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Abstract – Cases of physically abused children are 

constantly on the rise with various methods being used in 

studying the consequences of this social illness. The current 

study is to examine individual differences in social adjustment 

among physically abused children using cluster analysis, a 

strategy based on a person-oriented approach to understand 

individual differences. Participants were 041 children and 

their parents. Cluster analyses were conducted on seven 

variables derived from the sample of social behavior scales 

(SBS). This study is aimed in using three various methods; k-

means, twostep cluster and modified cluster to study the 

effects of socially abused children in Kingdom of Saudi 

Arabia. Samples of the data were collected using primary 

research and suitable variables, scales and subscales were 

utilized in conducting the research. Based on the research, the 

factors and their frequency were observed in determining the 

possibility of the abused children either as being socially well 

adjusted, experiencing social difficulties or being at risk for 

maladjustment.  
  

Keywords – Abused Children, K-Means, Twostep 

Cluster and Modified Twostep Cluster. 
 

I. INTRODUCTION 
   

Multivariate analysis consists of a collection of methods 

that can be used when several measurements are made on 

each individual or object in one or more variables. These 

variables may be correlated with each other, and their 

statistical dependence is often taken into account when 

analyzing such data. The multivariate analysis can be 

classified into three general types. The first is analysis of 

dependence such as Multiple Regression, Multivariate 

Regression, PLS, MARS, PPR, Classification and the 

second is analysis of interdependence such as Cluster 

Analysis, Factor Analysis (FA) and Principal Component 

Analysis (PCA). The third one is data description by density 

estimation. The first type is just a technique of supervised 

learning and the second and third types are techniques of 

unsupervised learning. 

Cluster analysis is a technique used for combining 

observations into groups or clusters such that each group or 

cluster is homogeneous (or compact) with respect to certain 

characteristics. Or each group should be different from 

other groups with respect to the same characteristics. 

Cluster analysis refers to statistical techniques that group or 

“cluster" similar items. In cluster analysis, the “goodness” 

of a solution also depends on the context or application of 

the analysis such as marketing, land use, insurance and city 

planning.  

There are two main ways to cluster data: Clustering by 

grouping similar variables and clustering by grouping 

similar observations. When clustering variables, the 

variables are usually grouped by correlation coefficients or 

some other measure of association. When clustering 

observations the observations are usually grouped by some 

measure of proximity clustering observations can often be 

accomplished by some two-dimensional visualization of the 

data. 

Clustering has been widely studied in several disciplines 

especially since the early 60's. Some classic approaches 

include partition methods such as K-Means, Hierarchical 

Agglomerative Clustering, Unsupervised Bayes and 

Twostep Cluster such as those based on Fuzzy Logic or 

Statistical Mechanics, see Chakaravathy and Ghosh, [1]. 

Conceptual clustering which maximizes category utility a 

measure of predictability improvement in attribute values 

given a clustering is also popular in the machine learning 

community. In most classical techniques and even in fairly 

recent ones proposed in the data mining community, see 

Rastogi and Shim [2] the objects to be clustered only have 

numerical attributes and are represented by low-

dimensional feature vectors. The clustering algorithm is 

then based on distances between the samples in the original 

vector space. Thus these techniques are faced with the curse 

of dimensionality and the associated sparsely issues when 

dealing with very high-dimensional data such as text. 

Indeed often the performance of such clustering algorithms 

is demonstrated only on illustrative 2-dimensional 

examples, see Strehl's [3]. 
 

II. STATEMENT OF THE PROBLEM 
 

Evidence of individual differences among physically 

abused children using different statistical methods can be 

seen in the results of current literature on the effects of 

abuse on children's social behavior. Researchers have 

historically analyzed and reported mean scores obtained by 

abused and not abused children on the variables of interest, 

yet wide variability can be found within samples of abused 

children. Specifically, the standard deviations of scores on 

measures are quite large and may imply that not everyone 

in the sample responds or behaves similarly. Secondly, even 

though most investigations of group differences in social 

behavior between abused and no abused children indicate 

that there are significant group differences; those findings 

are not stable across studies. The current study was using 

K-Means cluster analysis and Two step Cluster analysis to 

examine individual differences in social adjustment within 

a sample of physically abused children. 
 

III. OBJECTIVE OF STUDY 
 

The main objective of the study is to use multivariate 

method of cluster analysis to examine individual 

differences in social adjustment within a sample of 

physically abused children. The specific objectives are as 

follows. 
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1. To group the group of physically abused children 

according to the attributes of social behavior using k-

means and two step cluster. 

2. To compare the two methods 

3. To propose the feasible method of clustering the 

children.  

4. To give some ways to determent the optimal number of 

clusters. 

 

IV. CLUSTER ANALYSIS 
 

A common statistical method used to address the person-

oriented approach is cluster analysis. Cluster analysis is a 

statistical procedure that can be used to assess individual 

differences in terms of patterns of data and “delineate 

homogeneous subgroups within a sample by Thompson & 

Christiansen [4]. It allows the researcher to meaningfully 

distinguish subtypes or subgroups within a heterogeneous 

sample. Thus, it creates subtypes within a sample that are 

similar to each other on various attributes. Using cluster 

analysis allows the researcher to draw distinctions about the 

unique characteristics of each subgroup. Cluster analysis 

has been found to be effective in examining individual 

differences in children’s functioning , see Hughes & Luke; 

Mckinney & Speece; Speece, Mckinney, & Appelbaum, 

[5]-[6], [7]. For example, Mckinney and Speece (1986) 

identified distinct subtypes of children identified with 

learning disabilities. Individual differences were found in 

these children’s behavioral functioning in terms of their 

independence-dependence, task-orientation–distractibility, 

extroversion-introversion and considerateness-hostility. 

Cluster analysis also has been useful in examining the 

heterogeneity of children within families characterized by 

violence, see Hughes & Luke; Grych, Jouriles, Swank, 

Mcdonald, & Norwood [5]-[8]. A more detailed review of 

these investigations, which provide a foundation for the 

current study, is provided later in the section entitled 

“clinical relevance of typologies of families.” Next a review 

of the influence of physical abuse on children is presented. 
Although the purpose of the present study was to assess 

individual differences among children using cluster 

analysis a review of the literature using cluster analysis with 

families parents specifically is relevant because this 

literature illustrates the utility of adopting a person-oriented 

approach with families characterized by violence. Cluster 

analysis has been used successfully to identify clinically 

relevant subtypes in a sample of abusive parents, Haskett Et 

Al; Oldershaw Et Al. [9]-[10]. Oldershaw and colleagues 

(1989) used k-means clustering procedure to identify three 

subgroups among 73 physically abusive mothers based on 

observed parenting behavior. Subtypes (labeled 

"emotionally distant," "intrusive," and "hostile") differed in 

terms of their affect, discipline and control strategies, and 

responses to their children's requests and initiations. The 

researchers found that the subtypes of abusive mothers also 

differed by characteristics of their children. 

In the study of Clatworthy et al., (2007) show that the 

cluster analysis have theoretical and practical value in 

illness perception research whereby 420 artificial datasets 

with a predetermined cluster structure were generated to 

resemble revised illness perception questionnaire (IPQ-R) 

data. Sample size and equality in cluster size were 

manipulated. Average linkage, complete linkage, ward's 

method and k-means (using the number of clusters and 

cluster centroids derived from ward's method) were applied 

to the artificial datasets and the percentage of cases 

correctly classified in each dataset by each method was 

recorded. K-means cluster analysis was the most 

appropriate method for use in illness perception research. 

In another study by Mun, Windle & Schainker [11] data 

from a community-based sample of 1,126 the 10th and 11th 

grade adolescents were analyzed using a model-based 

cluster analysis approach to empirically identify 

heterogeneous adolescent subpopulations from the person-

oriented and pattern-oriented perspectives. The model-

based cluster analysis is a new clustering procedure to 

investigate population heterogeneity utilizing finite mixture 

multivariate normal densities and accordingly to classify 

subpopulations using more rigorous statistical procedures 

for the comparison of alternative models. Four cluster 

groups were identified. 

I.  

V. CLUSTER TYPES 
 

There are essentially two types of clustering methods: 

hierarchical algorithms and portioning algorithms 

(nonhierarchical) the later includes: K-means and Twostep 

cluster.  Although this study is using the K-Means method 

and Twostep cluster method, but we must talk about 

hierarchical cluster to specify the number of cluster in the 

first method (K-Means). The justification of using these two 

methods is that first of all both of them are very simple, 

moreover they are mostly used in such kinds of studies. 

I. Hierarchical Clustering 
Hierarchical clustering creates a hierarchy of clusters 

which may be represented in a tree structure called a 

dendrogram. The root of the tree consists of a single cluster 

containing all observations and the leaves correspond to 

individual observations. Algorithms for hierarchical 

clustering are generally either agglomerative in which one 

starts at the leaves and successively merges clusters 

together or divisive, in which one starts at the root and 

recursively splits the clusters. Any valid metric may be used 

as a measure of similarity between pairs of observations. 

The choice of which clusters to merge or split is determined 

by a linkage criterion which is a function of the pairwise 

distances between observations. 

II. Agglomerative Methods 
CA methods of this type begin with each observation 

representing a single cluster. At each step, two clusters are 

merged until the final step when only one cluster remains. 

The researcher must decide at what step to stop the 

clustering and thus how many clusters to retain. 

III. Divisive Methods 
Methods of this type work in an opposite manner to 

agglomerative methods. Initially all the observations begin 

in one large cluster. At each step, a cluster is divided until 

all members represent their own cluster. Again, the 

researcher must decide the number of clusters to retain. 

Because no divisive methods were employed in this study a 
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detailed description of CA methods of this type is not 

included. 

IV. Linkage criteria 

I. Single Linkage 
The single linkage method measures the distance 

between clusters by the distance between the two closest 

points within the clusters. It along with complete linkage 

represents the simplest cluster techniques. This method is 

illustrated in Fig 1 while simple to employ this method is 

problematic. See Wilks [12] describes how this clustering 

method is prone to "chaining" whereby very large, 

unrepresentative clusters are created because of the 

nearness of points to one "side" of a cluster. Even if the 

majority of points are a long distance away from each other 

only one close together pair of points is necessary to cause 

the two clusters to merge. This method is therefore not a 

very popular one, see Penn State Meteorology and 

Atmospheric Science [13]. 

 

Fig. 1. Single linkage 

 

II. Complete Linkage 
The complete linkage method works in the opposite 

manner to the single linkage method. In this method the 

distance between clusters is defined as the distance between 

the farthest pair of points within the two clusters. This is 

illustrated in Fig 2 While initially this method appears more 

appealing than single linkage, that this method creates a 

larger number of smaller clusters than is representative due 

to the harsh quality of the distance measure. 

 

 
Fig. 2. Complete linkage 

 

III. Centroid Linkage  
The centroid linkage method is somewhat of a 

compromise between single linkage and complete linkage. 

In this method, a mean cluster position (i.e. centroid) is 

determined by averaging the positions of all points within 

that cluster. Then, the distance between clusters is defined 

as the distance between the pair of cluster centroids. An 

illustration of this method is given in Fig 3 This method has 

one unique detrimental property in both single and 

complete linkage the distance between merging clusters 

must increase with each clustering step.  

Fig. 3. Centroid linkage 

 

IV. Average Linkage 
In this method the distance between two clusters is 

defined as the average distance between all possible pairs 

of points within the two clusters. In this way an "average 

distance" is calculated and the two clusters with the smallest 

average distance between their points are merged at each 

step. This is illustrated in Fig 4 because this method does 

not involve the use of centroids, the problem of decreasing 

distance between merging clusters with increasing step 

number is not encountered. One variation of this method 

that was briefly used in this research has one added level of 

complexity. In addition to the average distance between 

points a weight accounting for the number of members in a 

cluster is included. In this way, larger clusters are more 

likely to merge than smaller clusters. 

  

 
                       Fig. 4. Average Linkage 
 

V. Ward's Method 
It is a method for hierarchical cluster analysis. The idea 

has much in common with analysis of variance. The linkage 

function (specifying the distance between two clusters) is 

computed as the increase in the "error sum of squares" 

(ESS) after fusing two clusters into a single cluster. At each 

step of the cluster process in this method, the two clusters 

are merged, that result in the smallest increase within 

cluster sum of squares (i.e., the sum of the squared distances 

between each point and the resultant cluster centroid). This 

is illustrated in Fig 5. 

 

 
Fig. 5. Ward's Method 
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VI. METHODOLOGY 
 

The samples for this study were obtained from the data 

collected via the government schools in kingdom of Saudi 

Arabia (KSA). The focus group involved 140 abused 

children aged between 6 - 13 years old. The questionnaire 

has been created to examine both genders male and female. 

The abused children’s situation has been observed through 

the questionnaire by studying several factors such as family 

size, place of living, salary and whether they were living 

with parents.  

 

Table I. Demographic Profile of Respondent 
Variable Level Of Variable N Percentage 

Gender Male 82 58.6 

Female 58 41.4 

Age (Years) 9 Year or less 75 53.6 

10 Year or more 65 46.4 

Live with parents With both parents 101 72.1 

With mother 39 27.9 

Family Size 4 or less 62 44.3 

5 or more 78 55.7 

Place of live Village 60 42.9 

City 80 57.1 

Salary per month 

(Riyadh Saudi: RS) 

5000 or less 86 61.4 

more than 5000 54 38.6 

 

VII. DESCRIPTION OF INSTRUMENT 
 

The social behavior scale is a 38 item, used in the current 

study to assess children’s social behavior. This scale 

include seven subscales (Pro-social behavior, Relational 

aggression, Overt aggression, Asocial behavior, Excluded, 

Depressed, Victimized), Measure of intellectual 

functioning, Hostile Attributions Scale, Social Problem 

Solving Measure (SPSM) and Warm Parenting Style Scale. 

 

VIII. K- MEANS METHOD 
 

In this study k means are used to group the abused 

children based on the social behavior adjustment. 

 K-means method is the non-hierarchical cluster analysis 

methods proceed by initially dividing observations into a 

given number of clusters and then rearranging the 

observations (i.e. placing them in different clusters) until a 

desired goal is reached. The primary difference between 

these methods and the hierarchical methods is the 

requirement of a number of clusters before the method 

proceeds. Therefore, although prior knowledge of the 

number of desired clusters is not required it is beneficial 

when employing these methods, see Johnson & Wichern 

[14]. Because the k means clustering method was the only 

non-hierarchical method employed in this study it will be 

the only one described in detail below. 

K-means method is much different to any of the methods 

mentioned above. After determining the desired number of 

clusters in a dataset (either by subjective choice or the use 

of other cluster techniques to suggest such a number) this 

number is used to specify the number of "seed points" 

inserted into the domain. A seed point acts as a cluster 

centroid, but at this stage contains no observations as 

members. The next step is to cycle through each 

observation, placing it in a cluster with the seed point that 

it is "closest" to. Again euclidean distance is one choice in 

determining the measure of closeness. Next, the locations 

of the cluster centroids are recomputed. The next step is to 

cycle through all of the observations again. Because the 

centroids move it may be possible for certain observations 

to be closer to a cluster centroid in a cluster that it is not a 

member of. This second sweep through the data acts to 

"correct" the first sweep placing observations in the cluster 

in which they are closest to the cluster centroid. The 

centroids are updated as new members leave/join the 

cluster. This correction is done until no single observation 

changes clusters in one sweep, see Fraley, and Raftery [15]. 

The k-means algorithm is a very simple and very 

powerful iterative technique to partition a data-set into k 

disjoint clusters where the value k has to be pre-determined, 

see Hartigan [16]. A generalized similarity-based 

description of the algorithm can be given as follows:  

i. Start at t = 0 with k randomly selected objects as the 

cluster centers 

cl

)0(
     , },...,1{ kl  

ii. Assign each object to  𝑥𝑗 the cluster center with 

maximum similarity:                    
( ) ( )

1 {1,..., }arg ( , )max
t t
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iii. Update all K cluster means:  
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iv. If any  𝑐𝑙
(𝑡+1)

  differs from  𝑐𝑙
(𝑡)

  go to step 2 with    t+1 →
𝑡 unless termination criteria (such as exceeding the 

maximum number of iterations are met). 

When similarity is based on a strictly monotonic 

decreasing mapping of Euclidean distances, k-means 

greedily minimizes the sum of squared distances of the 

samples to the xj closest cluster centroid   cλj
  as given by 

equation (1).  
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         (1) 

 

K-means has several features that distinguish it from the 

more common hierarchical clustering techniques, see 

Kintigh & Peter [17]. 
1. At times there is an interpretive advantage to non-

hierarchical clusters. For example, assume that if the 

data are divided into three clusters units a and b will be 

in the same cluster. It may often make sense that if the 

data are divided into say two clusters, a and b will be 

in different clusters. This result is impossible with a 

hierarchical method. 

2. With hierarchical methods execution time and 

necessary storage generally increase linearly with the 

square of the number of objects being clustered. With 

k-means, execution time goes up linearly with the 

product of the number of units the number of variables, 
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the maximum number of clusters desired (usually 

much less than the number of units) and the 

(unpredictable) number of iterations. Storage increases 

linearly with the product of the number of objects and 

variables. Thus, it is possible to use k-means to cluster 

much larger numbers of objects. 

3. K-means provides a method whereby the degree of 

clustering in the data can be evaluated. It is a property 

of most cluster analysis techniques (including k-

means) that the desired number of clusters will be 

formed whether or not the data are clustered in any 

practical sense. K-means allows one to compare the 

degree of clustering observed in the actual data with 

clustering observed with comparable randomized data. 

4. However, in distinction to the hierarchical methods, 

which are guaranteed to find the best solution, given 

the clustering criteria, k-means does not necessarily 

find the optimal solution for a given level of clustering. 

(It is like multidimensional scaling in this respect.) 

We also employed the well-known Euclidean k-means 

algorithm and three variations of it using non-metric 

distance measures as given in (1) above. The k-means 

algorithm is an iterative algorithm to minimize the least 

squares error criterion, see Duda and Hart [18]. A cluster cl 

is represented by its center  μl the mean of all samples in  cl. 

The centers are initialized with a random selection of k data 

objects. Each sample is then labeled with the index l of the 

nearest or most similar center. In classical k-means 'nearest' 

means the point with the smallest Euclidean distance. 

However, k-means can be generalized by substituting 

nearness with any other notion of similarity. For our 

comparison, we will use all four definitions of the similarity  

s(xa , xb)  between two objects  xa and xb as introduced in 

the previous section. Subsequent re-computing of the mean 

for each cluster and re-assigning the cluster labels is iterated 

until convergence to a fixed labeling after m iterations. The 

complexity of this algorithm is O (n.d.k.m), see Strehl's. [3]. 

K-means clustering is choosing the number of cluster k. 

To find out the number of clusters, one useful approach is 

to use hierarchical cluster analysis to indicate the number of 

cluster. In the analysis, agglomerative hierarchical 

clustering is used in which clustering starts with every case 

being a cluster into itself and at meaningful steps, and 

similar clusters are merged. The method used in making the 

cluster is using the ward’s method. In the agglomeration 

schedule the reduction of the coefficients for each stage is 

noted. The step where the ‘distance confidents’ makes the 

largest difference is considered the ‘elbow’ and the number 

of clusters is the difference between the number of cases 

and the steps in the ‘elbow’. 

 

IX. DETERMINATION OF K CLUSTERS 
 

The method used in creating the cluster is using the 

Ward’s method. Ward’s linkage is a method for hierarchical 

cluster analysis. The idea has much in common with 

analysis of variance. The linkage function specifying the 

distance between two clusters is computed as the increase 

in the "error sum of squares" (ESS) after fusing two clusters 

into a single cluster. In the agglomeration schedule, the 

reduction of the coefficients for each stage is noted. The 

step where the ‘distance confidents’ makes the biggest jump 

is considered the ‘elbow’ and the number of clusters is the 

difference between the number of cases and the steps in the 

‘elbow’.               

140- 137 = 3 

The point in the elbow can be seen in Fig (6). 

 

 
 

As a reference to the result achieved in the above graph, 

Hartigan’s k means theory is used to solidify the results 

obtained. Due to fact that the result above uses assumption, 

Hartigan’s k mean theory allows a detail mathematical 

calculation to determine the final number of the clusters, see 

Hartigan [19]. When determining the number of clusters, k 

is the result of k means while k groups and k plus 1 

identifies the k group plus 1(k+1 group) as given by 

equation (2). 

 

)1)((*
1)$1(

)$(





kxnrow
withinsskplus

withinssk
   (2) 

 

Table II. Final cluster centers 

 Cluster 

Subscales  1 2 3 

Pro-social behavior 2.91 2.32 2.86 

Relational Aggression 2.54 1.88 1.56 

Overt Aggression 1.92 2.13 1.73 

Asocial Behavior 1.17 2.27 3.48 

Excluded 1.80 3.29 2.51 

Depressed 2.20 4.18 2.44 

Victimized 2.22 3.59 3.10 

 

Table III. One way ANOVA in the response of sample in 

The Social Behavior Scale according to Cluster obtained 

in the K-Means Clustering 

sub-scale Source of variance F Sig. 

Pro-social 

behavior 

Between Groups 6.061 .003 

Within Groups   

Total   

Relational 

Aggression 

Between Groups 18.489 .000 

Within Groups   

Total   

Between Groups 2.892 .059 
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sub-scale Source of variance F Sig. 

Overt 

Aggression 

Within Groups   

Total   

Asocial  

Behavior 

Between Groups 49.378 .000 

Within Groups   

Total   

Excluded Between Groups 57.822 .000 

Within Groups   

Total   

Depressed Between Groups 88.856 .000 

Within Groups   

Total   

Victimized Between Groups 35.960 .000 

Within Groups   

Total   

 

In this study, we have noted that the abused children who 

are socially well-adjusted to have the following factors 

contributing to their adjustment; they are mostly male of the 

live with parents, with 4 or less family members, living in a 

city and earned more than SR5000 monthly. On the other 

hand, the abused children who are at risk exhibit similar 

factors except for family’s monthly earning of less than 

SR5000. However, the abused children with social 

difficulties exhibit the following factors: female of the age 

9 or less living with parents of family size 5 or more, living 

in the village and earning less than SR5000 monthly. From 

the results shown in Table IV, it can be hypothesized that 

the factors which mainly contribute to the well adjustment 

of the abused child are monthly earnings (salary), living 

condition and size of family. In other words, the abused 

children which had a family income of less than SR5000, 

living far from the city and its general facilities in addition 

to large family size were seen to be vulnerable in adjusting 

back to the society post their abused experience. 

 

Table IV. Summary of results 

Demographic Profile  Three Cluster Groups   

Gender Association 

Age (Years) Independent  

Live With Parents Association 

Family Size Association 

Place of Live Association 

Salary per Month Association 

 

Table V. Summary of results 

Scales Three Cluster Groups 

The Kaufman Brief 

Intelligence Test 

Non-Significant Differences 

Hostile Attributions scale  Significant Differences 

Social Problem Solving 

Measure 

 Significant Differences 

Warm Parenting Style 

scale 

Non-Significant Differences 

X. TWO STEP CLUSTER 

 

The two step cluster analysis procedure is a scalable 

cluster analysis algorithm designed to handle very large 

datasets. Capable of handling both continuous and 

categorical variables. 

 To determine the number of clusters, using the 

procedure of "Bayesian Information Criterion (BIC)" 

or "Akaike's Information Criterion (AIC)". 

-  Automatic determination the number of clusters.  
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 When all the variables are continuous, the Euclidean 

Distance Measure is used. 

 When a combination of continuous and categorical 

variables are used, the Log likelihood distance measure 

have to be used. 

 This likelihood distance measure assumes that 

variables in the cluster model are independent with all 

continuous variables assumed to have a normal 

distribution and all categorical variables to have a 

multinomial distribution. 
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Table VI. One way ANOVA in the response of sample in 

The Social Behavior Scale according to Cluster obtained 

in two step cluster 

  F Sig. 

Pro-social  

Behavior 

Between Groups 4.917 .009 

Within Groups   

Total   

Relational 

Aggression 

Between Groups .732 .483 

Within Groups   

Total   

Overt 

Aggression 

Between Groups .326 .722 

Within Groups   

Total   

Asocial 

Behavior 

Between Groups .210 .811 

Within Groups   

Total   

Excluded Between Groups 3.333 .039 

Within Groups   

Total   

Depressed Between Groups 15.379 .000 

Within Groups   

Total   

Victimized Between Groups 12.042 .000 

Within Groups   

Total   
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Table VII. Summary of results 

Scales Three Cluster Groups 

The Kaufman Brief 

Intelligence Test 

Non-Significant 

Differences 

Hostile Attributions 

scale 

Non-Significant 

Differences 

Social Problem Solving 

Measure 

Non-Significant 

Differences 

Warm Parenting Style 

scale 

Non-Significant 

Differences 

 

Table VIII. Summary of results 

Demographic Profile Three Cluster Groups   

Gender Association 

Age (Years) Association 

Live With Parents Association 

Family Size Association 

Place of Live Association 

Salary per Month  Association 

 

XI. MODIFIED TWO STEP CLUSTER 
 

In a modified method where twosteps was used, a 

selective method is used on the categorical variables used 

to the twostep cluster. Using this information, only the 

significant categories are put into the clustering procedure, 

they are gender, living with parents, family size, place of 

living and monthly salary. 

 

Table IX: Summary of results 

Scales Three Cluster Groups   

The Kaufman Brief 

Intelligence Test 

Non-Significant Differences 

Hostile Attributions 

scale 

Non-Significant Differences 

Social Problem Solving 

Measure 

Non-Significant Differences 

Warm Parenting Style 

scale 

Non-Significant Differences 

 

Table X. Summary of results 

Demographic Profile Three Cluster Groups 

Gender Association 

Age (Years) Association 

Live With Parents Association 

Family Size Association 

Place Of Live Association 

Salary Per Month (Riyadh 

Saudi: RS) 

Association 

 

XII. DISCUSSION AND CONCLUSION 
 

In comparing the results of the three methods in Table XI, 

the percentage difference in number of clusters of k-means, 

twostep cluster and modified cluster were identified. Using 

k-means method, the percentage of at risk is 20%, social 

difficulties is 50% and socially well-adjusted is 30%. As for 

twostep cluster method, the percentage of at risk is 46% 

followed by social difficulties 16% and socially well 

adjusted 38%. Modified twostep cluster on the other hand 

has a percentage of 46% at risk followed by 20% social 

difficulties and 34% socially well adjusted. Based on this 

result, it can be deduced that the highest percentage of 

number of cluster in k-means is social difficulties with 50% 

while in twostep cluster and modified twostep cluster, the 

highest percentage were at risk with 46% respectively.  

Hence, in both twostep and modified twostep cluster, 

there is a similarity in percentage of the highest number of 

cluster which was different from k-means method.  

 

Table XI. The number of the clusters used against the 

three methods 

Method No. 

Cluster 

No. 

Cluster 

No. 

Cluster 

K-Means 29 69 42 

Twostep Cluster 65 23 52 

Modified Twostep 

Cluster 

63 28 47 

 

Table XII. The results of the association between the 

subscales and the three methods used. 

 Subscales 

 

Method 

P
ro

-s
o

ci
al

 

B
eh

av
io

r 

R
el

at
io

n
al

 

A
g

g
re

ss
io

n
 

O
v

er
t 

 

A
g

g
re

ss
io

n
 

A
so

ci
al

  

B
eh

av
io

r 

E
x

cl
u

d
ed

 

D
ep

re
ss

ed
 

V
ic

ti
m

iz
ed

 

K-Means 
 

√ 

 

√ 

 

× 

 

√ 

 

√ 

 

√ 

 

√ 

Twostep 

Cluster 

 

√ 

 

× 

 

× 

 

× 

 

√ 

 

√ 

 

√ 

Modified 

twostep 

 

× 

 

√ 

 

× 

 

× 

 

× 

 

× 

 

× 

Note: The (√) indicates significant difference while (x) 

indicates no significant difference. 

 

Table XIII: Result of the significant difference between 

the scales and the three methods used. 

  Scales   

 

Method 

T
h
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W
ar

m
 P
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en
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n

g
  

S
ty

le
 s
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le

 

K-Means × √ × √ 

Twostep 

Cluster 
× × × × 

 

Modify 
× × × × 
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Table XIV. Results of the percentage agreement and 

disagreement of the cases between all the three methods 

used 
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C
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+
M

o
d
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d
 

tw
o

st
ep

 

Agree with clustering 

using 2 methods 

 

28% 

 

32% 

 

40% 

Disagree with 

clustering using 2 

methods 

 

72% 

 

68% 

 

60% 

Total 100% 100% 100% 

 

XIII. CONCLUSION 
 

In conclusion, the main objective of the study was 

obtained with the use of multivariate methods in cluster 

analysis to examine individual differences for social 

adjustment of the physically abused children within the 

samples collected. As for the use of the three methods 

throughout the study, the k-means method is preferred from 

the twostep and modified twostep method mainly due to its 

ability in showing the differences between the three cluster 

groups. This study is a part of an ongoing research aimed in 

utilizing various methods to determine social adjustment of 

the abused children in Kingdom of Saudi Arabia. 
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