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Abstract

This study was to identify the spatial distribution of Social Support Index (SS1) among drug-abuse inmates throughout Peninsular Malaysia.
Factor Analysis (FA) and Discriminant Analysis (DA) were applied to analyses the level of social support (SS) among drug-abuse inmates
and develop the spatial model using Geographic Information System (GIS). Five significant index categories were generated from FA:
excellent, good, moderate, low and poor Quality of Life Index (QoLi) and the nine of SS variables are expected to be derived from family,
friends and other social factor. DA showed each category differed from others in terms of different compositions, stepwise backward and
forward modes gave 99.75% correct classification. GIS analysis show the distribution of SSI categorized on family and friends factor were
moderately for where the prisoners came. Besides that, Perlis classified as low-level index and Melaka as high-level index of other social
factor. The distribution model of SSI in moderately-level showed Jelebu, Sungai Petani, Pengkalan Chepa and Simpang Renggang as the
better SS factor to quality of life compared to the Penor, Pahang. The procedures of FA, DA and GIS were used in this study proved the
source apportionment of SS and QoLi among drug-abuse inmates in Peninsular Malaysian prisons.

Keywords: Social support; Quality of life; Factor Analysis; Discriminant Analysis; Spatial Distribution Model; GIS.

1. Introduction

For the last 15 years, the world prison population rate has risen by
about 6% from 136 per 100,000 of the world population to the cur-
rent rate of 144. Globally, more than 10.2 million inmates are held
in prison throughout the world. Besides, there are approximately
43,388 inmates in Malaysia prison Institution [1]. Notably, drug-
abuse inmates frequently represent a large part of the prison popu-
lation [2]. Equally, drug-abuse inmates is one of the primary prob-
lems in the world [3], and remain to be a prominent delinquent in
Malaysia with 59.9% inmates in Malaysian prison population
charged for various drug-abuse offenses [4]. Most of inmates con-
nected with various health risks, higher depression and death [5-7].
Most of inmates are from poor communities and vulnerable social
groups [8]. Inmates experienced a lot of difficulties in their lives
such as violent relationships, addiction, and mental health problems
like depression and burnout [9]. Furthermore, while incarcerated,
many inmates lose their home and employment placements, finan-
cial problems, and lose contact with their family [10]. Thus, In-
mates in prison experienced the lowest life satisfaction and the
highest sense of defeat [11]. There are substantial research states
that support, rehabilitation, and supervision programs can be effec-
tive in reducing recidivism rates. For examples, a social support
structure is considered fundamental to inmate’s adjustment and
ability to cope with life during incarceration [12]. The idea that so-
cial interaction and engagement with institutions and social net-
works in terms of formal and informals, giving a lot of benefits [13].
Hence, a study by Harp et al. (2012) [14] found that inmates who

perceived as having social support during and after imprisonment
were more likely to have a source of income, had fewer daily prob-
lems and were more satisfied with life. Social support may be de-
scribed as having a family and a network of close friends who pro-
vide social and emotional attachment, and the feeling of being able
to depend on them for all physical and emotional needs.

Family permanency and emotional support from home can effect an
inmate’s chance of success in a number of ways. Families provide
not only emotional support to boost the inmate to maintain a up-
standing life but in terms of housing and financial support as well
[15]. Offenders who have higher levels of social support throughout
their prison sentence have decreased chances of recidivating in
comparison to offenders who do not sustain these relationships
while incarcerated [16]. Some prisons stressed the importance of
visitation for inmates, because of the benefits for both offender and
community, where community will see upon the offender release
when they stops from commit crime.

According to Drago et al. (2011) [17], only a small proportion of
inmates receive visits during imprisonment. For those who are
come from disadvantaged neighborhoods, distance may constitute
an especially significant barrier to maintaining social ties. Families,
for example, may have difficulty to enable travel because of certain
limitations of resources from their behalf. Many studies have found
that visitation is associated with inmate behaviour and enhanced
quality of life upon release [18-19]. Visitation may reduce strain
and increase social bonds, and in turn reduce misconduct and recid-
ivism, and improve other reentry outcomes [20]. Hence, social sup-
port has to be addressed in order to increase the inmates’ quality of
life and help them to reintegrate into community after being
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released from prison. Therefore, in order to reach the targeted ob-
jective and aim, research had been done among drug-abuse inmates
all over Peninsular Malaysia prisons to collect data on social sup-
port among drug-abuse inmates. The data collected were analysed
using several tools to get the accurate analysis pertaining to the par-
tial distribution of social support index among drug-abuse inmates
Geographic Information System (GIS) and Multivaried Data Anal-
ysis tools will be used to help and analyse the data in this study. GIS
is a comprehensive collection of tools for capturing, storing, re-
trieval, transformation and visualization of spatial data of the real
world for special applications [21]. GIS can be synthesized and pre-
sented in form of three distinct but overlapping views which
ArcMap, data-based and spatial analysis view [22]. Over the years,
the availability and sophistication of GIS were growing and thus
give a huge influence on the approaches available in the study of
health geographically. These improvements really help researchers
in monitoring and responding to health challenges.

Nowadays, GIS tools for performing spatial analysis has become
more available to social science studies. The research by Mustafa
etal. (2015) [23] shows that GIS can be used to map where a person
with certain characteristics or diseases live, and thus help health re-
searchers and practitioners detect and identify hot spots for certain
diseases and take precaution against them. Brownstein et al. (2010)
[24] is another example of research that are using this method to
identify hot spots of potential opioid medication abuse. Statistical
technique used to analyse data that arises from more than one vari-
able or known as multivariate data analysis, where this essentially
models’ reality to where each situation, product, or decision in-
volves more than a single variable. D’Ovidio (2014) [25], used
multivariate analysis to explore customer characteristics and their
quality perception in his study. Thus, for a reliable classification of
drug-abused inmates based on their state and spatial model, this re-
search will underline on multivariate analysis method. This is im-
portant as disorganised social and spatial arrangement create a
problem with social exclusion [26] especially when reintegrating to
community.

2. Materials and Method

2.1. Study Area and Population

The data were collected through interviews during the period April
and June 2015 by using a structured questionnaire where twelve (12)
prisons were selected in Peninsular Malaysia. The response was
measured using a ten point Likert scale that ranged from one for
strongly disagree to ten for strongly agree. Since these prisons are
widely scattered in term of geographical location, the study applied
area sampling method whereby Peninsular Malaysia is divided into
four areas; Eastern Region, Northern Region, Southern Region and
Central Region. The Eastern Region consists of Kelantan (Pengka-
lan Chepa), Terengganu (Marang) and Pahang (Bentong and Penor)
prisons. The Northern Region consists of Kedah (Pokok Sena and
Sunga Petani) and Pulau Pinang (Seberang Perai) prisons. The
Southern Region consists of Johor Bharu (Kluang and Simpang
Renggam).

Last, prisons in Central Region consists of Selangor (Kajang),
Negeri Sembilan (Seremban and Jelebu) and Perak (Tapah) prisons.
The exact location for every prisons selected is shown in fig. 1.

Generated through SPSS, the respondents were selected from sam-
pling frame using the random numbers once the prison is selected.
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Fig. 1: Study areas and exact location for every prisons selected in Peninsu-
lar Malaysia, Malaysia.

2.2. Database Design
A) Geographic Information System (GIS)

GIS is a system organized as a combination of software and hard-
ware that is capable of capturing and recording information (data),
storing and checking, manipulating and analysing that information
retrieved and displaying it in accordance with spatial reference to
the Earth [27-28]. For this study, the developed GIS database design
consists of two different types of information involving the identi-
fication of information required for the GIS analysis viz, spatial da-
tabase design and attribute database design.

The spatial database includes vector type where the spatial data is
directorial district boundary of Malaysia, stored as polygon, while,
attribute database includes index of social support among drug-ad-
dicted person by state in Malaysia. The attribute dataset is stored in
the unified data format (.dbf). Both of the databases are intercorre-
lated. The special characteristics and the corresponding attribute
data are usually connected by user identity code. The keyword used
for connecting the attribute database and the spatial database is the
field name of administrative district. The topographic map of Ma-
laysia was georeferenced and the root mean square error (RMSE)
was found. The measure of precision (RMSE) is used to determine
transformation accuracy from one system to another system of co-
ordinates [29]. The formula of RMSE is shown in equation 1:

RMSE = [157 =10 - 9))? ()

Where,

Summation is represents by the large sigma character current pre-
dictor is represents by j and the number of predictors is represents
by n.

Spatial and temporal distributions of physical and socioeconomic
occurrences can be proximate by functions according to location in
a multi-dimensional space, as multivariate scalar, vector, or tensor
fields. In order to predict values of spatial phenomena in unsampled
locations, many interpolation and estimation methods were estab-
lished [30]. Interpolation is the phenomena that can be done using
various methods and in different ways but depends on the types of
data the research is dealing with. Interpolation methods are used to
estimate the values obtained from unsampled locations. The field
measurements required conversion into continuous space before the
mapping and spatial analysis could take place. This can be done
using an interpolation method. The most common techniques for
interpolation in GIS are: Kriging, Inverse Distance Weighting
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(IDW), Point TIN, and Spline [31-32]. In this study, The IDW in-
terpolation method in GIS will be used to model the spatial distri-
bution of social support among drug-abuse inmates. IDW is among
the simplest methods of interpolation. It is based on approximation
and assumption of a given value at the unsampled points within sev-
eral distances or from a given set of numbers. Weights usually de-
cline with the influence of distance (inversely proportional to the
weight and distance) [33-35] and are correlated with the equation 2,
where r, act as an unsampled location that leads to an estimator as:

m Wy ; —r|P
f0) = Sy 2(n) = Bt @

§"=1 1/|r-r|P

Where, as in many literature, p is a parameter, where normally, p=2
[36]. However, this basic method is common and easy to implement
and is available in almost any GIS. Hence, among the shortcomings
of this method are limiting its practical applications and it does not
create the local shape implied by data and produces local extreme
at the data points.

B) Data Analysis

In this study, the Multivariate analysis will be analysed using
XLSTAT by using the data of social support among drug abuse in-
mates in Peninsular Malaysia prison. Three types of multivariate
analysis applied in this study were factor analysis, discriminant
analysis and boxplot analysis. Boxplot analysis was required in this
study to determine the range area and the level of social support
index receive by drug-abuse inmates by spatial analysis. The obser-
vation upon the differences among the groups was achievable.

i) Factor Analysis (FA)

FA is applied to infer relationships between variables [37]. Varimax
method is used in the FA techniques. The varimax rotation ensures
that every variable associated with only one principal component as
encompassing a near-zero relationship with the other components.
Eigenvalues obtained from varimax rotation are the precursor of the
FA. Eigenvalues over 1 were considered as significant and subse-
quently varimax factors (VFs), which are the new groups of varia-
bles are produced [38].

The VFs values which are greater than 0.75 (> 0.75) are considered
as “strong”, the values ranging from 0.50-0.75 (0.50 > factor load-
ings > 0.75) are considered as “moderate”, and the values ranging
from 0.30-0.49 (0.30 > factor loadings > 0.49) are considered as
“weak” factor loadings [39]. Based on different activities in the
three significant clustered districts, the emission source recognition
of different air pollutants was accomplished. The fundamental
model of FA is stated as equation 3:

Zij= a1 f1i + Qpafoi + o+ Qe fo e ©)

where, z is the measured value of a variable, a is the factor loading,
f is the factor score, e is the residual term accounting for errors or
other sources of variation, i is the sample number, j is the variable
number, and m is the total number of factors.

In order to certify that the attributes are maximally correlated with
only one factor and for ease of reading the factors, orthogonal vari-
max rotation method is applied in this study. To ensure that the fac-
tor scores are uncorrelated and to avoid the influence of different
measurement scales on the resulting score, the Anderson-Rubine
method is employed in identifying the factor score coefficients.

ii) Discriminant Analysis (DA)

The fundamental point of DA is to classify an object of unknown
origin to one of several naturally-occurring groups [40]. For every
cluster, it creates a discriminant function (DF) [41]. Then, the DFs
can be determined by:

f(G) = ki + X} Wi; Py 4)

where,

i is the number of groups (G), ki is the constant inherent to each
group, n is the number of parameters used to classify a set of data
into a given group, and wj is the weight coefficient assigned by DF
analysis (DFA) to a given parameter (Pj). In this study, DA was
applied on three modes, which are standard mode, forward stepwise
mode and backward stepwise mode. A standard mode was done to
create DFs for assessing spatial variations in the social support
items. In the forward stepwise mode, variables were gradually dis-
regarded from the most significant variable until no significant
changes were found. Conversely, in the backward stepwise mode,
variables were eliminated gradually, starting with the least signifi-
cant variable until no significant changes were found.

3. Results and Discussion

3.1. Factor Analysis

Based on responses from 1,696 drug-abuse inmates completing all
nine items, factor analysis was performed. The factors that are
shown in Table 1 can be considered as the underlying dimensions
of social support among drug-abuse inmates. There were 2 factors
with eigenvalues greater than one (Table 2) and they explained ap-
proximately 45.79% (first factor) and 12.85% (second factor) of the
variance respectively. Factor loadings for an analysis forced 2 fac-
tors, with rotation are shown in Table 1. In order to be identified as
dimensions, attributes with factor loadings greater than 0.5 are
needed. This implies that the data is suitable for factor analysis.

Table 1: Factor loadings from analysis forcing 2 factors

Item Varimax Rotation
Factor 1 Factor 2
(SS1) There is a special person with whom | 0.667
can share my joys
(SS2) There is a special person with whom | 0.684
can share my sorrows.
(SS3) My family really tries to help me. 0.690
(SS8) | get the emotional help and support | 0.796
need from my family.
(SS9) I have a special person who is a real 0.770
source of comfort to me.
(SS4) My friends really try to help me. 0.730
(SS5) I can count on my friends when things 0.851
go wrong
(SS6) | can talk about my problems with my 0.524
family
(SS7) I have friends with whom | can share my 0.725

joys and sorrows.

*The varimax rotation strongly suggest a 2-factor solution, with items SS1, SS2, SS3,
SS8 and SS9 forming the first factor and items SS4, SS5, SS6 and SS7 forming the
second.

Table 2: Factor Analysis of drug-abuse inmates

F1 F2
Eigenvalue 4121 1.157
Variability (%) 45,787 12.850
Cumulative % 45,787 58.638

A) First factor
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This factor can be interpreted as family since it shows high-loading
family matters. Family involvement in supporting drug-abuse in-
mates is increasing along with the score.

B) Second factor

This factor can be interpreted as friends dimension of social support
since it shows high loadings on the “I can count on my friends when
things go wrong” and “My friends really try to help me”.

C) Social Support Index

Index of social support is developed in order to reveal the group of
social supports (high, good, moderate, poor and low) should be
given more attention while designing data-collection schemes.
Two selected factors that relate to the dimensions of social support
is combined together and the scores is called as social support in-
dex. The overall score of each respondent is obtained by weighting
each factor score by the respective variance as follows (Eq. 5):

(SS;) = (45.79 x F, + 12.85 x F,) /100
(5)

Where,

[(SS)i is social support score of respondent i, [F)1 is family score
and Fzis friends score of respondent i.

This implies that the higher the score in the family and friends di-
mension, the better the social support received by drug-abuse in-
mates

3.2. Discriminant analysis (DA)

Spatial distribution in social support was assessed with the help
of DA to examine level of social support index among drug abuse
inmates (i.e., Excellent, Good, Low. Moderate and Poor). The
five levels of index obtained from FA were considered as depend-
ent variables (index category) to DA. DA showed that each cate-
gory differed from the others in terms of different compositions
as the no confusion matrix occurs on the data set. The results from
standard, stepwise backward and stepwise forward modes gave
99.75% correct classification based on the confusion matrix of
the estimation sample (Fig. 2).
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Fig. 2: Confusion matrix for Discriminant analysis (DA) of drug-abuse in-
mates

Stepwise discriminant analysis was performed as an explanatory
analysis to determine the most significant variables among the pa-
rameters. In stepwise forward mode, variables were included one
by one, beginning with the most significant until no significant
changes were obtained, while in stepwise backward mode, variables
were removed one by one beginning with the least significant until
no significant changes were obtained.

Stepwise backward mode generated 99.35% correctly with nine dis-
criminant items while stepwise forward mode rendered 99.35%
with also nine discriminant items. However, there is no difference
in matching for each group compared with the stepwise backward
mode. Therefore, DA results recommended all nine discriminant
items as significant in discriminating the level of social support in-
dex (Table 3).

Table 3: Confusion matrix for the estimation sample drug-abuse inmates.

from Ex- Good Low Mod Poor To %cor-

\to cel- er- tal rect
lent ate

Excel- 164 0 0 0 0 164  100.00%

lent

Good 1 462 0 0 0 463  99.78%

Low 0 0 342 3 1 346 98.84%

Moderate 0 4 0 559 0 563  99.29%

Poor 0 0 2 0 156 158  98.73%

Total 165 466 344 562 157 1694 99.35%

Table 4 and Fig. 3shows the descriptive statistics of quantitative
data of this study. The median, quartile and extreme values have
shown the median, quartile and extreme values. The data shown that
there are no data which can be considered as an outlier (Fig. 3).

Table 4: Descriptive statistics (Quantitative data) for drug-abuse inmates.

Statistic Excellent  Good Low Moderate  Poor
No. of observa- 164 463 346 563 158
tions
Minimum 8.111 6.111 2.444 4.333 1.000
Maximum 10.000 8.556  5.000 6.667 3.000
1st Quartile 8.556 6.778 3.444 5.111 1.889
Median 8.889 7111  3.889 5.556 2222
3rd Quartile 9.333 7556  4.222 5.889 2.528
Mean 8.959 7.191 3.854 5.541 2.120
Variance (n-1) 0.282 0.267 0.274 0.269 0.261
Standard devia- 0.531 0.517 0.524 0.519 0.511
tion (n-1)
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Fig. 3: Boxplots of descriptive statistics for drug-abuse inmates in this study

3.3. The Spatial Distribution Model of Social Support
among Drug-abuse Inmates

Mapping tools can help with prison management in numerous ways,
including quality of life, tracking disciplinary incidents, visitation
patterns and medical information, managing gangs and escape
threats, and identifying personal information about inmates [14].
GIS helps correctional officials to determine possible sites for
building prisons by examining complex, seemingly unrelated
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measures such as demographic physiognomies and displaying them
all in a graphical, layered, spatial interface or map. It also helps
them map inmate populations, fixtures, and equipment to provide
for the safety of inmates by separating gang members, identifying
high-risk or potentially violent inmates, and identifying hazardous
locations in a prison. Generally, GIS data are thought of as ad-
dresses and locations in a community, but they also can be positions
of a building or an institution. For GIS to be useful in an institu-
tional setting, a map of the facility must be formed. Once a layout
is established, data such as inmate demographics, gang affiliations,
locations of assaults and attempted escapes can be incorporated and
analysed. Displaying these data spatially can lead to a much better
understanding of the events and incidents within certain facility. For
example, if there has been a recent series of inmate-on-inmate as-
saults, GIS can be used to spatially and temporarily analyze the in-
cidents in an attempt to predict or prevent future assaults [42]. In
this study, GIS was used to analyse the SSI among drug-abuse in-
mates at all states in Peninsular Malaysia.

The DA result classified all the nine discriminant items into dis-
criminating levels of social support index at twelve states in Penin-
sular Malaysia (Table 5). Fig. 4 shows the distribution of SSI for
drug-abuse inmates on family factor, friends factor and other social
factor of quality of life where the prisoners came from. This study
proved all states in Peninsular Malaysia have moderately level on
family factors and friends factors of drug-abuse inmates’s quality
of life. The index of other social factors classified Perlis as low level
of SSI and Melaka as good level of SSI. The other social factors
such as offender’s environment, geographic location, the placement
of new facilities within a community and so on. The prisoners who
came from Malacca known as having good level of SSI on other
social factors of quality of life because may be subjects were more
satisfied with emotional support were having someone help them
with the encouragement. The geographic and distance factor such
as the prisoners from Malacca are located in Seremban and Kajang
prison might also contribute to the result.

Table 5: Social Support Index (SSI) in Peninsular Malaysia.
Level Social Support Index (SSI)
Poor -0.911>x < -0.556
Low -0.556>x < -0.201

Moderate -0.201>x < 0.154
Good 0.154>x < 0.509
Excellent x> 0.509

¢) Other Social factor

a) Family factor b) Friends Factor

Fig. 4: Distribution model of SSI for drug abuse inmates on family factor,
friends factor and other social factor of quality of life where the prisoners
came from; a) Family factor, Friends Factor and c) Other Social factor.

Over time, satisfaction with emotional support and tangible support
also remained stable. Although not significantly different across
time, recipients reported more satisfied with tangible support than
emotional support. Compared with other prisoners in Peninsular
Malaysia, prisoners from Perlis had a low level of SSI on other

social factors of quality of life. Malacca was classified as good level
of SSI on other social factors of quality of life in Peninsular Malay-
sia and other states categorized as moderate level of SSI on other
social factors of inmates’s quality of life. Melaka is classified as an
area with high levels of satisfaction with the quality of life, better
than the other states in Peninsular Malaysia, especially Perlis,
mainly due to geographical factors. Malacca is located in the west
part of Peninsular Malaysia where communities are more open-
minded.

Fig. 5 shows the detail distribution model of SSI for drug-abuse at
prisons in moderate category in Peninsular Malaysia. This study
proved the SSI at Jelebu and Seremban (near Malacca) had the bet-
ter quality of life for drug-abuse inmates The growth and environ-
ment at Jelebu prison maybe more comfortable and have better fa-
cilities. Because of that, the level of satisfaction and emotional sup-
port for drug-abuse inmates in Melaka prison was higher than other
states in Peninsular Malaysia. In general, the Sungai Petani (Kedah),
Pengkalan Chepa (Kelantan) and Simpang Renggam (Johor) also
had the better social support factor to quality of life for drug-abuse
inmates compared to Penor (Pahang). The level of quality of life for
drug-abuse inmates in Penor prison is poor compared of other
prison’s moderate category in Peninsular Malaysia.

99°35CE  100°00°E 1007250°E 100°S00°E 101°150°E 101400°E 102°SO°E 102°300°E 102'SSO°E 103200°E 103'450°E 104'100°E 104'I50°E

£ \\®.

S
1:2,780,000

v

PERLIS

6250°N 6 450N
200N 6400N 700N 7°200N

N e Pengkalan Chepa

50N

N 54SON

Eastern
Zone

5200°N 5400N 600N

SEUN 5250

500N

N Z4SON FEON 250N IUSUN 4BON 4250N 4450°N
®
-
—
=<
V)
o
-
@

Legend

2200°N 2400N FOON 3200°N F400°N 400N 4200°N 4°400°N

2EON 2250N 24507

®  Sampling Location
Detail of SSI in moderate category
I 0.167601183 - 0.116431654
I 0116431654 - -0.065262124
I 0.065262124 - -0.014092594
[ ] -0.014092594 - 0.037076935
[ ]o.037076935 - 0.088246465

T200°N 1°400°N 200N

Southern Zone

10N

400N

0 45 90 180 Kilometers

250N 045DN 1SON_ 1250°N 1°450°N

o

99°350E  100°00°E 100°250°E 100'500°E 101'150°E 101°400°E 102°50° 102°300°E 102850°E 103°200°E 103°450°E 104°100°E 104°350°E

Fig. 5: The Detail Distribution model of Social Support Index for Drug
Abuse Inmates at prisons in Peninsular Malaysia, Malaysia.

4. Conclusion

This research was done among drug-abuse inmates from Peninsular
Malaysia prisons in order to collect data on social support index
among these inmates all over Peninsular Malaysia and completed
classified the level of SSI in quality of life. GIS and Multivaried
Data Analysis were used as tools to analyse the data in this study.
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From the result, the beneficial effects cannot easily be interpreted
because of the effects of long-term imprisonment and the entire pat-
tern of results provides strong evidence against expectations of
widespread or generalized deleterious effects. The interaction be-
tween inmates with other people around them was strongest on
those social climate dimensions relating to therapeutic hold and so-
cial cohesion. A univariate effect was also observed whereby pro-
tective custody prisoners, irrespective of incarceration length, re-
ported that they experienced the environment as less safe than their
mainstream counterparts.
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