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Abstract: Medical data mining has immense potential for exploring the hidden patterns in the medical data and 

the patterns could be utilized for clinical diagnosis. Medical databases are of high dimension and the increase 

in the dimensionality of data gives rise to a number of new computational challenges not only due to the record 

size but also due to the increase in the number of attributes. This paper makes an attempt to analyze the 

dermatology data set by using PCA-based factor analysis (PBF) and clustering analysis. An algorithm for the 

PBF is proposed and implemented and the predicted results would help the physician to make right predictions 

at right time so that the patients could be comfortable. 

 

Keywords: Clustering; Communalities; Factor analysis; Loadings; PBF; PCA 

 

I. Introduction 

Data mining has become a fundamental methodology for computing applications in medical informatics. 

Medical data mining has great potential for exploring the hidden patterns in the data sets of the medical domain 

and these patterns can be utilized for clinical diagnosis. However, the available raw medical data are widely 

distributed, heterogeneous in nature, and voluminous. These data need to be collected in an organized form. 

Relationships and patterns within this data could provide new medical knowledge. Progress in data mining 

applications and its implications are manifested in the areas of information management in healthcare 

organizations, health informatics, epidemiology, patient care and monitoring systems, assistive technology, 

large-scale image analysis to information extraction and automatic identification of unknown classes. 

"Factor analysis is a statistical method used to describe variability among observed, correlated variables in terms 

of a potentially lower number of unobserved variables called factors”. Both factor analysis and cluster analysis 

are data reduction techniques and unsupervised learning methods in which the outcome is not determined by 

feedback from some target. The difference between them are that Factor analysis reduces the number of 

variables describing a model, by projecting the n-dimensional cloud on a k-dimensional subspace, taking the k 

axes as factors, while the Cluster analysis reduces the number of statistical units, by grouping them into classes, 

such that the variance within classes is minimal and the variance between classes is maximal [1]. Cluster 

analysis groups individuals or objects into clusters so that objects in the same cluster are homogeneous and there 

is heterogeneity across clusters [2].  

Since similarity is fundamental to the definition of a cluster, a measure of the similarity between two patterns 

drawn from the same feature space is essential to most clustering procedures. Because of the variety of feature 

types and scales, the distance measure (or measures) must be chosen carefully. It is most common to calculate 

the dissimilarity between two patterns using a distance measure defined on the feature space. We will focus on 

the well-known distance measures used for patterns whose features are all continuous. The most popular metric 

for continuous features is the Euclidean distance is 

 
The Exploratory factor analysis (EFA) enables us to provide a linear model to a set of variables by latent factors. 

This requires three additional model assumptions viz., (i) The factors have zero mean, unit variance and are 
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uncorrelated,(ii) The error terms have zero mean and are uncorrelated, and (iii) The factors and error terms are 

uncorrelated [3]. 

Factor analysis is related to principal component analysis but not identical. Principal component 

analysis performs a variance-maximizing rotation of the variable space and it takes into account all variability in 

the variables. On the other hand, factor analysis estimates how much of the variability is due to common factors 

(so called “communality”). The two methods become essentially equivalent if the error terms in the factor 

analysis model (the variability not explained by common factors, communality) can be assumed to have the 

same variance[1]. 

The following are the steps involved in the PC based Factor Analysis: 

Step 1:  PCA produces weights for computing the principal components PC from the z' s 

Step 2: Factor analysis based on PC's uses these weights, PC scores to produce factor loadings L and factor 

scores FS to estimate factors, but only the first k are used  

Z = L(1) ∙ FS(1) + L(2) ∙ FS(2) +….  + L(k) ∙ FS(k) + u 

Step 3: loadings are combined as entries in a matrix are called the factor (pattern) matrix such that one row  is 

reserved for each standardized item z(each containing loadings on all k factors for that standardized item) and 

one column is reserved for each factor F (each containing loadings for all z's on that factor). 

Step 4: One row is reserved for each standardized item z such that each contains loadings on all k factors for that 

standardized item  

Step 5: one column is reserved for each factor F such that each contains loadings for all z's on that factor 

Factor Analysis Properties 

1. The loading L of z on F is the correlation between z and F 

2. The square of the loading L is the portion of the variance of z explained by F 

3. The sum of the square loadings over all factors is the portion of the variance of z explained by all the 

factors and this sum equals the communality of z 

4. The sum of the squared loadings over all z is the portion of the total variance explained by F and this 

sum equals the eigen value EV for F 

5. The correlation between any 2 z' s is the sum of the products of their loadings on each of the factors. 

A key feature in most clustering algorithms is that it treats the clustering problem as an optimization process that 

seeks to maximize or minimize a particular clustering criterion function defined over the entire clustering 

solution [8].  

II. Related Work 

Some of the recent works in this direction include [5][6]. In [7], the authors have made a focused study on 

outlier detection techniques developed in machine learning and statistical domains. In [8], the authors have 

compared three data mining methods: linear statistical methods, neural network method, and non-linear 

multivariate methods. An overview of application of data mining techniques such as decision tree, neural 

network, association rules, factor analysis and etc., in stock markets is presented in [9]. In [10], the authors have 

compared ridge regression, pair wise correlation method, forward selection, best subset selection, on 

quantitative structure retention relationship study based on multiple linear regression on predicting the retention 

indices for aliphatic alcohols. In [11], the authors have discussed about the outlier mining in medical databases 

by using statistical methods. In [12], the authors have compared least square regression, ridge and partial least 

square in the context of the varying calibration data size using only squared prediction errors as the only model 

comparison criteria. In [13], the authors utilized cluster analysis composed of 2 methods. In [14], the authors 

have done clustering and after letting the algorithm create its own clusters, added an additional step.  

The present work concentrates on clusters and PCA based factor analysis. The structure of the paper is as 

follows: Section I deals with an introduction to the subject. In section II an overview of the literature pertaining 

to the work is presented. Section III deals with data set description and Section IV deals with methodology. 

Section V deals with experiments and results and finally, the conclusions are presented in the last section. 

III. Data Set description 

The data set used in this study contains the records of 366 patients. This database contains 34 attributes, 33 of 

which are linear valued and one of them is nominal[15]. The differential diagnosis of erythemato-squamous 

disease is a real problem in dermatology. They all share the clinical features of   erythema and scaling, with very 

little differences. The diseases in this group are psoriasis, seboreic dermatitis, lichen planus, pityriasis rosea, 

cronic dermatitis, and pityriasis rubra pilaris. Patients are first evaluated clinically with 12 features. Afterwards, 

skin samples are taken for the evaluation of 22 histopathological features. The values of the histopathological 

features are determined by an analysis of the samples under a microscope. In the dataset constructed for this 

domain, the family history feature has the value 1 if any of these diseases has been observed in the family, and 0 

otherwise. The age feature simply represents the age of the patient. Every other feature (clinical and 
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histopathological) is given a degree in the range of 0 to 3. Here, 0 indicates that the feature is not present, 3 

indicates the largest amount possible, and 1, 2 indicate the relative intermediate values.  

The following are some of the important observations to be borne in mind while using the data in factor analysis 

since the very purpose of using factor analysis is to identifying the dimensions underlying the response 

(outcome) variables y: Observed values for the variables y are called manifest variables since they are available 

(ii) standardized variables z for the y are typically used (iii) the correlation matrix R for the z is modelled (iv) 

dimensions corresponding to variables F are called factors (v) observed values for the variables F are called 

latent variables since they are not available and (vi) most types of manifest variables can be used provided they 

have more than a few distinct values and an approximate bell-shaped distribution. 

 Factor analysis is used in many different application areas in particular in health sciences. It is usually applied 

to survey instrument data. 

IV. Methodology 

In this study, a detailed analysis pertaining to PCA based factor analysis (PBF) and clustering analysis is 

presented. The proposed algorithm for PBF is presented here along with the code. Further, the clustering 

analysis is performed by using the k-means clustering algorithm. 

Input : Dermatology dataset,  

Output : Rotation sum of squared loadings, Scatter-plot :Components vs eigen values. 

function (mat, factors=NULL, corrleation=TRUE) 

 { 

   princ ← princomp ( covmat = mat , corrleation = corrleation ) 

   eigen ← princ$sdev^2 

   if (is.null(factors)) factors ← sum ( eigen >= 1 )  

   loadings ← princ$loadings [ , 1:factors ] 

  coefficients ← loadings [ , 1:factors ] %*% diag ( princ$sdev[1:factors] ) 

   rotatedmat← varimax ( coefficients ) $ loadings 

   fct.s1  ← apply( rotated, 2 , function (x) sum (x^2) ) 

   pct.s1  ← fct.s1 / sum (eigen) 

   cum.s1 ← cumsum ( pct.ss ) 

   s1 ← t ( cbind ( fct.s1 , pct.s1, cum.s1 ) ) 

  return ( coefficients , rotated , s1 ) 

} 

 

V. Experiments and Results 

 

The algorithm is implemented on the dermatology data set and experimental results are tabulated. 

Table I    Component Matrix Table II   Rotated Component Matrix 

Component 

Attributes 1 2 3 4 5 6 7  

Erythema   .09 -

.07 

-

.01 

.23 -

.77 

.20 -

.25  

Scaling  .20 -

.27 

-

.30 

-

.45 

-

.25 

-

.20 

.21 

Definite 

borders 

.38 -

.26 

-

.26 

-

.43 

-

.15 

-

.23 

.10 

Itching  .26 -

.67 

-

.14  

.06 -

.17  

.02 .12 

Koebner  -

.37 

-

.28  

-

24 

.10 .33 -

.31 

-

.28 

Polygonal  -

.18 

-

.51 

.01 .01 .33 .35 -

.25 

Follicular  -

.58 

-

.73 

-

.10 

.14 .02 -

.06 

.07 

Scalp  .76 -

.14 

-

.32 

.17 .04 .03 .09 

Family  .78 -

.26 

-

.05 

.04 .08 .00 -

.09 

Melanin  .38 -

.01 

-

.38 

.11 .06 -

.04 

-

.20 

Eosinophils  -

.59 

-

.73 

-

.10 

.12 .00 -

.07 

.10 

Component 

Attributes 1 2 3 4 5 6 7  

Erythema   .10 -.04 -.04 .10 .82 .17 -.20 

Scaling  .13  .05 .03 .72 .06 -

.01 

-.06 

 

Definite 

borders 

.30 -.02 .03 .67 -.08 .02 -.08 

Itching  .51 .48 -.06 .22 .10 .04 -.19 

Koebner  -.21 

 

.39 -.21 -.03 -.15 .14 .53 

Polygonal  .10 .49 -.18 -.04 .05 -

.46 

.29 

Follicular  -.18 .93 -.06 .02 .03 .02 .01 

Scalp  .78 -.13 .31 .09 -.03 -

.01 

-.08 

Family  .80 -.13 .00 .19 -

.031 

-

.01 

.10 

Melanin  .36 -.10 .38 .18 .07 -

.05 

.16 

 

Eosinophils  -.18 

 

.94 -.07 .03 .03 .02 -.03 
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PNL  -

.17 

.04 .07 -

.38 

-

.12 

-

.39 

-

.42 

Fibrosis  .50 .02 .01 -

.53 

.17 -

.19 

.23 

Exocytosis  -

.13 

.40 .51 .52 -

.03 

-

.28 

.04 

Acanthosis  -

.73 

-

.01 

-

.20 

-

.29 

-

.07 

.07 -

.18 

Hyperkeratosis  .14 -

.25 

.12 .34 -

.36 

-

.58 

-

.01 

Parakeratosis  .27 .06 -

.03 

.27 .42 -

.11 

-

.40 

Clubbing  .53 -

.35 

-

.15 

.02 .12 -

.27 

.06 

Elongation  .89  -

.30 

.05 .08 .02 .07 .00 

Thinning  .76 -

.03 

.35 .31 -

.05 

-

.20 

.04 

Spongiform  .86 -

.30 

.06 .06 .03 .08 -

.04 

Munro  .58 -

.17 

.03 -

.25 

.14 -

.15 

.35 

Focal  .67 -

.26 

.08 .12 .22 .20 -

.29 

Vacuolization  .57 -

.30 

.03 .06 -

.29 

.32 -

.01 

Spongiosis  -

.59 

-

.72 

-

.09 

.14 .04 -

.06 

.11 

Perifolliculer  -

.02 

.32 -

.81 

.32 .00 -

.09 

.02 

Inflammatory  -

.01 

.34 -

.82 

.30 .01 -

.07 

.02 

Age  -

.60 

-

.71 

-

.09 

.14 .07 -

.02 

.09 

Class  .04 -

.29 

.46 -

.11 

-

.17 

.13 -

.05 

 

PNL  -.33  -.09 -.16 .52 .02 .17 .29 

 

Fibrosis  .31  -.31 -.12 .39 -.52 -

.03 

-.18 

 

Exocytosis  -.20 

 

-.23 -.14 -.57 .05 .56 .21 

Acanthosis  -.71 

 

 

.29 .05 .21 .11 -

.24 

.01  

Hyperkeratosis  .21 .19 -.02 .11 .16 .75 .04 

Parakeratosis  .28  

 

-.12 .18 -.10 -.06 -

.02 

.61 

Clubbing  .59 .11 .10 .24 -.22 .17 .05 

Elongation  .92 

 

-.15 -.10 .11 .00 .01 -.01 

Thinning  .72  -.31 -.19 -.01 .42 .42 .08 

Spongiform  .89 

 

-.15 -.11 .12 .01 -

.01 

.03 

Munro  .52  -.12 -.10 .19 -.44 .07 -.23 

Focal  .74  -.10 -.11 .03 .07 -

.20 

.31 

Vacuolization  .64  -.04 -.15 .08 .33 -

.11 

-.22 

Spongiosis  -.18  .94 -.06 -.01 .01 .02 -.01 

Perifolliculer  -.05 -.05 .92 -.01 -.09 .01 -.03 

Inflammatory  -.06  -.07 .93 -.01 .07 -

.02 

-.04 

Age  -.19  .93 -.07 -.03 .01 -

.03 

.01 

Class  .11  .09 -.56 .02 .15 .01 -.05 

 

From Table I, it is evident that the matrix of loadings consists of 29 rows (1 for each item z) and 7 columns (1 

for each factor F). The loadings are distributed as follows: 50% on factor 1 and 25% on factor 4. 

From Table II, it is clear that the highest load bearing factors are different for different attributes and is 

distributed in a random way. 
Table III   Communalities 

Attributes Initial Extraction Attributes Initial Extraction 

Erythema   1.00 .76 Hyperkeratosis  1.00 .67 

Scaling  1.00 .55 Parakeratosis  1.00 .50 

Definite 

borders 

1.00 .55 Clubbing  1.00 .51 

Itching  1.00 .59 Elongation  1.00 .89 

Koebner  1.00 .57 Thinning  1.00 .85 

Polygonal  1.00 .58 Spongiform  1.00 .85 

Follicular  1.00 -91 Munro  1.00 .59 

Scalp  1.00 .74 Focal  1.00 .71 

Family  1.00 .70 Vacuolization  1.00 .61 

Melanin  1.00 .35 Spongiosis  1.00 .92 

Eosinophils  1.00 .92 Perifolliculer  1.00 .86 

PNL  1.00 .53 Inflammatory  1.00 .88 

Fibrosis  1.00 .66 Age  1.00 .90 

Exocytosis  1.00 .79 Class  1.00 .36 

Acanthosis  1.00 .70    

 

From Table III , it is found that the Communalities started out as all 1's  since the PC method was used to extract 

factors. The new values are less than 1 as they should be when the number of factors is less than the number  of  

items. 



Srimani et al.,  International Journal of Emerging Technologies in Computational and Applied Sciences,  4(1), March-May 2013, pp. 15-20 

IJETCAS 13-103; © 2012, IJETCAS All Rights Reserved                                                                                                                      Page 19 

 

 

Table IV  Total Variance Explained 
 

 Initial Eigen values Extraction Sums of  Squared 

Loadings 

Rotation Sums of  Squared 

Loadings 

Components Total % of 

variance 

Cum 

ulative 

% 

Total % of 

variance 

Cumulative 

% 

Total % of 

variance 

Cum 

ulative 

% 

1 7.59 26.19 26.19 7.59 26.19 26.19 6.57 22.64 22.64 

2 4.12 14.21 40.40 4.12 14.21 40.40 4.65 16.03 38.67 

3 2.54 8.77 49.17 2.54 8.77 49.17 2.57 8.85 47.52 

4 1.93 6.66 55.83 1.93 6.66 55.83 2.06 7.11 54.63 

5 1.50 5.17 61.00 1.50 5.17 61.00 1.43 4.93 59.56 

6 1.30 4.48 65.48 1.30 4.48 65.48 1.49 5.14 64.70 

7 1.02 3.50 68.98 1.02 3.50 68.98 1.24 4.28 68.98 

8 .92 3.16 72.15 - - - - - - 

9 .87 3.00 75.15 - - - - - - 

10 .80 2.76 77.90 - - - - - - 

11 .74 2.54 80.44 - - - - - - 

12 .66 2.27 82.71 - - - - - - 

13 .63 2.17 84.88 - - - - - - 

14 .59 2.02 86.90 - - - - - - 

15 .55 1.89 88.79 - - - - - - 

16 .50 1.71 90.50 - - - - - - 

17 .45 1.56 92.06 - - - - - - 

18 .43 1.50 93.56 - - - - - - 

19 .32 1.09 94.64 - - - - - - 

20 .30 1.02 95.67 - - - - - - 

21 .27 .93 96.60 - - - - - - 

22 .25 .87 97.47 - - - - - - 

23 .25 .86 98.33 - - - - - - 

24 .10 .36 98.69 - - - - - - 

25 .10 .34 99.02 - - - - - - 

26 .09 .33 99.35 - - - - - - 

27 .07 .26 99.61 - - - - - - 

28 .06 .22 99.83 - - - - - - 

29 .05 .17 100.00 - - - - - - 

 

Each factor F has an associated eigen value EV which is called a characteristic root since it is a solution to the 

characteristic equation for the correlation matrix R. The sum of the eigen values over all factors equals the total 

variance. Hence, an eigen value measures how much of the total variance of the z's is accounted for by its 

associated factor (or PC). In fact, factors with larger eigen values contribute more towards explaining the total 

variance of the z's.  The eigen values at the start have the more important factors (or PC's) and are generated in 

decreasing order  – EV(1) ≥ EV(2) ≥ EV(3) ≥ - - - -. 

From Table IV, it is found that EV-one extracts 7 factors and these factors explain about 69% of the total 

variance. 

 
Figure 1  Scree Plot 

 

Here by scree plot(Fig.1)we mean that it is the debris at the bottom of a cliff ( i.e., a biggest change in the 

slope). Here it is between 4 & 5. 
Table V       Results of Clustering Analysis 

Cluster No. Instances 

0 72 ( 20%)    
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1     111 ( 30%)  

2   183 ( 50%)  

SSE is computed as: 

 
where Ck is the set of instances in cluster k; ¹k is the vector mean of cluster k. From Table V, it is found that the 

Sum of squared errors happens to be 556.43. 

VI.   Conclusion 

In order to facilitate clinicians to make better diagnosis for treatment purposes, data mining tools have been 

developed. Factor analysis is a statistical method used to describe variability among observed, correlated 

variables in terms of a potentially lower number of unobserved, uncorrelated variables called factors. Principal 

Components are weighed linear combination of correlated constructs which explain a maximal amount of 

variance of the variables which are uninterpretable. Factor analysis is related to principal component analysis 

(PCA), but the two are not identical. Latent variable models, including factor analysis, use regression modeling 

techniques to test hypotheses producing error terms, while PCA is a descriptive statistical technique. It is 

observed that factors are  underlying constructs with the following properties: (i) they are not directly measured 

(ii) they influence responses on measured variables, and (iii) they are influenced by the measurement 

error(unique factors). The difference between them are that Factor analysis reduces the number of variables 

describing a model, by projecting the n-dimensional cloud on a k-dimensional subspace, taking the k axes as 

factors, while the Cluster analysis reduces the number of statistical units, by grouping them into classes, such 

that the variance within classes is minimal and the variance between classes is maximal. This paper concentrates 

on the performance of data mining technique on dermatology data through PCA based factor and clustering 

analyses. An algorithm for PCA based factor analysis is proposed and is implemented on the data set. The 

results are found to be interesting and it is concluded that the results of the present investigation could be 

considered as an effective diagnostic tool for the dermatitis disease.  
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