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Abstract: Regression analysis is one of the most common models for investigating the relationship between
two or more independent and dependent variables. Multi-collinearity is a major factor creating biased analysis
of these variables. The current research strives to reduce and minimize Multi-collinearity of data using two
methods  of  analyzing latent data: Principal Component  Analysis and Singular Component Decomposition.
This study examines 500 obese or overweight subjects selected among those who referred to nutrition clinics
in Kermanshah. Thus, 12 variables possibly related to weight loss are measured based on which a regression
model is conducted. Then, using the way to reduce dimensions, we redesigned the regression model to compare
the models’ efficiency considering standard error and deviation of the actual value. Standard error of the
obtained regression model, after reducing dimension, decreased significantly as compared to before. Mean and
standard deviation of the difference between derived regression value from the actual value of response
variable, after implementation of the two methods for analyzing principal components, is -0.0254±3.829 and
0.863±4.47, respectively. Doing analysis by three factors and Singular Component Decomposition with two
factors contained 92.2% and 79.7% of data changes, respectively. Considering the two ways of dimensionality
reduction in comparison with the control status, the obtained results are far more effective with less standard
deviation. For analyzing weight loss data, principal component analysis gave better results than Singular
Component Decomposition. 
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INTRODUCTION relationship among  independent variables i.e. Multi-

Nowadays, data and information obtained from decreases efficiency of a model fitted to data. Dimension
scientific research and findings are complicated and reduction with latent variable is a way to deal with such
multidimensional [1] so we face with large volume of data adverse effects [3].
while recording health-related,  naturally  unstructured Dimension reduction refers to transferring data from
and complicated real event logs [2]. When there are many a set of strongly related variables to a set of uncorrelated
of explanatory  variables of interest the efficiency of variables [4]. Dimension reduction is useful and often
model reduces especially if there are also strong necessary for regression models containing large number\

collinearity. Multi-collinearityincreases standard error and
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of predictive variables [5]. Latent variable which is In doing so, we used a difference between two variable of
becoming inclusive and an integral part of statistics is a weight in the third month (real value) to predict a
random variable that real value of which is latent since it regression model for weight in the third month for each of
is a combination of other variables [6, 7]. Some of these the above mentioned models. 
Dimension reduction techniques are Singular Component SVD provides decomposition for matrix  defined
Decomposition (SVD) and Principal Component Analysis as . The eigenvectors of  make up
(PCA) [1]. the columns of U matrix. S is a diagonal matrix and

Todays, obesity is recognized as a chronic, high risk diagonal entries of it are square roots of eigenvalues from
disease. Almost 65% of adults in USA are fat or . V is a matrix in which eigenvectors of  make up
overweight and about half of the adult population has the columns [1].
tried  losing  weight  during  a  period  in  their  life  [8]. Principal component analysis is probably the oldest
The prevalence of overweight and obesity is increasing and best known of the techniques of multivariate analysis,
worldwide and body weight is closely associated with first introduced by Pearson and developed independently
mortality and morbidity. Obesity has also been known as by Hotelling. PCA is a dimension reduction technique that
an important risk factor of cardiovascular  disease  [9]. uses variance and orthogonal vectors. The advantages of
Weight loss through diet is known to have beneficial PCA are identifying patterns in data and expressing the
health effects [10]. data in such a way as to highlight their similarities and

The aim of present research  was  to  compare differences [1]. 
possible   variables    associated    with    weight  loss in
the  outcomes  of  the   two   dimension  reduction RESULTS
methods implemented on 500 referees of a clinic in
Kermanshah. Pairwise correlation values obtained for the

MATERIALS AND METHODS statistically significant (Table 1). Analyzing the significant

This study examines 500 obese or overweight significant in the regression model indicates that they are
subjects selected among those who referred to a nutrition all >10 except for age and fatness. It means that
clinic in Kermanshah (BMI >27). For every subject in this independent variables are strongly related and there is
experiment  the  following  criteria are evaluated: age, Multi-collinearity.
body mass index (BMI), weight at the first month Analysis of regression model, regardless of
(weight1), weight  at  the  second  month (weight2), dimension reduction techniques, indicates that only 6 out
weight at the third month (weight3), soft lean mass (SLM), of 12 independent variables, including MBF, LBM, PBF,
total body water (TBW), lean body mass (LBM), fatness, Fatness, Weight1 and Weight2 have significant
percent of body fat (PBF) and mass of body fat (MBF). coefficient  at  0.05 and, as compared to the actual value
Then, after implementing two dimension reduction of the weights at the third month (84.71 ± 14.62), the
techniques, SVD and PCA, we used regression analysis. resulting regression model gives wrong approximation of
The regression model derived from these techniques is weight in the third month (33.88 ± 12.72) (Table 2).
then compared with a simple regression model, on which After applying SVD, we would have two factors as
dimensionality    reduction   techniques   are   not  applied. follows (Table 3):

independent variables indicate that most of them are

coefficients of variance inflation (VIF) which are

Table 1: Correlation coefficient of independent variables 
Variable Age BMI Height PBF MBF LBM TBW SLM Fatness Weight1 P-value VIF
Age 1 0.584 1.112
BMI -0.03 1 0.357 87.87
Height -0.25 0.035 1 0.444 55.39
 PBF 0.091 0.531 -0.5 1 0.000 49.21
MBF -0.06 0.873 0.214 0.634 1 0.000 70.44
LBM -0.16 0.501 0.812 -0.28 0.55 1 0.000 49.4
TBW -0.16 0.501 0.813 -0.28 0.55 1 1 0.372 76528
SLM -0.16 0.475 0.822 -0.32 0.52 0.999 0.999 1 0.097 59361
Fatness -0.02 0.326 0.01 0.253 0.312 0.193 0.193 0.184 1 0.009 1.475
Weight1 -0.17 0.785 0.64 0.097 0.801 0.89 0.89 0.877 0.26 1 0.001 188.4
Weight2 0.158 0.774 0.634 0.113 0.807 0.879 0.879 0.864 0.251 0.99 0.000 40.63
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Table 2: Coefficient of regression model regardless of dimension reduction techniques
Variable Coefficient Standard Coefficient Standard Error P-value VIF
intercept 28.741 ----- 20.603 0.164 _
Age -0.008 -0.005 0.014 0.584 1.116
BMI 0.233 0.076 0.253 0.357 87.872
Height 0.086 0.05 0.112 0.444 55.39
PBF -1.049 -0.314 0.207 < 0.001 49.21
MBF 0.577 0.333 0.128 < 0.001 70.442
LBM -0.365 -0.269 0.084 < 0.001 49.4
Fatness 0.02 0.028 0.008 0.009 1.476
Weight1 -0.341 -0.387 0.107 0.001 188.44
Weight2 1.199 1.265 0.053 < 0.001 40.63
TBW* -2.183 - - 0.372 76528.23
SLM* -3.572 - - 0.097 59361.37

Table 3: Coefficients of model after apply SVD dimension reduction technique
Factor coefficient standard coefficient P-value VIF Variance (Eigen value) contribution of each factor to variance adjusted R2

intercept -12.701 _ < 0.001 _ _ _ 0.91
F1_SVD -0.009 -0.944 < 0.001 1.003 3145.5 57.3
F2_SVD -0.003 -0.088 < 0.001 1.003 1230 22.4

Table 4: Coefficients of regression model using PCA method
Factor Coefficient Standard coefficient Standard error P-value VIF Variance (Eigen value) Percent Contribution adjusted R2

intercept -4.28 - 1.208 < 0.001 - - - 0.93
F1_PCA -0.469 -0.95 0.006 < 0.001 1.003 879.4 59.34
F2_PCA -0.122 -0.163 0.009 < 0.001 1.004 377.3 25.46
F3_PCA -0.201 -0.144 0.016 < 0.001 1.001 109.7 7.4

A total contribution of each factor to variance is F1 = 57/3% and F2 = 22/40% (P<0.001). As third factor is not
significant (P=0.190), the resulting regression model is as follows: 

The obtained accuracy of this method and the difference between the resultant model and weight at the third month
is 0.863 ± 4.47.

Using PCA method (Table 4), the following factors would be obtained:
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This accounts for 92.2% of changes in variance. These three factors with aadjusted coefficient of determination, 0.93
(P-value < 0.001), result in a regression model as follows:

The obtained accuracy using this method and the organization maps. Algorithm of all these methods is
difference between the resulting model and weight at the associated with neural network models in which a loop is
third month is –0.0254±3.829. used to converge the result [1]. 

In order to determine the efficiency of nutrition diet Once data are multi-collinear, dimension reduction
on test cases, we checked the weight differences between techniques are of high priority. Using Multi-collinearity
the first and third month which was significant at 0.001. data, both techniques with two factors ends up with

DISCUSSION AND CONCLUSIONS 12 variables, with PCA as method for analyzing data,

This study indicates that the results obtained from determination and less mean and variance for measuring
the implemented dimension reduction techniques are far variable, seems to be better than SVD. Significant
better than simple regression model which was expected variables in the regression model of the third month are:
with regard to Multi-collinearity of variables. Having in percent  of  body  fat  (PBF), mass  of  body fat (MBF),
mind that PCA is a special type of SVD, similar outcome lean body mass (LBM), fatness, weight1 and weight2
of the two methods is not far-fetched which is proved in (weight at the first and second month).
this research. PCA, with a little difference, has a priority to
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