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Abstract

Medan City is one of Indonesia's largest cities and faces fundamental
challenges in addressing malnourished toddlers. It had a stunting
prevalence of 19.9% in 2022. The high rates necessitate a practical
approach to identifying and managing high-risk areas. This study aims
to map districts in Medan City based on the spatial data of public health
center locations and malnutrition data for toddlers, using the Density-
Based Spatial Clustering of Applications with Noise (DBSCAN)
algorithm. DBSCAN is a popular clustering algorithm because of its
ability to group data based on density and detect outliers as noise.
However, using the Euclidean distance function in DBSCAN may not be
appropriate for all geospatial cases. The novelty lies in comparing five
distance functions (Euclidean, Manhattan, Minkowski, Cosine,
Chebyshev) within DBSCAN to determine which produces the most
meaningful clustering in a geospatial health context. The study shows
that DBSCAN with the Chebyshev distance function cannot effectively
map the malnutrition problem in toddlers, as indicated by a Silhouette
index (SI) value below 0.25. The clustering quality using Minkowski
and Cosine distance functions in DBSCAN is not superior to that of the
classical DBSCAN, with all three producing weak and unclear
structures. The most effective mapping results come from using the
Manhattan distance function in DBSCAN, which yields an SI value of
0.51045, two clusters, and optimal parameters of Minpts = 6-9 and € =
6.98-7.8. The first cluster includes two districts (Medan Labuhan and
Marelan), while the remaining districts form the second cluster. The
analysis of different distance functions provides new insights into how
selecting the appropriate distance measure can influence clustering
quality in a geospatial context with DBSCAN. The similarity of the
clusters is expected to inform decision-making in addressing toddler
malnutrition issues in Medan City.

This is an open access article under the CC BY-NC-SA 4.0 license.
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1. Introduction

Medan, the third-largest and most developed city in Indonesia [1], still struggles with the fundamental problem of
malnourished toddlers. The progress of Medan City is directly proportional to the number of malnutrition cases
that increase every year. The stunting prevalence in Medan City in 2022 is still at 19.9%. The number explains
thatthere are 23,725 malnourished toddlers out of 119,225 toddlers [2]. Obviously, these conditions pose a threat
to children's health in the short and long term. Short-term impacts include thinness, wasting, stunting, and even
death. Meanwhile, in the long term, it can also trigger a generation of idiots. The local government is mitigating
the problem of malnutrition by appointing a public health center (Puskesmas) in each district as the main service
for handling malnutrition [3], [4]. A Puskesemas covers a district area. Mapping these areas can generate useful
information to inform the development of a policy aimed at reducing malnutrition rates. Therefore, it is necessary
to map malnourished toddler cases by area to develop an effective intervention plan. However, mapping a
malnourished toddler is not easy because clinical and managerial issues, vector control, preventive measures, and
surveillance must be considered.

Clustering is a powerful data analysis tool to detect clusters, groups, or map a set of physical or abstract
objects based on their similarity[5]. Clustering has been widely implemented in the health area, such as Covid-19
mapping [5], [6], [7], [8], [9], mapping stunting [10], [11], [12], malnutrition cases [13], [14], [15], [16] and other
health issues. The mapping results of the clustering task will be useful in planning and handling health problems
based on the information gathered. There are many clustering algorithms, such as K-Means [17], PAM [18], DIANA
[19], DBSCAN [20], etc.

DBSCAN (Density-Based Spatial Clustering of Applications with Noise) is one of the popular and best
clustering algorithms used to group data based on density in the data space [6], [20], [21]. This algorithm does not
require a predetermination of the number of clusters and is able to find clusters with arbitrary shapes [22], as
well as being able to identify outlier data as noise. Therefore, the DBSCAN algorithm is useful in many mapping
applications. The DBSCAN algorithm groups data in a cluster based on two important parameters: Epsilon (¢) and
Minimum point (MinPts). Minpts is the minimum number of items required in a cluster. Epsilon (¢) is the distance
value used as the basis for defining the neighborhood of a data point. The classical DBSCAN algorithm uses the
Euclidean distance function to determine € and data classification (core point, border point, and outlier).
Additionally, the DBSCAN algorithm is often used to cluster non-spatial cases that do not involve spatial elements.
Philosophically, there is a bias in the utilization of the DBSCAN algorithm. Moreover, for some geospatial datasets,
the Euclidean distance is not necessarily representative [9].

This study aims to map the district area in Medan City based on the spatial information of Puskesmas
locations and data on malnourished toddlers. The mapping process uses DBSCAN clustering. The DBSCAN
algorithm has advantages in spatial data clustering, particularly in complex urban environments like Medan City.
Unlike partition-based algorithms such as K-Means, DBSCAN does not require prior knowledge of the number of
clusters [22], which is beneficial when analyzing real-world data with unknown or uneven distributions. Its ability
to identify clusters of arbitrary shape and handle noise or outliers makes it well-suited for spatial datasets, where
malnutrition cases may be concentrated irregularly across districts. Moreover, DBSCAN is a density-based
algorithm, allowing it to group high-risk areas based on the concentration of malnutrition cases and ignore
isolated instances as noise. This characteristic aligns well with the study's objective, which is to map meaningful
clusters of malnutrition prevalence while accounting for both spatial proximity and health severity. These
capabilities make DBSCAN a robust and effective tool for uncovering patterns in public health surveillance data.
The output of the clustering results is in the form of district group information that can be used as a reference
material to alleviate malnourished toddlers. This research also analyzes various distance functions so as to
produce the best cluster.

These are the main contributions of this study. The study applies the DBSCAN clustering algorithm to map
malnourished toddler cases across Medan City, Indonesia, utilizing both spatial (location of health centers) and
non-spatial (malnutrition stats) data. The novelty lies in evaluating five distance functions (Euclidean, Manhattan,
Minkowski, Cosine, and Chebyshev) within DBSCAN to observe which provides the best and most relevant
clustering in a geographic health location. The study finds that Manhattan distance yields the best clustering
results (Silhouette Index = 0.51045), outperforming the classical approach and others. It demonstrates that the
choice of distance function has a significant impact on the clustering outcome of DBSCAN in spatial health data
analysis. It demonstrates that the choice of distance function has a significant impact on the clustering outcome of
DBSCAN in spatial health data analysis. Practically, the implication of two districts in the highest-risk cluster offers
actionable insights for local government and healthcare providers to prioritize interventions.

The rest of this paper is structured into three sections. Section 2 analyzes recent research on the DBSCAN
algorithm and its applications, with a focus on health-related data clustering, and discusses the various distance
functions commonly used in clustering. Section 3 outlines the proposed method, including data collection,
preprocessing, and the modified DBSCAN algorithm. Section 4 shows and analyzes the experimental findings,
evaluating the effectiveness of various distance functions in clustering malnourished patients. Finally, the last
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section summarizes the findings and proposes future directions for enhancing geospatial clustering through the
optimization of distance functions.

2. Related Studies

2.1 Related Study of DBSCAN Algorithm

The Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm is a group of density-based
clustering algorithms|[6]. This algorithm is able to identify a number of clusters without user intervention, which
is also what distinguishes it from partition-based or hierarchical clustering algorithms. The DBSCAN algorithm is
able to find clusters with irregular shapes and identify outliers (noise). The DBSCAN algorithm is also designed
for spatial data, namely data that has elements of location information, such as geo-location, area, or the like.
However, the Euclidean distance function on classical DBSCAN to determine Epsilon (€) is not entirely reliable and
relevant in particular cases.

The DBSCAN algorithm is frequently used to analyze various geospatial cases, including mapping areas,
detecting hotspots, and identifying high-density zones. Firstly, this paragraph presents some implementations of
the DBSCAN algorithm for mapping or clustering diseases. A study introduces a cluster-based method for dengue
contingency planning by grouping patient cases based on environmental and demographic factors[19]. The plan
is mapped out by selecting appropriate measures for each area using clustering techniques. Silhouette scoring is
employed to select the best features, determine the optimal clustering method, and evaluate cluster severity.
Cluster severity is categorized into levels (low, medium, high, and extreme) and is aligned with plans specific to
the village and the various season types. The study by [23] focused on understanding rabies outbreaks in
herbivores through temporal analysis with moving averages and spatial diffusion mapping. Spatial clustering was
analyzed using nearest neighbor analysis and ST-DBSCAN to identify outbreak patterns. Another study by [9]
compared DBSCAN and K-Means algorithms for clustering hotspot zones of Covid-19 positive patients. Thatis an
effort to control the spread of the pandemic. Improvements or modifications do not accompany the
implementation of both algorithms. In other words, the distance function in both algorithms uses Euclidean
distance. Both algorithms successfully grouped into four clusters. In similar cases, a study by [6] using the DBSCAN
algorithm to group countries with similar COVID-19 case patterns. To ensure the study's results can be effectively
applied as recommendations for handling cases, the optimal Eps value range is 0.1-0.2, and the Minpts value is 3
or 4. The best number of clusters is 3 clusters with a Silhouette Index value of 0.3624. Obviously, the quality of the
resulting cluster is still weakly structured.

This paragraph presents research related to the improvement or modification of DBSCAN, particularly in
terms of algorithm optimization. The study by [20] improved DBSCAN algorithm based on neighbor similarity. It
utilizes Cover Tree to retrieve the neighbors of each pointin parallel and uses the triangle rule (triangle inequality)
to reduce many unnecessary distance calculations. From experiments conducted on large-scale datasets, the
proposed algorithm is shown to significantly improve the performance of the original DBSCAN and outperform
other major enhancements of DBSCAN. The proposed algorithm has two advantages: first, it is faster; and second,
the results are more accurate compared to rho-approximate DBSCAN, which is the fastest version of DBSCAN.
Another modified idea is analyzing the distance function on the DBSCAN algorithm [24]. It analyzes the
comparison between eight similarity measures in DBSCAN for moving object trajectories. The distance functions
analyzed are Euclidean, L1, Hausdorff, Fréchet, Dynamic Time Warping (DTW), Longest Common SubSequence
(LCSS), Edit Distance on Real signals (EDR), and Edit Distance with Real Penalty (ERP) on three different datasets
with diverse characteristics. The evaluation results show that the selection of an appropriate distance function
depends on the data and motion parameters. However, overall, Euclidean distance shows superiority in terms of
purity index, while EDR distance provides better performance in terms of spatial and spatiotemporal quality of
the clusters. In terms of computation time and scalability, the Euclidean, L1, and LCSS distance functions are the
most efficient. Table 1 is a summary of several studies that discuss the application of the DBSCAN algorithm.
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Table 1 Summary of related study

265

Ref. Objective of Study

Edit the Value of DBSCAN

Result/Evaluation

[19] Cluster dengue patient cases
based on environmental and
demographic factors, and
the cluster is categorized
into low, medium, high, or
extreme levels.

[23] This study focused on
understanding rabies
outbreaks in herbivores
through temporal analysis
with moving averages and
spatial diffusion mapping.

[9] This study categorizes
hotspot zones of COVID-19
positive patients as an effort
to control the pandemic
spread.

[6]  This study categorizes
countries with COVID-19
case patterns to obtain case-
control recommendations.

[20] This study tries to improve
the DBSCAN algorithm's
performance by filtering
many unnecessary distance
computations.

[24] This study compares eight
similarity measures in the
density-based clustering of
moving objects’ trajectories.

Combine nearest neighbor

analysis and Spatio-Temporal-

DBSCAN.

Improved DBSCAN algorithm
based on neighbor similarity.

Replacing distance functions
(Euclidean, L1, Hausdorff,

Fréchet, Dynamic Time Warping

(DTW), Longest Common
SubSequence (LCSS), Edit

Distance on Real signals (EDR),

and Edit Distance with Real
Penalty (ERP)) on DBSCAN to

The study used data from 15,000
cases from Semarang City, Indonesia
(2016-2020). The evaluation was
conducted using silhouette scores. K-
Means mapped cluster severity and
matched clusters to suitable
contingency policies, achieving a
high silhouette score compared to
DBSCAN and agglomerative
clustering, with three optimal
clusters.

Clusters of outbreaks were identified
in the regions of Araguaina and
Palmas (nearest neighbor index =
0.555; p < 0.05).

The DBSCAN method separates the
data into 4 main clusters and noise
points with € = 0.45 and Minpts=20.

Best € is 0.1 - 0.2; value of Minpts =3
and 4. The best number of clusters is
3 with a Silhouette Index value of
0.3624.

Improved DBSCAN has two
advantages: it is faster, and the
resulting clusters are more accurate.

Euclidean distance function
performed better based on purity
index, EDR distance function
performed better for spatial and
spatio-temporal clusters. Euclidean,
L1, and LCSS distance functions are
the most efficient in terms of
computation time and scalability.

cluster three different datasets.

2.2 Distance Metric

Suppose there are two objects, A and B. The Distance function is the most commonly used approach to measure
how close or similar the two objects are. A practical distance function improves the performance of our machine
learning model [24], [25], [26]Whether that’s for classification tasks or clustering. Knowing when to use which
distance measure can help you go from a poor classifier to an accurate model. There are five popular and most
used distance functions in data science: Euclidean, Manhattan, Minkowski, Cosine, and Chebyshev. An illustration
of how they work can be seen in Fig. 1, and the brief is shown in Table 2.
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Fig. 1 Distance functions illustration
Table 2 Brief of distance functions
Distance Metric Description Formula

Euclidean

Manhattan

Minkowski

Cosine

Chebyshev

The most common function to measure the
proximity between two vectors in dimensional
space. Euclidean distance works by drawing a
“straight line” distance between two objects

Also known as Taxicab Distance or L1 Norm to
calculate the distance in vector space [26]. Unlike
the Euclidean distance, the Manhattan distance
calculates the distance between two points by
summing the absolute projection lengths of their
differences on the coordinate axes.

This allows distance measurement in a more
flexible vector space by setting parameter p, the
parameter determines the type of metric. If p=1, it
becomes Manhattan distance, else if p = 2, it
becomes Euclidean Distance, else p — oo, it become
Chebyshev distance.

Cosine distance is used to determine how different
two objects based on cosine angle of the two
vectors, rather than geometric distance.. If the
vectors are perpendicular to each other, Cosine
similarity is 0; if they are identical, the cosine value
is 1. It is useful in many applications, especially
when orientation and text similarity.

also known as Loo Norm or Maximum Distance, is a
distance metric that measures the farthest distance
along a single coordinate axis in vector space.
Chebyshev distance is often used in scenarios
where movement is only allowed in straight lines
parallel to the coordinate axes. In this context,
Chebyshev distance determines the maximum
number of steps required to move from one point
to another

diStEuclidean (A’ B) = ?:1(Ai - Bi)z

distyanhattan (4,B) = 114; — By |

distyinkowski(4,B) = /X114, — B;IP

AB

diStCosine (A,B) = NED

distcpepysher(A,B) = max |A; — By

3. Proposed Method

The research flowchart for this study is shown in Fig. 2. There are four key processes involved in achieving the
objective: data collection, preprocessing, clustering, and evaluation. The novelty of data can be a contribution to
research. The data used is collected from various sources, making it unique and previously unutilized. Data
preprocessing is a crucial step in data analysis and machine learning, involving the preparation of raw data to be
transformed into a suitable and optimal format for clustering models. This process encompasses various
techniques for handling data imperfections. The next stage is mapping malnutrition cases in Medan City with the
DBSCAN algorithm. Additionally, this stage analyzes the distance function of the algorithm to produce the best
cluster. The final stage is the evaluation process. Each cluster generated from various experimental scenarios will
be evaluated on the quality of the resulting cluster with the Silhouette index method.
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Fig. 2 Flowchart research

3.1 Data Collection

This study uses two types of data: spatial and non-spatial. Spatial data is data that has an element of location, in
this case, represented by the location of the Puskesmas in each neighborhood of Medan City, Indonesia, which
handles cases of malnourished toddlers. Non-spatial data refers to the condition of malnourished toddlers in the
area covered by the Puskesmas, including the number of malnourished toddlers, the number of patients who died
from malnutrition, and the number of patients who recovered. Both datasets are stored in memory (Shown in
Table 3).

Table 3 Dataset of malnutrition cases in Medan City

Malnutrition Cases

Districts Longitude Latitude Amount  Died  Recovery
Medan Tuntungan 3.51768116543486 9.86167687233008 3 3 0
Medan Selayang 3.55179591215769 9.86390768172166 81 50 0
Medan Johor 3.54980344136439 9.87071134836160 6 2 0
Medan Amplas 3.54512457917472 9.87116752661576 56 30 1
Medan Denai 3.57117920043062 9.87252523372700 22 14 1
Medan Tembung  3.60829810230488 9.86971369195422 18 1 4
Medan Kota 3.56216765996960 9.86952126761048 35 24 2
Medan Area 3.57842095476121 9.87026316247733 0
Medan Baru 3.56068632640928 9.86634267264142 0
Medan Polonia 3.56920876059754 9.86684968907061 43 21 0
Medan Maimun 3.54609820187685 9.86836191124246 82 23 2
Medan Sunggal 3.57657693933562 9.86123021842964 30 16 0
Medan Helvetia 3.61230901447922 9.86333009650401 0
Medan Barat 3.60783249178420 9.86692205883956 2 1
Medan Petisah 3.59481152520940 9.86624399413861 30 18 0
Medan Timur 3.61843390597287 9.86933804221675 24 10 2
Medan Perjuangan 3.60281702598655 9.87106461200089 70 20 0
Medan Deli 3.67674677429044  9.86643681109499 62 24 0
Medan Labuhan 3.72336323863162 9,86784015213942 105 44 3
Medan Marelan 3.71239240624435 9.86504842161186 74 39 4
Medan Belawan 3.78234032597988 9.86924560572178 61 26 0

The spatial data in this research uses the representation of Puskesmas locations in each district (D;). In case

there are 21 districts in Medan City, then D = {D;,D,,... D, }. Puskesmas are at the forefront of data collection
and malnutrition eradication in Indonesia[3], [4]. Data on toddler malnutrition at the lowest level is collected at
Puskesmas, not at other institutions. Further, the spatial data model for each district can be defined as a matrix,
D; = {Longitude;, Latitude;}, shown in Table 2. The spatial data is obtained from the location coordinates of the
health center on Google Maps.
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The non-spatial data in this research is represented by malnutrition condition data from each sub-district in
Medan City in 2023. There are three non-spatial variables; amount, died and recovery. Furthermore, the non-
spatial data model for each district can be defined as a matrix, D; = {amounti, died;,recovery; }, shown in Table
2. The non-spatial data was sourced from the Medan City Health Office database, Indonesia.

3.2 Data Preprocessing

The data that has been collected will be normalized using the Z-score. Z-score normalization is also known as the
standardized value (shown in Equation (1)) [27]. This technique is commonly used in data mining to identify
outlier data [27], [28]. Z-score normalization involves the process of transforming data to create a new range of
values (v') based on the range of values present in the previous value (v). The values generated through Z-score
normalization are based on the difference between the mean and the standard deviation (o).

v—X

v = (1)
o

3.3 Modified DBSCAN Algorithm

The DBSCAN algorithm works by examining each data point and identifying other points that are within an ¢
distance. Then, the points are clustered if they meet the Minpts criterion. The DBSCAN algorithm initiates the
clustering process by visiting data that has not yet been assigned to a cluster. Choosing the right parameters € and
MinPts can be challenging and significantly impact the clustering results. To produce the best cluster, this study
modified the DBSCAN algorithm by substituting various distance functions in the algorithm. In addition, this study
also analyzes € (with a value in the range of 0 -15) and Minpts (with a value in the range of 1-20) obtained using
the modified algorithm.

Pseudocode Modified DBSCAN Algorithm
Input: Database D
Radius ¢

Density threshold MinPts Improved by five distance functions Euclidean, Manhattan,

Distance function dist < Minkowski, Chebychev, Cosine
Initially undefined label on each data in D

foreach data (p) in database D do
if label (p) # undefined then continue
Neighbors N « RANGEQUERY (D, dist, p, €)
if |N| < MinPts then
label (p) « Noise
continue

¢ < next cluster label

Seed set S « N \{p}

Foreach qin S do
if label (q) = Noise then label (q) « ¢
if label (q) # undefined then continue
Neighbors N < RANGEQUERY (D, dist, p, €)
label (q) « ¢
if |N| < MinPts then continue
S<SUN

3.4 Evaluation

This study used Silhouette Index (SI) to evaluate the clustering results. SI evaluates the extent to which an object
is correctly placed in a cluster that has been formed [29]. The SI calculation process is obtained from the average
value of Silhouette score s(i) for each data, mathematically can use Equation (2).

SI =3, s(i) @
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Meanwhile, s(i) for each data was calculated by using Equation (3). Value of a(i) the average distance
between i and all other data points in the same cluster (internal cohesion) and can be mathematically written as
Equation (4). Then b(i) is the average distance between i and all data points in the nearest distinct cluster
(external separation), and then takes the smallest value. (Shown in Equation (5)).

S __b®=a®
T CONT0) ®
1
a(i) = =g ) €4 # 1)) ®
b(i) = mindist(i,C) (5)

The calculation of a(i) and b(i) In s(i), previously used the Euclidean distance. This study modifies the
calculation of s(i) by adjusting the distance function as in modified DBSCAN. The classical DBSCAN algorithm will
be evaluated with the classical silhouette index. If modified DBSCAN substitutes the distance function with the
Manhattan distance, then the Manhattan distance is also used to calculate a(i) and b(i) in s(i). The treatment is
intended to be fair in the experiment.

The value of SI is in the range of -1 to +1. High positive SI values (close to +1) indicate that the cluster
members are tightly clustered, compact, and well separated from other clusters. Negative SI values (close to -1)
indicate that the data is not right in the existing cluster; it could be closer to other clusters. Therefore, the resulting
cluster needs to be reviewed or reconfigured[30]. In detail, the interpretation of SI scores can be seen in Table 4.

Table 4 Sl interpretation

SIvalue Interpretation

0.7<SI<1 Clustering configuration is very strong, with well-separated and well-defined clusters
0.5< SI<0.7 Clusters are reasonably well-formed
0.25< SI<0.5 Clusters are likely to overlap, and the cluster boundaries are not very clear

S1<0.25 Clustering is not meaningful

4. Results and Discussion

This section presents the dataset demonstration, statistical analysis of the data, discusses the clustering results of
each variant of the DBSCAN algorithm and distance functions, and analyzes the comparison of the quality of the
resulting clusters.

4.1 Dataset

Medan City has 21 districts. Each district has a Puskesmas that functions to record cases of infant malnutrition and
is at the forefront of handling and alleviating it. Figure 3 is a demonstration of the distribution of Puskesmas
locations in each district. The red pin is the location point (longitude, latitude) of the puskesmas in the district.
Medan Labuhan is the largest district and Medan Maimum is the smallest district in Medan City. Medan Perjuangan
district is the most densely populated area with 25,533 people/km?. While the sparsest area is Medan Labuhan
distict with 3,698 people/km? Medan Deli district is the area with the largest population. Meanwhile, the Medan
Baru district is the area with the fewest number of people, at 36,545.
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1.Medan Tuntungan
2.Medan Selayang
3.Medan Johor
4.Medan Amplas
5.Medan Denai
6.Medan Tembung
7.Medan Kota
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9.Medan Baru
10.Medan Polonia
11.Medan Maimun
12.Medan Sunggal
13.Medan Helvetia
14.Medan Barat
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16.Medan Timur
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18.Medan Deli
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Fig. 3 Distribution of Puskesmas and covering districts in Medan City
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The distribution of cases of malnourished toddlers in each district is presented in Figure 4. Medan Labuhan
district is the area with the highest number of malnourished toddlers in Medan City. Meanwhile, the Medan Baru
district is free from cases of malnourished toddlers. On average, there are 39 malnourished toddlers in each
district, which is a substantial number. The condition is worsened because the recovery rate in each district is
smaller than the number of toddlers who died from malnutrition. In other words, malnourished toddlers are more
likely to die than recover. There are even 10 areas with a lack of recovery of malnourished toddlers. Malnourished

toddlers in the district have died.

Next, the dataset is normalized using the Z-score method. Normalization is applied to standardize the range
of values in each variable. As the ranges of spatial and non-spatial variables differ significantly, spatial variables
fall within the value range of 3-10, while the non-spatial variable range spans 0-105. After normalization, the
dataset will be modeled with the DBSCAN algorithm. There are five experiments with the DBSCAN algorithm.
These are the classical DBSCAN algorithm, DBSCAN + Manhattan distance function, DBSCAN + Minkowski distance
function, DBSCAN + Cosine distance function, and DBSCAN + Chebyshev distance function. Classical DBSCAN is the

baseline experiment, where Euclidean distance is used to calculate similarity and «.
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Fig. 4 Statistical data on cases of malnourished toddlers in Medan City
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4.2 Baseline Experiment

The first experiment generalizes the dataset of malnourished toddler cases with the classical DBSCAN algorithm.
Classical DBSCAN uses Euclidean distance function in determining the closeness and parameter €. Classical
DBSCAN successfully maps the malnourished infant case data into two clusters (shown in Figure 5). The first
cluster consists of three districts (Medan Labuhan, Marelan and Selayang) while the other districts are included
in cluster two. This study noted, the best parameter of Minptsis 11 - 14, and € = 3.87 - 3.94, resulting in ST = 0.3529.
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Fig. 3 Classical DBSCAN result

The resulting cluster quality has a weak structure and is not very clear, because 0.25 < SI < 0.5. There are
even four sub-districts with SI value < 0.25. There are the Medan Selayang district in the first cluster; Medan
Maimun, Deli, and Belawan in the second cluster. In other words, these four districts may be in the wrong cluster.
However, there are three districts with reasonable clusters: Medan area, Medan Baru, and Medan Johor. These
districts have a well-formed structure.

4.3 Analysis of Manhattan Distance on DBSCAN Algorithm

The second experiment generalizes the dataset of malnourished toddler cases by substituting Euclidean distance
with the Manhattan distance function on the DBSCAN algorithm. The objective is still the same as the previous
distance function. The DBSCAN algorithm with the Manhattan distance function successfully maps the data of
malnourished toddler cases into two clusters (shown in Figure 6). The first cluster consists of two districts (Medan
Labuhan and Marelan), while the other districts are included in cluster two. This study noted that the optimal
parameters for Minpts are 6-9 and € = 6.98-7.8, resulting in an SI of 0.51045.
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Fig. 6 Result of DBSCAN algorithm + Manhattan distance

The resulting cluster quality has a well-formed structure, as indicated by 0.5 < SI < 0.7. Thus, the resulting
cluster is reasonable. There are even 12 districts with SI value > 0.5, these are Medan Labuhan, Marelan, Area,
Johor, Medan Baru, Petisah, Denai, Polonia, Tuntungan, Helvetia, West Medan, and Sunggal. These districts have a
very strong and well-separated structure. However, there are four sub-districts with SI < 0.25: Medan Maimun,
Deli, Selayang, and Belawan. These districts are in the second cluster

4.4 Analysis of Minkowski Distance on DBSCAN Algorithm

The third experiment is mapping the malnourished toddler case dataset by substituting Euclidean distance with
the Minkowski distance function on the DBSCAN algorithm. The DBSCAN algorithm, combined with the Minkowski
distance function, successfully clusters the malnourished infant case data into two distinct groups (as shown in
Figure 7). The first cluster comprises four districts (Medan Labuhan, Marelan, Belawan, and Selayang), while the
other districts are included in Cluster 2. This study noted that the optimal parameters for Minpts are 2-4 and € =
3.84-3.98, resulting in an SI of 0.289.
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Fig. 7 Result of DBSCAN algorithm + Mikowski distance
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The cluster quality produced in this experiment has a weak structure and is not very clear, because 0.25 < SI
< 0.5. Two sub-districts out of four in the first cluster have SI < 0.25; these are Medan Belawan and Selayang
districts. In other words, half the members in cluster 2 are not meaningful. However, there are five districts with
reasonable clusters: Medan area, Medan Baru, Medan Johor, Medan Denai, and Medan Helvetia. These districts
have a well-formed structure.

4.5 Analysis of Cosine Distance on DBSCAN Algorithm

The fourth experiment is mapping the malnourished toddler case dataset by substituting Euclidean distance with
the cosine distance function on the DBSCAN algorithm. The DBSCAN algorithm, combined with the cosine distance
function, successfully clustered the malnourished toddler case data into two distinct groups (as shown in Figure
8). The first cluster comprises two districts (Medan Marelan and Medan Deli), while the other sub-districts are
included in Cluster 2. This study noted that the best parameters of Minpts are 13 - 15, and € = 1.4 - 1.74, resulting
in ST = 0.259. The cluster quality produced in this experiment has a weak structure and is not very clear, because
0.25 < SI < 0.5. There are no district areas with well-formed or strong structures. Even 15 districts of 21 are not a
meaningful cluster.
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Fig. 8 Result of DBSCAN algorithm + Cosine distance

o

4.6 Analysis of Chebyshev Distance on DBSCAN Algorithm

The fifth experiment is mapping the malnourished toddler case dataset by substituting Euclidean distance with
the cosine distance function on the DBSCAN algorithm. The DBSCAN algorithm, combined with the cosine distance
function, successfully clustered the malnourished toddler case data into two distinct groups (as shown in Figure
8). The first cluster comprises three districts (Medan Marelan, Selayang, and Medan Perjuangan), while the other
districts are included in Cluster 2. This study noted that the optimal parameters for Minpts are 3-5 and € = 0.54-
0.74, resulting in an SI of 0.1025. The cluster quality produced in this experiment is not meaningful because SI <
0.25. There are no sub-district areas with well-formed or strong structures. The majority of sub-districts are not
meaningful and have weak structures.
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Fig. 9 Result of DBSCAN algorithm + Chebyshev distance

4.7 Comparative Analysis of Distance Functions on the DBSCAN Algorithm

This section presents a comparison of the cluster quality generated from five experiments. All experiments
mapped the region into two clusters, with different cluster member compositions. Based on the results of the five
experiments (shown in Fig 10), DBSCAN and Chebyshev distance function are not able to map the problem of
malnourished toddlers based on sub-districts in Medan City, the SI value of the clustering results is below 0.25. In
other words, Chebyshev distance function is not better than classical DBSCAN. The mapping results by Euclidean,
Minkowski and Cosine distance functions on DBSCAN have a weak structure and are not very clear, thus they need
to be reviewed. Unfortunately, Minkowski and Cosine distance functions on DBSCAN are not better than classical
DBSCAN, because their SI is still lower than the SI of classical DBSCAN. The best mapping is obtained from the
experiment DBSCAN algorithm with Manhattan distance; the SI value of this experiment is higher than the other
four experiments. In other words, the Manhattan distance function has a positive and better effect than Euclidean

on DBSCAN.

Value of SI

Baseline DBSCAN DBSCAN + DBSCAN + DBSCAN + Cosine DBSCAN +
Manhattan Minkowski Distance Chebyshev
Distance Distance Distance

Fig. 10 Result of experiments

Although the mapping results of all experiments indicate that the number of clusters is 2, the best mapping
for the case of malnourished infants in Medan City is achieved by the DBSCAN algorithm and the Manhattan
distance function, resulting in two clusters. The composition of the first cluster consists of two sub-districts
(Medan Labuhan and Marelan), while the other sub-districts are included in cluster two. Furthermore, when
viewed from the spatial aspect, the regions with different clusters are also well separated, while the members
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within one cluster are strongly bonded. This demonstrates that the DBSCAN algorithm can effectively map the
spatial data of sub-districts in Medan city.

Multiple distance functions were analyzed in conjunction with the DBSCAN algorithm; the study only
considered five commonly used metrics (Euclidean, Manhattan, Minkowski, Cosine, and Chebyshev). Other
advanced or domain-specific distance functions might yield better clustering performance, but were not explored
in this research. Although SI is a widely used metric, it may not capture all aspects of cluster validity, especially in
the context of complex spatial data. Combining SI with other evaluation metrics, such as the Davies-Bouldin Index
or external validation techniques, could provide a more comprehensive assessment.

5. Conclusion

This study focuses on mapping malnutrition cases among toddlers in Medan City, Indonesia, using the DBSCAN
(Density-Based Spatial Clustering of Applications with Noise) clustering algorithm. By utilizing spatial data (health
center locations) and non-spatial data (malnutrition conditions), the research aims to identify areas with high
malnutrition rates and provide recommendations for addressing them. The DBSCAN algorithm was chosen for its
ability to group data based on density without needing to predefine the number of clusters, as well as its capability
to identify outliers as noise. The study also analyzes various distance functions (Euclidean, Manhattan, Minkowski,
Cosine, and Chebyshev) for the DBSCAN algorithm to determine the optimal clustering. Cluster evaluation was
conducted using the silhouette index method. This research demonstrates the distribution of health center
locations in each district of Medan City, Indonesia. Furthermore, the DBSCAN algorithm and Chebyshev distance
function were unable to map the malnutrition problem among toddlers by district in Medan City, with clustering
results having a silhouette index (SI) value below 0.25. Mapping results using the Euclidean, Minkowski, and
Cosine distance functions on DBSCAN showed weak and unclear structures. Nevertheless, the cluster quality with
the Minkowski and Cosine distance functions on DBSCAN was not better than that of the classical DBSCAN, as their
SI values were still lower than those of the classical DBSCAN. The best mapping was obtained from the DBSCAN
algorithm experiment using the Manhattan distance, yielding an SI value of 0.51045. The optimal parameters were
MinPts = 6-9 and € = 6.98-7.8. This SI was higher compared to the other four experiments. In other words, the
Manhattan distance function had a positive and better impact compared to the Euclidean distance on DBSCAN.
The best mapping for malnourished toddler cases in Medan City resulted in two clusters. The first cluster consisted
of two districts (Medan Labuhan and Marelan), while the remaining districts were in the second cluster. Districts
within the same cluster are expected to serve as a basis for decision-making in addressing malnutrition issues
among toddlers in Medan City, with a focus on areas that require special attention. This study also notes the
influence of incorporating spatial attributes and distance functions in the clustering process. Therefore, for future
work, it is suggested that spatial similarity functions be incorporated into the clustering process.
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	Formula
	Description
	Distance Metric
	The most common function to measure the proximity between two vectors in dimensional space. Euclidean distance works by drawing a “straight line” distance between two objects
	Euclidean 
	𝒅𝒊𝒔𝒕𝑬𝒖𝒄𝒍𝒊𝒅𝒆𝒂𝒏 𝑨,𝑩= 𝒊=𝟏𝒏(𝑨𝒊− 𝑩𝒊)𝟐 
	Also known as Taxicab Distance or L1 Norm to calculate the distance in vector space [26]. Unlike the Euclidean distance, the Manhattan distance calculates the distance between two points by summing the absolute projection lengths of their differences on the coordinate axes. 
	Manhattan
	𝒅𝒊𝒔𝒕𝑴𝒂𝒏𝒉𝒂𝒕𝒕𝒂𝒏 𝑨,𝑩=𝒊=𝟏𝒏|𝑨𝒊− 𝑩𝒊| 
	This allows distance measurement in a more flexible vector space by setting parameter 𝑝, the parameter determines the type of metric. If 𝑝 = 1, it becomes Manhattan distance, else if 𝑝 = 2, it becomes Euclidean Distance, else 𝑝 → ∞, it become Chebyshev distance.
	Minkowski
	𝒅𝒊𝒔𝒕𝑴𝒊𝒏𝒌𝒐𝒘𝒔𝒌𝒊𝑨,𝑩=𝒑𝒊=𝟏𝒏𝑨𝒊− 𝑩𝒊𝒑 
	Cosine distance is used to determine how different two objects  based on  cosine angle of the two vectors, rather than geometric distance.. If the vectors are perpendicular to each other, Cosine similarity is 0; if they are identical, the cosine value is 1. It is useful in many applications, especially when orientation and text similarity. 
	Cosine
	𝒅𝒊𝒔𝒕𝑪𝒐𝒔𝒊𝒏𝒆 𝑨,𝑩= 𝑨.𝑩𝑨 |𝑩| 
	also known as L∞ Norm or Maximum Distance, is a distance metric that measures the farthest distance along a single coordinate axis in vector space. Chebyshev distance is often used in scenarios where movement is only allowed in straight lines parallel to the coordinate axes. In this context, Chebyshev distance determines the maximum number of steps required to move from one point to another
	Chebyshev
	𝒅𝒊𝒔𝒕𝑪𝒉𝒆𝒃𝒚𝒔𝒉𝒆𝒗𝑨,𝑩=𝐦𝐚𝐱|𝑨𝒊− 𝑩𝒊| 

