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Introduction
Serum resistin known as adipose tissue-specific secretory factor is 

a  cysteine-rich  adipose-derived  peptide hormone that in humans is 
encoded by the RETN gene [1]. Its normal range in humans is from 7 
to 22 ng mL−1. The effects of leptin and adiponectin in various cancers 
have been summarized in many recent review and research articles [2-
5]. The role of resistin in the cancer development has been discussed 
in some recent review and research articles [6-10]. Recent article has 
shown that the interaction effect of resistin and BMI is positively 
associated with adiponectin, while both the marginal effects BMI and 
resistin are negatively associated. Role of resistin has been examined in 
different rodent models of diabetes and obesity. It has been reported 
that resistin levels have elevated in both diet-induced and genetically 
obese mice [11]. The cause for the imbalances in the measured resistin 
levels stays unclear, so there might be limitation to conduct animal 
models of obesity to test the role of resistin in tumor development [12]. 
Serum resistin genetics has been drawn considerable research interests 
[13]. It was reported that resistin gene polymorphism (-420°C>G) was 
associated with BMI, and the women carrying G-allele had lower BMI 
compared to women carrying C/C homozygotes [14].

The association of resistin with age, BMI, diabetes and breast cancer 
biomarkers all together have been little studied in medical literaure. 
Most of the cases it has been only studied using simple correlation and 
regression considering resistin with any other. The given data set is a 
multivariate data, and the association of resistin can only be determined 
by using probabilistic modeling with BMI, age, diabetes and other 
breast cancer biomarkers. This has been very little studied in medical 
literature, using the original properties of the data set. The article 
aims to focus the real associations of resistin with BMI, glucose, age, 
insulin and many other breast cancer biomarkers through probabilistic 
modeling. In addition, the effects of the explanatory factors on resistin 
have been examined in the report.

Materials and Statistical Methods
Materials

The article examines the association of resistin with BMI, glucose, 

age, insulin, and other breast cancer biomarkers with a real data set 
of 116 (52 healthy controls & 64 patients) subjects containing 10 (1 
attribute and 9 continuous) study variables, and the data set can be 
obtained from the UCI Machine Learning Repository. The data 
collection process, study population and covariates description have 
been clearly expressed in [15]. It has not been reproduced herein. For 
ready presenting the study variables in the article, they are reproduced 
as BMI (kg/m2), Age (years), Glucose (mg/dL), Insulin  (μU/mL), 
HOMA, Leptin (ng/mL), Adiponectin (μg /mL), Resistin (ng/mL), 
MCP-1 (pg/dL), Types of subjects (1=healthy controls; 2=patients).

Statistical methods

The associations of resistin with BMI, age diabetes and breast 
cancer biomarkers are examined in the report with the help of 
probabilistic modeling. The response resistin is continuous positive 
and heteroscedastic. It may be modeled by variance stabilization 
transformation, if the variance is stabilized with the transformation. 
But it is not stabilized with any suitable transformation. Therefore, 
it can be modeled with the help of Joint Generalized Linear Models 
(JGLMs) under Gamma and Log-normal distributions. JGLMs have 
been described in many books and research articles [16-19]. Therefore, 
it is not restated herein. Interested readers may go through.

Statistical and graphical analysis

The response resistin is modeled by JGLMs using both the 
distributions, and it is treated as the dependent variable, and the rest 
others are treated as the explanatory variables. The final model has been 
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chosen based on the lowest Akaike Information Criterion (AIC) value 
(within each class), which minimizes both the squared error loss and 
predicted additive errors [20]. In the mean model some insignificant 
effects such as BMI, Glucose, Leptin and Adiponectin are included  due 
to marginality rule given by Nelder, which indicates that if the joint 
interaction effect is significant (or partially significant), then their 
marginal effects should be included in the model. Similarly, in the 
variance model,   BMI and Adiponectin are included. In Epidemiology, 
partially significant effects are known as confounders. Following, 
Epidemiology, some partially significant factors (around 15%) are 
included in the model as confounder. Note that for better fit, some 
insignificant or partially significant factors should be included in the 
model. Resistin analysis JGLM results for both the Log-normal and 
Gamma models are displayed in Table 1. Based on AIC rule, Gamma 
model (AIC=729.369) shows better fit than Log-normal (AIC=731.2).

Final fitted model presents all valid interpretations. Therefore, it 
should be selected by examining with model diagnostic tools, namely 
graphical analysis. Gamma fitted resistin model is the final selected 
model based on AIC value. It has been examined using residuals & 
normal probability plots in Figure 1. The absolute residuals are plotted 
against the resistin Gamma fitted values in (Figure 1a), which is almost 
flat line with the running means, except the right tail. Right tail is 
increasing due to a larger value located at the right boundary. (Figure 
1b) reveals the normal probability plot for the resistin Gamma fitted 
mean model, which shows no discrepancy in fitting. Both the plots 
show that resistin fitted Gamma model is approximately identical to 
the true unknown model.

Results 
The summarized results of resistin analysis for both Log-normal 

and Gamma fitted models are presented, it is noted that mean resistin 
is positively associated with Monocyte Chemoattractant Protein-1 

(MCP-1) (p<0.0001), types of patients (p<0.0001), interaction effect 
of body mass index (BMI) and leptin (BMI*Leptin) (p=0.0415), 
Homeostasis Model Assessment Score (HOMA)*Age (p=0.1059), 
Adiponectin (p=0.1111), while it is negatively associated with 
HOMA (p=0.0698), Age (p=0.1249), Leptin*Adiponectin (p=0.0736), 
Glucose*Adiponectin (p=0.1007). Variance of resistin is positively 
associated with types of patients (p=0.0114), BMI (p=0.0942), Leptin 
(p=0.1566), Adiponectin (p=0.2020). While it is negatively associated 
with BMI*Adiponectin (p=0.1518). 

Gamma fitted Resistin mean (µ̂ ) model is µ̂ =exp( 1.6651 - 0.0052 
Age – 0.0306 Leptin + 0.0888 Adiponectin + 0.0007 MCP-1 + 0.5421 
Types of patient – 0.1087 HOMA + 0.0015 Age*HOMA - 0.0028 BMI 
+ 0.0014 BMI*Leptin + 0.0068 Glucose- 0.0010 Glucose*Adiponectin 
- 0.0009 Leptin*Adiponectin), and Gamma fitted Resistin variance ( 2σ̂ )  
model is 2σ̂ =exp(-4.8464 + 0.0129 Leptin + 0.7971 Types of patients + 
0.1090 BMI + 0.1885 Adiponectin – 0.0083 BMI*Adiponectin). 

The above two equations show the mean & variance relationship 
of resistin with the remaining covariates. It is found that mean 
resistin is expressed by Age, Leptin, Adiponectin, MCP-1, Types 
of patients, HOMA, Age*HOMA, BMI, BMI*Leptin, Glucose, 
Glucose*Adiponectin, Leptin*Adiponectin, while its variance is 
explained by Leptin, Types of patients, BMI, Adiponectin, and 
BMI*Adiponectin. Note that both mean and variance of resistin are 
modeled simultaneously by iterative method. Using t-statistics, the 
significance of regression coefficients are tested (Table 1).

Discussion
Final fitted resistin analysis results are given in, and also its mean 

and variance models are given above. The above two resistin models 
conclude the following. It is found that mean resistin is negatively 
(partially significant) associated with age (p=0.1249), implying that 
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Figure 1: For the resistin Gamma fitted models (Table 1). (a) Absolute residuals plot with respect to resistin fitted values; (b) The normal probability resistin 
mean model plot.
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younger women must have higher resistin levels than older. It is also 
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