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ABSTRACT

Based on the Basic Health Research (Riskesdas) in 2018, malnutrition cases in West Kalimantan reached 23.8 percent.
In 2015, Pontianak City documented 27 cases of malnutrition. Then, the cases increased in 2016 and 2017 as many as
29 and 41 cases. The utilization of Geographic Information System (GIS) is required as a method for public health
surveillance and monitoring. This study aims to analyze the distribution of malnutrition cases based on several clinical
and non-clinical factors using GIS between 2016 to 2017. The dependent variable was malnutrition cases and the
independent variables included household income level, parent’s educational level, comorbidities factors, and distance
to the primary health care service. A total of 65 cases of malnutrition in Pontianak City were collected from six sub-
districts in Pontianak City. This research was a cross-sectional study. The results showed that of 65 cases of
malnutrition occurred on under 5-year-old children in Pontianak in 2016-2017, malnutrition cases taking place in East
Pontianak sub-district were 29 cases (44.6%). In addition, malnutrition with clinical symptoms was reported 63 cases
(96.9%), while the distance from home to primary health care less than 1 km was 32 cases (49.23%). The study also
revealed that malnutrition with comorbidities were 78,5%. Finally, household income levels with malnutrition were
below Pontianak regional minimum wage (Rp 2,515,000/ month or $176,88). The mapping of malnutrition cases using
Geographic Information Systems can facilitate the nutrition programmer in Pontianak City Health Office and Public
Health Centre in intervening the social determinant of health to overcome malnutrition.
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INTRODUCTION clinical signs of malnutrition cases. In 2017, there
were 392 malnutrition cases*. Meanwhile in
Pontianak City, in 2016, there were 29 cases of
malnutrition and it increased in 2017 as 41 cases®.

Malnutrition cases are still a problem in several
countries. Asian countries report 70% of
malnutrition cases, followed by Africa with 26%

cases and 4% in Latin America. It was recorded Spatial analysis using Geographic Information

that one of three children in the world dies every
year due to poor nutritional quality'. The Ministry
of Health of the Republic of Indonesia showed that
at least 3.5 million children die every year due to
malnutrition and poor food quality, supported by
malnutrition while still in the womb. This
condition can damage a child’s health that can not
be restored when the child is growing up’.

According to Health Basic Research (Riskesdas)
data in Indonesia, in 2013, there were 19.6% cases
of children under 5 years old suffering from
malnutrition. This figure increases compared to
Riskesdas data in 2010 which was 17.9% and
Riskesdas 2007 was 18.4%2. West Kalimantan has
decreased the prevalence of malnutrition of
children aged 0-59 which is 6.67% in 2016 to 6.50%
in 20173 Based on the results of the nutrition
program report of the West Kalimantan Provincial
Health Office in 2016, from all districts/cities
there were 401 cases of malnutrition. This figure
was obtained from the case report based on

Systems (GIS) is one of the important methods for
public health surveillance and monitoring. This is
because the function of GIS in the health sector
can produce a spatial picture of health events,
analyze relationships  between locations,
environments, and disease events®.

Previous studies have indicated the importance of
GIS in mapping malnutrition cases. Murni Su et al,
for instance, showed that the utilization of
remote sensing data such as land use, NVDI, soil
moisture DEM, and flood-prone areas have
significantly proved to be useful in identifying
environmental factors contributing to
malnutrition’. Ali Almasi showed that the
prevalence of stunting, wasting, and overweight
in children under 5-year-old was not accidental
and has emerged in the cluster form based on a
regular occurrence in countries around the
world®. Meanwhile, E Mohammed’s research
showed thematic maps that present the variation
of the distribution of Severe Acute Malnutrition
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children in Khartoum State, influenced by several
factors such as socioeconomic and environmental
realities of Khartoum State®.

Therefore, this study attempts to analyze the
distribution of malnutrition cases by using GIS.
The distribution map of malnutrition cases is also
possible to show the information of location in
each administrative region in Pontianak City
between 2016 to 2017 by patient’s names and
addresses.

METHODS

This cross-sectional study was conducted in
Pontianak City, West Kalimantan Province from
January 2019 to October 2019. The population in
this study were all under 5-year-old children who
suffered malnutrition. They were registered in
the Pontianak City Health Office between 2016 to
2017. Further, 65 malnutrition children who have
received treatments by using total sampling
techniques were selected to participate as a
sample in this study. The instruments used in this
study were location maps, Global Positioning
System (GPS), photographic tools, and ArcGIS.

Data Collection

Demographic data of malnutrition cases reported
at Pontianak Health Office in the years of 2016
and 2017 contains (1) Location, (2) number of
cases, (3) household characteristics, and (4)
clinical data recorded. During the years
surveyed, a total of 65 cases were reported
throughout Pontianak City selected for this
study. Latitude and longitude coordinates of
patients’ locality were extracted from the data
collection to perform distribution and spatial
analysis.

Statistical Analysis

Statistical analysis is used to identify and confirm
spatial patterns, such as the center of a group of
features, the directional trend, and whether
features form clusters. It also classifies and
symbolizes the data which can obscure or
overemphasize patterns. Statistical functions
analyze the underlying data and measures that
can be used to confirm the existence and
strength of the pattern'®. Thus, the statistical
analyses in this study will help to provide
answers for linking the distribution pattern of
malnutrition cases with household
characteristics.

Meanwhile, geographical  distribution s
performed to measure a set of features for
calculation of value which represents a
characteristic of the distribution, such as the
center, orientation, or compactness'®. This study
focused on two methods: Spatial distribution and
spatial distribution pattern analysis. The spatial
distribution included spatial mean center,
standard distance, and directional distribution
analysis. Spatial distribution pattern analysis is

the average nearest neighbor method. Mapping
of the malnutrition epidemiology distribution
trend identified a relationship with specific
physical characteristics. Further, distribution
and pattern analysis were conducted to
understand whether there were any dominant
distributions and patterns for the malnutritiron:
2 pattern distribution details were minimized
using pattern analysis. The clustered pattern
showed there was a factor that causes
malnutrition epidemiology in that area.

Spatial Mean Center

The spatial mean center is the average x and y
coordinates of all features in the study area. It is
useful to detect changes in distribution or to
compare features of distribution. This analysis
showed leaning-centered phenomena, especially,
to visualize the means of malnutrition cases
reported in Pontianak City. The spatial mean
center aims to study changes in distribution
detection to compare the type and feature of
distributions. The spatial mean center is able to
create a new feature point classification where
every feature represents the mean center. The
mean of x and y showed the value of mean center
which means that the dimensional field was
included as the product of features.

The mean center is calculated as follows:

M

(2)
where x; and y; are coordinates for i, and n is the
total number of the features.

The weighted mean is calculated as
follows:
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where w; is the weigh on characteristic i.

The method to calculate center for three
dimensions is the z attribute for every feature:
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Standard Distant

Standard distant measures distribution density,
which provides a single value, represents the
distribution around the mean center. The scatter
of points around the center needs measurement.
The value is the distance represented by
deviations. Therefore, measures of spatial
dispersion give information about malnutrition
cases around a center. The expression used is the
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standard distance, which is equivalent to the
statistician’s standard deviation. The standard
distance is a tool used to create a round polygon
of points dispersed around a center. In this study,
a round of polygon represented dispersed
malnutrition cases reported in each year from the
mean center'©,

Standard distant shows a new feature class which
includes a round, centered polygon on the mean
center (a single mean and a circle for every case).
Every round polygon is created with radii that
have the same value as the standard distant
value. The attribute value for every round polygon
is the x-coordinate mean-centered polygon, y-
coordinate mean-centered, and standard distance
(radius circle).

Calculation of the standard distance is as
follows:

. =2 . =2
Sp = \[z{;l(m—m 4+ 2L0Y)
n n
(7)
where x; and y; are the coordinates for feature i,

{X, Y} show mean center features, and n is equal
to the total of feature number.
The weighted standard distance is as follows:
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)
where w; is the weigh on feature i and {Xw, Yw}
indicates the mean center.

Standard Deviational Ellipse

As a GIS tool for delineating spatial point data,
standard deviational Ellipse (SDE) was used to
summarize the spatial characteristics of
geographical features. The features include the
central tendency, dispersion, and directional
trends'®. The common method to measure the
trend of one set location is to calculate standard
distance separately on axis x and y. Both steps
determine the ellipse axis while including
distribution characteristics. Ellipse is also known
as a standard deviational ellipse. It is calculated
by the standard deviation from the x-coordinate
and y-coordinate from the mean center to
determine the ellipse axis. Ellipse allows
distribution characteristics to go longitudinally
and have a certain orientation. Graphing ellipses
were used in disease surveillance studies to
predict spatial spread trends since the central
tendency and dispersion are two principal aspects
concerned by epidemiologists'>.

The calculations are as in Equations 9a and 9b
below:

n X2
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where x; and y; are the coordinates for feature i,

{X, Y} shows the mean center, and n is the total
number of features.

The angle of rotation calculated as Equation (2)

below:
A+B

tan6 = —
C
(11)
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where xi and yi deviation derived from xy
coordinates from the mean center.

The standard deviation for x and y-axis are as
follows:
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Standard deviational ellipse creates a new feature
class that includes centered ellipse polygon on the
mean center for all characteristics (or for cases
when values were defined) 0. Attribute values
from ellipse polygon included standard distance
(long and short axis) and ellipse orientation.
Orientation represents long axis rotation
measured clockwise from noon. In this study, SDE
was conducted to analyze quantitatively the
orientation of malnutrition cases. It specifically
identified to what extent those malnutrition cases
might have spread. In addition to that, it also
tried to identify the number of standard deviation
(1, 2, or 3). When the features have a normal
spatial distribution (which means dense in the
center and less dense towards the edge), one
standard deviation makes up to 68% from all
centroid input features. Two standard deviations
will make up about 95% from all features and
three standard deviations will cover about 99% of
all centroid features.

The spatial distribution pattern mapping was
conducted by a pattern analysis using the average
nearest neighbor (ANN). The method measures
the average distance of each point in the study
area to its nearest point. The average distance
was compared to the expected average distance.
In doing so, an ANN ratio was created, which, was
the ratio of observed/expected. If the ratio is less
than 1, we can say that the data exhibits a
clustered pattern. Meanwhile, a value greater
than 1 indicates a dispersed pattern in our data'®.
In this study, this distribution pattern mapping of
malnutrition cases was observed, and the shape of
the ANN curve as a function of neighbor order
could provide insight into the spatial arrangement
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of points relative to one another whether it was
clustered, random, or dispersed. ArcMap 10.5
software was used to perform these statistical
analyses. The application employed mathematical
equations in the software to develop every
analysis with different functions.

Dependent Variable is the number of Cases of
Malnutrition. Independent Variables, on the other
hand, involve household characteristics such as
household income level, parent's educational
level, and the living distance to Primary health
care.

RESULTS

Pontianak City is crossed by the Equator Line at 0°
02 '24 "north latitude to 0° 01' 37" South Latitude
and 109° 16 25 "East Longitude to 109° 23' 04" East
Longitude. The height of Pontianak City ranges
from 0.10 meters to 1.50 meters above sea level.
The population in Pontianak City in 2016 was
618,388 consisting of 308,596 male population
and 309,792 female population. Meanwhile, in
2017, the number increased to 627,021 comprised
of 312,178 male population and 314,843 female
population. Most of the population were
transmigrants from Java and indigenous people
from West Kalimantan.

Table 1 Coverage Area Population and Density of Pontianak City

Coverage area

Number Sub-Districts (km?) Population Density /km?
1 City of Pontianak 15.98 124,031 7761.64
2 West Pontianak 16.47 138,949 8436.49
3 South Pontianak 15.14 94,409 6235.73
4 East Pontianak 8.78 93,268 10622.78
5 North Pontianak 37.22 126,597 3401.32
6 Southeast Pontianak 14.22 50,822 3573.98
Total 107.82 628,076 5825.77
Table 2. Distribution of Respondent’s Characteristics
Variables Frequency (N = 65) Percent
Sex
Men 39 60
Women 26 40
Age (month)
0-10 14 21.5
11-20 33 50.8
21-30 7 10.8
31-40 4 6.2
41-50 4 6.2
50-59 3 4.6
Parent’s Education
High 34 52.3
Low 31 47.7
Household Income
>2,515,000 IDR (> $176,88) 44 67.7
<2,515,000 IDR (< $176,88) 21 32.3
Comorbidities Diseases
without comorbidities 14 21.5
having comorbidities 51 78.5
Clinical Symptoms
kwashiorkor 2 3.1
marasmus 62 95.4
marasmus + kwashiorkor 1 1.5
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Univariate analysis

This section discusses the results of the univariate
analysis of each variable. Table 2 illustrates the
distribution of the characteristics of malnourished
patients. The table showed that most of the
patients were male by 39 patients (60%). 33
patients (50.8%) were aged between 11-20 months
where more than half of the parental education
was high as many as 34 people (52.3%). The table
also indicated that most of the parents (67%) have
an income that

was above the regional wage. Among the
malnutrition patients, 51 people suffered from
comorbidities (78.5%). These comorbidities
diseases included TB, HIV, acute gastroenteritis,

Table 3. Bivariate Analysis

congenital heart disease, anemia, and upper
respiratory tract infection. Finally, it was
reported that all patients experienced clinical
symptoms such as marasmus (62 patients) and
kwashiorkor (2 patients) respectively.
Additionally, 1 patient suffered from both
symptoms.

Bivariate analysis

According to Table 3, it appears that there was no
relationship among the variables of gender,
parental education, family income, and clinical
symptoms with the incidence of malnutrition,
with a p-value >0.05.

Malnutrition Cases

95% ClI
Variables . having P-Value
without A
s o comorbidities Lower Upper
comorbiditiesn(%) n(%)
Sex
Men 7 (10.77 32 (49.23) 0.539 1.694  1.947
Women 7 (10.77) 19 (29.23) ) 1.548 1.913
Parent’s Education
High 7 (10.77) 27 (41.53) 0.845 1.651 1.937
Low 7 (10.77) 24 (36.93) 1.618 1.930
Household Income
>2,515,000 IDR (> $176,88) 5(7.70) 16 (24.61) 0.757 1.563 1.961
<2,515,000 IDR (< $176,88) 9 (13.84) 35 (53.85) ’ 1.671 1.920
Clinical Symptoms
kwashiorkor 1 (1.54) 1 (1.54) 0.537 -4.583  7.853
marasmus 13 (20) 49 (75.38) ’ 1.686 1.895
marasmus + kwashiorkor 0 1 (1.54)

Figure 1. Map of Distribution of Cases of
Malnutrition for Under Five Children by District
in Pontianak City in January-December 2016-
2017

DISCUSSION

Nutrition has profound effects on health
throughout the human life course and s
inextricably linked with cognitive and social
development, especially in early childhood™.

Figure 1 below depicts the distribution of
children’s malnutrition cases aged 0-59 months
according to districts in the city of Pontianak in
2016-2017 677,

It can be seen in figure 1 that the district that
recorded the most cases was East Pontianak Sub-
District by 29 cases (44.6%). Of these cases, 9
cases were documented in 2016, and 20 of them
were 2017. In fact, this sub-District was the
smallest area in Pontianak City with the highest
population density of 10,622/km?. Also, East
Pontianak sub-District was recorded to have more
primary health centers than other sub-districts.
Thus, it should be easier for parents of the
toddlers to obtain health services. Data from the
health center (locally known as Puskesmas)
revealed that many toddler’s parents came from
poor families with low incomes because the
majority of the parents worked as daily laborers
and housewives.

This is related to the ability of households to
provide food that is determined by economic
factors. This result is in accordance with research
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conducted by Suiraoka et al (2011) on poor and
non-poor families in northern Denpasar District.
The research highlighted the results of their
analysis which showed that there were
differences in the nutritional status of children
under five in poor and non-poor families'®. This

difference can be caused by various factors such
as direct causes, namely in under-fives of poor
families, nutrient intake is lower compared to
toddlers of nonpoor families. Besides, poor
families might have poor sanitary conditions
resulting in infectious diseases.

Table 4. Distribution of the number of malnutrition cases in 2016-2017

Districts In 2016 In 2017

N % N %
City of Pontianak 2 8 4 10
West Pontianak 4 16 2 5
South Pontianak 2 8 5 12.5
North Pontianak 7 28 8 20
East Pontianak 9 36 20 50
Southeast Pontianak 1 4 1 2.5
Total 25 100 40 100

Following this, this research presents the
distribution of malnutrition cases in Pontianak
City from 2016-2017 based on the sequence of
regions or districts, from the highest number of
malnutrition cases to the lowest. First of all, East
Pontianak District was noted to have the highest
number of malnutrition cases (29 cases). The
district was then followed respectively by North
Pontianak District (15 cases), South Pontianak
District (7 cases), Pontianak City District (6
cases), West Pontianak District (6 cases), and
Southeast Pontianak District (2 cases).

The distance of the house to utilize health
services can be divided into three groups, close
distance if calculated within a radius of <1 km,
moderate if the location is within 1-4 km, and the
outreach if it was more than 4 km'. The results
of the study pointed out that Pontianak City had
23 Puskesmas. The closest distance to the place
where malnutrition was found and the health
facility was <1 km. There were still cases of
malnutrition, including the Puskesmas of
Kampung Dalam, Puskesmas Perumnas |,
Puskesmas Banjar Serasan, Puskesmas Parit
Mayor, Puskesmas Siantan Tengah, Puskesmas
Siantan Hilir, Puskesmas Alianyang, Puskesmas
Gang Sehat, Puskesmas Saigon, Puskesmas Paris I,
Puskesmas Perum Il, and Puskesmas Tanjung Hulu.
Although there were still cases of malnutrition
close to the health centers, the factor was more
about the family’s economic conditions that did
not support to access the healthcare service. They
were unable to admit their children to the
hospital. Disruption of the economic situation will
disrupt the accessibility of the community and
family to health services, for example,
immunization services, care related to growth,
morbidity, and mortality of children®

Figure 2 shows the standard distance of
malnutrition cases in Pontianak City. The
standard distance for malnutrition cases reported

was an area of 29 sq km with spatial mean center
coordinate was 315805 (X); 9996719 (Y). This
analysis shows that both years develop a minor
difference of malnutrition distribution cases with
smaller dispersal of standard distance in the year
2016 compared to 2017.

Figure 3 indicated that malnutrition cases

displayed a clustered pattern in 2016. The results

of the ANN suggested that the pattern of

malnutrition cases in 2016 was clustered. The

ANN was 0.748551, the z-score was -3,042362,

and the p-value was 0.002347. The critical value

(z-score) was both less than -2.58 and -1.96. It

suggests that there is less than a 1 percent

likelihood that the clustered pattern is

significant. However, in 2017, the results of the

ANN suggest that the pattern of malnutrition

cases was dispersed. The ANN was 1,741567, the

z-score was 5,115087, and the p-value was

0.000000. There was a less than 1% likelihood

that this dispersed pattern could be the result of

a random chance.

Legend

Center
inate : 315805 (X) ; 9996713 (¥)

9 sq km)

Figure 2. Map of Distribution of Malnutrition for
Under Five-year-old Children by Districts in
Pontianak City during 2016-2017
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Significance Level Critical Value
(p-value) (2-score)

0.01 <-2.58

0.05 -2.58 - -1.96

0.10 -1.96 - -1.65
1,65 - 1.65
1.65-1.96
1.96-2.58
>2.58

0.10
0.05
0.01

apoooen

|

Significant

Critical Value
(z-score)
<-2.58
-2.58 - -1.96
-1.96 - -1.65
-1.65 - 1.65
1.65-1.96
1.96 - 2.58
>2.58

Clustered Random Dispersed

Figure 3. Spatial patterns of malnutrition cases
in the years of 2016 and 2017

Table 5 summarized the nearest distance
method analysis. Z-score reading shows that
pattern of less than 1% likelihood was significant.
According to theory, when the index (average
nearest neighbor ratio) is less than 1, the pattern
shown is clustered'. Meanwhile, if the index is
bigger than 1, the pattern direction is dispersed.
Thus, the distribution pattern of malnutrition
cases reported in this study is dispersed. Z-score
reading is bigger than 1% indicates the
distribution pattern of malnutrition cases is
significant.  Our findings showed that the
prevalence of malnutrition in children under 5
years old was clustered in 2016 and dispersed in
2017. The results of studies by Hasan et al.
(2018) in Bangladesh?', Gebreyesus et al. (2016)
in Ethiopia?? and Khan and Mohanty(2018) in
India?* were also in line with our study. Their
study indicated that children identified in a
cluster were at risk (stunted and wasted
children) more than four times the ones outside
the cluster?2. However, the results of the studies
by Varghese et al. (2019) in India showed that
there was no evidence of cluster formation?3.

Study Limitation

This study has several limitations that can affect
research results. First, this study only examined
socioeconomic conditions while other factors
related to comorbidities and maternal conditions
were not examined. We were also unable to
investigate potential risk factors, such as
parental work or health literacy, due to a lack of
access to the data. In addition, we failed to
assess the prevalence of malnutrition based on
gender and religion. This limitation can be used
as an evaluation and can be refined by further
researchers who are interested in investigating
this research area.

Table 5. The spatial pattern for Malnutrition cases in Pontianak City.

Years of Malnutrition Cases Nearest Neighbor Ratio z-Score p-Value
Reported
2016 0.748551 -3.042362 0.002347
2017 1.741567 5.115087 0.000000
CONCLUSION

Spatial statistical distribution and pattern
analyses play important roles in understanding
malnutrition cases epidemiology in the study
area. This is because distribution and spatial
patterns are derived from certain processes.
These three spatial statistical analyses (spatial
mean center, standard distance, and directional
distribution) show that the malnutrition cases in
the years of 2016 and 2017 were clustered and
dispersed at the east of the study site. This
analysis found that there were differences
between the direction of malnutrition cases
distribution, although it was minimal. Pattern
distribution analysis was conducted to enhance

the finding results and it was found that the
clustered pattern was dominant in this study area
with an average nearest neighbor ratio of less
than 1. This indicates that there is a factor
affecting the rise in malnutrition cases reported
in the year 2016 compared to 2017. Above all, this
shows that spatial modeling should take into
account of malnutrition cases reported in other
years for further studies. We observed that the
household population in this eastern region of
Pontianak City was live in poverty, which may be
contributing factors in the malnutrition cases.
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