranging from 24°C to 31°C and experiences two seasons, including the rainy season from November to March, with high rainfall,
and the dry season from April to October. Bandar Lampung city has 20 districts with a current population of 1,184,949 people,
comprising 603,532 males and 581,417 females. Economically, most of the population works in trade and services, while
regional revenue is derived primarily from taxes.

2. Materials and Methods

Getis—Ord G statistics are used here to describe local spatial autocorrelation that incorporates spatial dependency
through the application of a contiguity matrix based on distance. The G statistic is capable of detecting the presence of hot or
cold spot areas across the entire observation area to determine the spatial concentration. Like Moran's index and Geary's ratio,
the G statistic is also based on cross-product calculations as a measure of spatial relationships and can be defined as follows
(Getis, 1991).
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The G statistic is defined by distance d, where a unit area is considered a neighbor /, while the weight wj; is assigned a
value of 1 when the area unitj is within d and a value of 0 otherwise. Therefore, the weighting matrix is considered a symmetric
binary with the neighborhood relationships determined through distance d. The value of G ranges from 0 to 1, and the test
conducted is presented as follows:
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(Getis & Ord, 1992).

Regression analysis is a statistical method used to determine the relationship between one or more independent
variables (predictors) and a dependent variable (response). This analysis helps in understanding, predicting, and interpreting
the relationships between variables. The purpose of regression analysis is to measure whether there is a relationship between
variables and to make estimations. The multiple regression equation can be written as follows:

Y'=Bo+ Xy + BoXy + -+ B Xy + € (9)

Where

Y: dependent variable

X;: independent variable

Bo: intercept

B;: coefficient regression:

&: Error (Tranmer et al., 2020).

After the estimated regression model is obtained, it is necessary to conduct assumption tests to determine whether the
model is valid and can be properly interpreted. These tests include the normality test, multicollinearity test, linearity test, and
heteroscedasticity test. The normality test aims to examine whether the residuals are normally distributed, and this test is
conducted via the Kolmogorov-Smirnov test (Massey, 1951).

The second test is the multicollinearity test, which aims to determine whether there is a high correlation between
independent variables. The multicollinearity test is examined using the variance inflation factor (VIF) statistics (Kim, 2019). A
linearity test is used to determine whether the relationship between the independent and dependent variables is linear. The
next test is the heteroscedasticity test, which aims to determine whether there is a variance difference in the residuals. This
test is conducted via the Glejser test (llori & Tanimowo, 2022).

3. Results and Discussion

The residential data from Bandar Lampung city covering the years 2013 and 2023 were obtained from the residential
infrastructure center (BPP) Lampung Region for this study. The population density was concentrated in the central areas of the
city, including Labuhan Ratu, Way Halim, Enggal, Tanjung Karang Barat, and Tanjung Karang Pusat districts, in 2013, as
presented in the places marked in red in Figure 1. The yellow color represents regions with moderate population density, and
the green color represents areas with less density, which spreads more than the other levels do. Some of the less dense areas
include the Kemiling, Tanjung Karang Barat, Teluk Betung Barat, Teluk Betung Timur, Sukabumi, and Panjang districts.
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Figure 1 Map of population density in Bandar Lampung city, 2013.

The trend in areas with high and low population density did not change significantly in 2023, but considerable variation
was identified in moderate areas such as the Kemiling, Tanjung Senang, and Teluk Betung Barat districts. This is observed from
the changes in yellow color, which shifted more toward the west and north than did the 2013 map, as presented in Figure 2.

The trend in population density was further reflected in the number of residential area polygons. There were 815
residential points in 2013, but the number changed to 864 in 2023, showing an increase of 49 points over the span of 10 years.
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Moreover, the coverage of the residential areas also increased, as presented in Table 1. The districts that recorded significant
changes were Teluk Betung Barat, with a 27.21% increase; Tanjung Senang, with 14.31%; and Tanjung Karang Barat, with
10.71%. The map of Bandar Lampung city also shows that residential development is directed toward the west and north.
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Figure 2 Map of population density in Bandar Lampung city, 2023.

The increase in residential areas was associated with population growth. This was confirmed through the data presented
by the Central Statistics Agency data that the population of Teluk Betung Barat increased from 28,671 in 2013 to 38,527 in
2023. Tanjung Senang recorded an increase from 44,042 to 62,402 during the same period, and Tanjung Karang Barat
experienced growth from 52,640 to 63,194. The trend was attributed to the development of infrastructure such as roads and
public facilities, as well as the implementation of government policies related to housing development attracting people to
these districts. This is consistent with the findings of Pang et al. (2024) and Peterson (2017) that the key drivers of population
growth are economic conditions, education, healthcare, environment, security, and technological development. For example,
Tanjung Karang Barat experienced rapid growth due to increased local economic activities, such as micro, small, and medium
enterprises, and a significant boom in property development with several housing developers.

Table 1 Changes in the Residential Area of Bandar Lampung City for 2013 and 2023.

No Residential/District Area (Ha) Changes
2013 2023
1 Teluk Betung Barat 148,23 188,57 40,34
2 Teluk Betung Timur 171,79 177,95 6,16
3 Teluk Bentung Selatan 189,93 198,61 8,68
4 Bumi Waras 275,02 277,69 2,67
5 Panjang 384,56 401,85 17,29
6 Tanjung Karang Timur 177,82 179,64 1,82
7 Kedamaian 461,43 464,08 2,65
8 Teluk Betung Utara 340,85 344,38 3,53
9 Tanjung Karang Pusat 264,10 276,00 11,90
10 Enggal 258,76 259,45 0,69
11  Tanjung Karang Barat 399,67 442,47 42,80
12 Kemiling 521,55 562,88 41,33
13 Langkapura 314,33 331,50 17,17
14 Kedaton 316,27 320,14 3,87
15 Rajabasa 612,98 639,40 26,42
16 Tanjung Senang 422,76 483,49 60,73
17 Labuhan Ratu 437,81 465,36 27,55
18 Sukarame 550,91 577,87 26,95
19 Sukabumi 502,34 539,64 37,30
20 Way Halim 461,62 468,16 6,54
Total 7212,71 7599,11 386,40

Ha: hectare

In addition to the residential area, land cover is another factor that has experienced changes. The results of the overlay
analysis revealed that the percentage of shrubland converted to residential areas increased by 0.14%, that of rice fields
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increased by 0.72%, that of plantations increased by 0.73%, and that of dry fields increased by 0.45%. This result revealed that
the total change in land cover to residential areas in Bandar Lampung city was 2.04%. This trend was due to the rapid increase
in the activities of housing developers. This was confirmed by data from the Central Agency of Statistics of Bandar Lampung
City, which revealed that there were 1,267 new housing developers in the past 10 years, significantly causing the conversion
of nonbuilt-up land to residential areas.

The determination of settlement patterns as low, random, or high clusters is significantly related to population density
(Rodriguez Lopez et al., 2017) (Duman et al., 2024). Therefore, the Getis—Ord G index was adopted to analyze the settlement
pattern of Bandar Lampung city in this study. The results revealed that the city was highly clustered in 2023, as shown in Figure
3, with a Getis—Ord G index value of 0.000058 and a z score of 10.523471. Moreover, the changes in hot and cold spot areas
between 2013 and 2023 were determined. The areas marked in red and orange are hot spots with high settlement density and
include the Halim, Sukarame, Labuhan Ratu, Kedaton, and Enggal districts. Moreover, the areas colored dark and light blue
represent cold spots with a low settlement density. The gray areas are regions without any significant patterns and cannot be
classified into either hot or cold spots such as Tanjung Karang Barat, Teluk Betung Selatan, Langkapura, and parts of the
Kemiling districts. This finding aligns with the research conducted by Dai et al., which used hotspot analysis to assess the quality
of a given area (Dai et al., 2023).
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Figure 3 Map of the Getis—Ord G analysis results.

The results revealed only a slight difference in hot spot areas from 2013-2023. For example, the orange area marked
with an arrow in Figure 3 shows the absence of hot spot areas in the Tanjung Karang Barat District in 2013, but these areas will
eventually start in 2023. This was in line with previous results that revealed an increase in the residential areas of the district.
The trend showed that the residential area and the Getis—Ord G analyses provided the same result, indicating an increase in
the settlement density of the Tanjung Karang Barat District.

This study further determined the factors influencing the increase in population density through linear regression. The
analysis was conducted by using the population density of 20 districts in 2023 as the dependent variable (Y), while the
independent variables were the seven factors identified in Table 2.
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Table 2 Factor indicators.

No Code Variable Description

1 14 Population Density

2 X1 Distance to Capital Kilometers

3 X2 Population Growth Rate The average annual population increase rate

4 X3 Number of Schools The number of primary, secondary, and higher education schools

5 X4 Number of Health The number of healthcare facilities such as hospitals, clinics, community health centers, and
Facilities pharmacies

6 X5 Number of Births The number of live births

7 Xs Number of Marriages The number of marriages registered at religious offices

8 X7 Number of Industries The number of large (more than 100 employees) and medium (20-99 employees) industries

The data on these variables were obtained from Statistics Indonesia (i.e. Central Agency of Statistics of Indonesia) and
subjected to assumption tests, including normality, multicollinearity, linearity, and heteroscedasticity. A normality test was
conducted to determine the ability of the data to follow a normal distribution via the Kolmogorov—=Smirnov Z test. The results
showed that the data satisfied the assumption at a significance value of 0.200 > 0.05, thereby indicating a normal distribution.
The multicollinearity test was used to determine the presence of a high correlation among the variables. This was achieved
through the variance inflation factor (VIF), which measures the extent of variance in the regression coefficient estimates due
to the independent variables. A VIF value that exceeds 10 indicates the presence of multicollinearity (Akinwande et al., 2015;
Shrestha, 2020). The results presented in Table 3 show that the variance inflation factor (VIF) values for all the variables were
less than 10, indicating the absence of multicollinearity.

Table 3 Results of the VIF calculation.

Variable Collinearity Statistics

Tolerance VIF
X1 0,436 2,291
X2 0,488 2,049
X3 0,317 3,151
Xq 0,259 3,863
X5 0,321 3,113
X6 0,350 2,860
X7 0,445 2,249

VIF: Variance Inflation Factor

A linearity test was applied to determine the existence of a linear relationship between the dependent variable Y and
the independent variables x. The results revealed that xi, X3, Xs, and x; deviated from linearity values greater than 0.05,
indicating the presence of a linear relationship.

The next test was the heteroscedasticity test, which was used to determine the consistency or variation of residual
variance among observations. A consistent residual variance is known as homoscedasticity, whereas the presence of any
variation is called heteroscedasticity. However, the heteroscedasticity assumption must be satisfied for regression analysis.
The analysis was conducted via the Glejser method (Machado & Silva, 2020), and the results revealed that the significance
values for all the variables were greater than 0.05, as shown in Table 4. This simply shows the absence of heteroscedasticity
and the possibility of using the data for further analysis.

Table 4 Glejser Test.

Variable t sig.

Constant 1,089 0,298
X1 -0,878 0,397
X2 0,043 0,966
X3 -1,509 0,157
Xa 091 0,381
X5 0,065 0,949
X6 0,345 0,736
X7 -0,237 0,816

t: t test, sig.: significance.

The satisfaction of the assumption tests was followed by the calculation of the regression model with the results
presented in Table 5. The significance value of F was found to be 0.003, which was less than 0.05, suggesting that the
independent variables had a significant effect on the dependent variable.

The regression analysis was conducted using seven independent variables, but only five significantly affected population
density, as observed from the significance values less than 0.05. The variables were the population growth rate as well as the
number of schools, healthcare facilities, live births, and industries.

35 |
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Table 5 Model parameters.

Variable  Coefficient t Sig. t F Sig. F
Constant 10269,763 3,353 0,006 6,439 0,003

X1 -71,882 -0,277 0,787
X2 -3493,913  -3,420 0,005
X3 -160,729  -2,536 0,026
X4 244,395 2,191 0,049
X5 -8,666 -2,218 0,047
X6 25,915 2,000 0,069
X7 -445,635  -3,750 0,003

t: t test, Sig.t: Significance of t, F: F test, Sig. F: Significance of F.

The number of schools influences population density because of the ability to attract factors related to quality of life.
For example, high-quality education in a community enhances well-being (Alali & Walid, 2011). This is because the presence of
schools increases accessibility to education for local residents and makes the area more attractive for living. Similarly, Maclean
(2018) reported that access to quality education affects the growth and attractiveness of an area as a place to live.

The population density was further reported to be influenced by the number of healthcare facilities. This finding showed
that the presence of good and adequate healthcare facilities could improve the quality of life in an area (Kruk et al., 2018). This
trend can further make the area more appealing to families seeking an environment that supports health and well-being.
Moreover, hospitals, clinics, and health centers affect residential decisions, especially for families with children, elderly
individuals, or people with specific medical needs.

Birth rates are another factor with a direct effect on population density because they contribute to population growth.
A higher birth rate leads to faster population growth, which subsequently increases population density. Furthermore, an
increase in the number of births can influence the need for more infrastructure, such as schools and healthcare facilities,
leading to alterations in density patterns and urban planning (Rotella et al., 2020). The number of births influenced population
density, with a coefficient of 25.915.

The results revealed that the number of industries affected population density because of the close relationship
between industrial activities and population dynamics. This is possible because industries often provide numerous job
opportunities that attract the migration of people from other areas. A region with several industries can typically offer more
available jobs, which often leads people to move to the area in search of employment, thereby increasing the local economy.
This was in line with the observation of a previous study that economic activities in a region increased population density
(Yegorov, 2015). The trend shows that industries have the capacity to provide direct jobs with additional effects on related
sectors, such as services, trade, and others, which are considered dependent on the main industry. The effects can
subsequently lead to an increase in population density due to the overall improvement in economic activity.

4. Conclusions

In conclusion, the residential pattern in Bandar Lampung city was highly clustered with the hot spot areas located in
Way Halim, parts of Sukarame, Labuhan Ratu, Kedaton, and Enggal districts. The development of settlements was oriented
toward the southwest and slightly toward the north. Policymakers or government authorities can consider the findings of this
study as a basis for guiding the development of Bandar Lampung City, to create a livable environment by providing adequate
public facilities in the area.

Moreover, the advancing residential areas were accompanied by a 2.04% conversion of non-built-up land to built-up
land due to the 16.78% increase in population density over a period of 10 years. The influential factors were reported to be
the population growth rate as well as the number of schools, healthcare facilities, live births, and industries. The effects of
these factors occur through mechanisms such as job creation, infrastructure improvement, urbanization, and enhanced quality
of life. Future research is encouraged to incorporate additional factors not included in this study, such as security and
technological development.
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