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Abstract 

Background: 

Comparison of LASSO, smoothly clipped absolute deviation (SCAD) and minimax concave penalty 

(MCP) logistic classifiers in order to reconnaissance of related genes with COPD disease and 

assessing the genes effects on the progression of the disease based on one of the main classes 

of cells involved in the disease, Sputum Cells.  

 We used a genome-wide expression profiling to define gene networks relevant to the disease. 

The data retrieved from Gene Expression Omnibus (GEO) with accession numbers "GSE22148". 

From 143 samples in GOLD stage 2-4 COPD ex-smokers, 54,675 probes primary were assessed. 

After normalization, LASSO, SCAD and MCP logistic regressions were applied. K-fold cross-

validation scheme was used to evaluate the performance of two methods. All of the 

computational processes were done using "ncvreg", "Affy," "Limma" and "SVA" R packages.  

Results: 

The results of LASSO (AUC=0.95, sensitivity= 0.91, specificity= 0.86) and SCAD (AUC=0.97, 

sensitivity= 0.95, specificity= 0.85) logistic regression were almost similar. There were 23 and 22 

significantly associated genes for LASSO and SCAD, respectively. The only difference between 

these models is related to "stromal interaction molecule 2". Comparing to MCP approach, the 

most conservative method, we detected only 7 significant genes (AUC= 0.94, sensitivity= 0.94, 

specificity= 0.82). 

Conclusions: 

In the present study, the relative expressions of thousands of the genes were assessed and 

identified as associated genes with the progression of COPD. Differential analysis of gene 

expression data is able to reduce the number of genes but in a limited manner. In order to find 

an efficient and small subset of genes, we should use alternative approaches like logistic 

regression. Regularization solves the high dimensionality problem in using this kind of regression.  
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1. Background 

    Chronic obstructive pulmonary disease (COPD) is a progressive inflammatory disease mostly 

characterized by airway obstruction and is predicted to be among the first three causes of death 

worldwide by 2030 (1). General exhibitions include emphysema, small airway obstructions, and 

chronic bronchitis. In a healthy airway and alveolar development background, smoking is the 

first-line risk factors followed closely by the history of maternal/paternal asthma, maternal 

smoking, and childhood asthma or respiratory infections. Polluted air, second-hand smoking, and 

malnutrition could also lead to COPD in the susceptible population (2).  

COPD is a complex disease and besides the environmental factors, the disease course is 

dependent on interactions between different genes. DNA microarrays now permit scientists to 

screen thousands of genes simultaneously and determine whether the expression pattern of 

these genes changes in normal and COPD tissue. So, new analytical methods must be developed 

for selecting genes related to COPD. Since there are numerous allele variants involved in COPD, 

single nucleotide polymorphism (SNP) has been vastly used and shown numerous susceptibility 

regions on the genome (3, 4). Therefore, the associations between the genomics and the disease 

incidence and progression could be studied more precisely through machine-learning techniques 

(5). Also, network medicine has been introduced for facilitating the investigations on genomics, 

transcriptomics, proteomics, and other "–omics" to cast a more elucidating light on the 

complexity of the pathogenesis of diseases like COPD (6). One of the properties of microarray 

data is that the number of genes (p) exceeds the number of samples (n). They are dealing with 

the situation, which is commonly known as the high dimensional dataset. However, logistic 
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regression as a highly appropriate classification tool for such high dimensional datasets from the 

microarray technique has a few drawbacks, such as the emergence of irrelevant data (7, 8). 

Moreover, regression analysis has been established to tend to overlook the multicollinearity 

problem (strong correlation between two or more than two genes in the regression model) (9). 

So, overfitting and multicollinearity are the most common problems that arise in high-

dimensional data when applying statistical classification and prediction methods (10). Nowadays, 

researchers update, improve, and optimize the models such as the LASSO, minimax concave 

penalty (MCP), and smoothly clipped absolute deviation (SCAD) to introduce statistical learning 

models to overcome this issue. Penalized Logistic Regression models represent spares and 

interpretable model in high dimensional datasets and control the multicollinearity (7, 8). Up until 

now, there has been no study on -omics data integration on COPD with these approaches.   

Although LASSO has many excellent properties, it is a biased estimator, and this bias does not 

necessarily go away as increases. The bias of the LASSO estimate for a truly non-zero variable is 

constant even for large regression coefficients. One approach to reducing the bias of the LASSO 

is to use the weighted penalty approach. If we choose the weights in such a way that the variables 

with large coefficients have smaller weights, then we can reduce the estimation bias of the 

LASSO. It is the motivation of adaptive LASSO approaches. The SCAD penalty retains the 

penalization rate (and bias) of the LASSO for small coefficients, but continuously relaxes the rate 

of penalization as the absolute value of the coefficient increases. The idea behind the MCP is very 

similar. In comparison to SCAD, however, the MCP relaxes the penalization rate immediately 

while with the SCAD, the rate remains flat for a while before decreasing. 
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On the other hand, from a biological perspective, only a small subset of genes is strongly 

indicative of the target disease, and most genes are irrelevant to COPD classification and 

prediction (5). To fill this gap, the present study designed to apply statistical-learning methods 

for better understanding the genetic etiology in COPD affected by smoking habit. LASSO, MCP, 

and SCAD logistic regression applied to identify the most important genes related to GOLD stage 

2-4 COPD ex-smokers.  

 

2. Results 

2.1. Differential analysis of genes expression data 

Differential analysis was performed on the expression profiling of 54675 probes by the array. The 

expression profilings of the probes were extracted from 143 patients in GOLD stage 2-4 COPD. 

The results of the differential analysis showed significant expressions for the top 250 genes after 

adjusting � values by the Benjamini-Hochberg-FDR correction at α =0.05 (More details shown in 

additional file 1).  

2.2. Gene selection and prediction 

Based on the LASSO logistic regression, 24 genes significantly affect COPD severity (Table 1). The 

results of MCP and SCAD models are also presented in Table 1. The MCP model is the most 

conservative one and shows only seven genes as significant. The results of SCAD and LASSO 

models were similar except for one gene, "stromal interaction molecule 2", which was not 

significant in the SCAD model (p-value=0.074). While SCAD logistic classifier had the highest AUC 
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(0.97, 95% CI=0.95-0.98), sensitivity (95%), specificity (85%), and Youden index (0.81), LASSO 

logistic classifier had AUC (0.95, 95% CI=0.92-0.96), sensitivity (91%), specificity (86%) and 

Youden index (0.78). The ROC curves for the three approaches are depucted in figure 1. The 

difference between LASSO and SCAD accuracy indices was not significant (p-value=0.39). 

Conversely, MCP logistic classifier showed the lowest AUC (0.94, 95% CI=0.91-0.95), sensitivity 

(94%), specificity (82%) and Youden index (0.76). Based on the SCAD logistic regression results, 

the most important selected genes were RNF130, SLC38A2, STX6, PLCB1, LOC102724382, 

ZNF33A, LOC100288675, ESYT2, LARP4B, CACNA1G, LOC100507634, TAF15, LINC00693, 

TMEM182, PRDX2, PELP1, LAMA1, RPIA, and AMOTL1.  

Consequently, 24 candidate genes identified here were associated with the progression of COPD 

by these classifiers. Based on their patterns of co-expression for twenty-four candidate genes by 

the heatmap plot for hierarchical clustering showed that all of the candidate genes were divided 

into the two major clusters (Figure 2).  

Figure 3 summarizes the results' overlaps of the gene selection between these classifiers. 

According to this figure, the MCP model, in contrast to other models, showed the "Caldesmon 1" 

as the only significant gene in this classifier. 
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3. Discussion  

Chronic Obstructive Pulmonary Disease (COPD) is a progressive life-threatening lung disease that 

causes breathlessness, and it was the fifth leading cause of death in 2002 (11). This disease 

continues to be a significant cause of morbidity, mortality, and health-care costs worldwide (12). 

Total deaths from COPD are projected to increase by more than 30% in the next ten years unless 

urgent action is taken to reduce the underlying risk factors, especially tobacco consumption. The 

global burden of the disease study reports a prevalence of 251 million cases of COPD in 2016, 

worldwide. Estimates show that COPD becomes the third leading cause of death in 2017, 

worldwide. Recent studies have indicated that the occurrence of lung cancer is a multiple-factors 

and multiple-step process, and it is the result of interaction between genetic and environmental 

exposure factors (13). COPD is a complex disease that is influenced by genetic factors, 

environmental influences, and genotype-environment interactions. Genotype-environment 

interactions have been of interest to geneticists for decades (14). The main risk factors for COPD 

included smoking, indoor air pollution, outdoor air pollution, genetic factors, and occupational 

dust and chemicals. Some cases of COPD are due to long-term asthma.  

In this study, we also identified 24 significant genes associated with COPD progression. That may 

represent novel biomarkers in the prognosis of COPD. In our analyses, the most significantly 

regulated novel genes were: RNF130, SLC38A2, STX6, PLCB1, LOC102724382, ZNF33A, 

LOC100288675, ESYT2, LARP4B, CACNA1G, LOC100507634, TAF15, LINC00693, TMEM182, 

PRDX2, PELP1, LAMA1, RPIA, STIM2, AMOTL1, and CALD1 based on the Z scores.  
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Stromal interaction molecules, STIM2, is a regulator of store-operated calcium (Ca2+) entry as 

well as basal cytoplasmic Ca2+ levels in human cells (15). As is known, E2 exposure inhibited 

STIM1 translocation in airway epithelia, preventing SOCE. E2 can signal non genomically by 

inhibiting basal phosphorylation of STIM1, and STIM2, leading to a reduction in SOCE (16). 

Another study showed that STIM1 and STIM2 were significant as up-regulated genes versus 

healthy controls and healthy smokers (17). Also, AMOTL1 via the activation of LKB1/AMPK 

signaling and IFN-γ-induced hyperpermeability of cultured human lung microvascular endothelial 

cells by maintaining the levels of AmotL1 is related to lung function (18). Angiomotin Like one 

and caldesmon, one both have a role in involvement in Adhesion and Cell Motility in lung airway 

and alveolars and may have a role in obstruction of the airway by a problem in the expulsion of 

produced mucosa and destruction of alveolar walls or spasm in small airways (19). The STIM2 

and AMOTL1 were selected as the most important genes in this study may reveal these genes as 

a novel target in the treatment of COPD (20). Also, caldesmon one gene (CALD1) as a novel gene 

associated with both the overall survival and the disease-free survival in bladder cancer patients 

(21), diabetic nephropathy (22, 23), and glioma neovascularization (24). RNF130, ring finger 

protein 130, is a candidate gene for Endoplasmic reticulum-associated degradation using 

phylogenetic tree analysis (25). RNF130 is involved in the pathogenesis of gestational 

trophoblastic diseases (26). CALD1 and RNF130 genes are not previously detected in COPD 

studies that may represent novel biomarkers in the diagnosis or prognosis of COPD. However, 

STX6 is involved in diverse cellular functions in a variety of cell types and has been shown to 

regulate many intracellular membrane trafficking events such as endocytosis, recycling, and 

anterograde and retrograde trafficking. The oncogenic roles of STX6 in the progression of 
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esophageal squamous cell carcinoma (ESCC) is established, and it might be a valuable target for 

ESCC therapy (27). An Epigenome-Wide Association Study found that STX6 may one of genes that 

associated with atopic asthma. They also reported that STX6 may has a role in methylate process 

that is seen in this disease (28)  

In other studies, the association between PLCB1 and the decrease of FEV1 and FEV1/FVC in their 

participation was shown (29). Another study reported that PLCB1 at least in two pedigree with 

severe COPD was observed (30) Other group found an association between ZNF33A gen and 

remission from asthma(31) LARP4B is a target gene of miR106 inhibition of miR‑106b that 

suppressed the mRNA and protein expression of cancer‑related genes (32). Syntaxin 6 may have 

a role in regulating neutrophil secondary granule exocytosis also stimulation of cells by Ca2+. This 

role may be effective in the inflammatory process that results in obstruction in airways in COPD 

(33).  

Chronic obstructive pulmonary disease is a progressive health problem that is accompanied by 

dyspnea, cough, and sputum production. Dyspnea is caused by two mechanisms: 1) alveolar cell 

destruction and inability to the alveolar wall to maintain their structure and decrease available 

respiratory gases exchange surface area, and 2) inflammation of airways that causes narrowing 

of small airways, and this can result in a problem in the passing of air in the small airways. Several 

molecular pathophysiologic pathways induce similar clinical symptoms and signs, such as 

limitations in pulmonary function and caught. The studies were shown that chronic inflammation 

and an increase of oxidative stress by smoking might have a role in the progression of COPD. The 

inflammatory cells could release mediators, such as proteases and cytokines; these mediators 

may contribute to tissue remodeling. Chemoattractant factors, chemokines, and attract 
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additional inflammatory cells to pulmonary tissue: epithelial and proinflammatory cytokines, 

chemokines, and other mediators (34). 

It seems that two main mechanisms participate in the development of COPD, and several genes 

may involve in these processes. The first mechanism is oxidative stress and response of immune 

cells such as neutrophils, CD4, and CD8 lymphocytes and macrophages, which have an important 

role in this inflammatory process.  It is reported that macrophage 5- 10 times increased in 

airways, lung parenchyma, BAL fluid, and sputum in patients with COPD (35). Gens such as 

AMOTL1, Syntaxin 6, and PRX2 may have a role in inflammation or oxidative stress response. 

Some other genes, such as Cacna1g and smooth muscles that existed in small airways. Some 

genes, such as CALD1, may have a role in the maintenance of cell members and may in the 

destruction of alveolars walls. And another mechanism may induce by these genes may 

production of glycoprotein s and amyloids that help to obstruct the small airways. 

Regularization-based logistic regression models (e.g., LASSO, MCP, and SCAD) have already been 

used widely in microarray analysis (36). In this study, based on 10-fold cross-validation, the SCAD 

and LASSO regularized logistic regression models were found to perform better than the MCP 

logistic regression. LASSO has satisfying properties, and it is good for simultaneous estimation 

and eliminating trivial genes but is not good for grouped selection in microarray data. Our 

previous study showed that  LASSO-based methods' (e.g., elastic-net) penalty are useful for gene 

selection in microarray COPD data (37). However, it is known that LASSO requires rather stringent 

conditions on the design matrix to be variable selection consistent (38). Non-convex penalized 

high-dimensional regression has recently received considerable attention to focus on identifying 
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the unknown sparsity pattern,. We recommended the SCAD penalty, which enjoys the oracle 

property for variable selection. In this study, SCAD regularized logistic regression models was 

found to perform better than LASSO. The performance of the MCP procedure is satisfactory, but 

its optimal performance depends on the tuning parameter (39). In this study, MCP is the most 

conservative method for gene selection. In microarray data classification, SCAD regularized 

logistic regression may provide a useful methodology for future studies in the discovery of novel 

diagnostic- and prognostic biomarkers and novel therapeutic targets in the treatment of COPD.  

 

4. Conclusion 

In the present study, the relative expressions of thousands of the genes were assessed and 

identified as associated genes with the progression of COPD. Differential analysis of gene 

expression data is able to reduce the number of genes but in a limited manner. In order to find 

an efficient and small subset of genes, we should use alternative approaches like logistic 

regression. Regularization solves the high dimensionality problem in using this kind of regression.  

In this dataset, SCAD logistic regression, with a lot of advantages in theoretical, computational, 

and practical aspects, had a higher accuracy rate than LASSO and MCP penalties and might be 

useful for diagnosis or suitable intervention for COPD. 
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5. Methods 

5.1. Study population and dataset 

      The raw data of gene expression architecture in the small airway epithelium (SAE) of COPD 

retrieved from the Gene Expression Omnibus (GEO) site in the National Center of Biotechnology 

Information (NCBI) database (3), with the accession number "GSE22148", with 54,675 probes 

from 143 patients in GOLD stage 2-4 COPD. Genome-wide gene expression analysis performed 

using Affymetrix Human Genome U133 Plus 2.0 array (GPL570) (40).    

  In that study, two sputum studies were performed in GOLD stage 2-4 COPD ex-smokers from 

the ECLIPSE cohort. First, gene array profiling at baseline for 1480 patients was performed. One 

year later, samples from a separate population of 176 patients were used for real-time PCR. The 

gene expression findings for IL-18R were further analyzed using immunohistochemistry in lung 

tissue and induced sputum samples from patients outside the ECLIPSE cohort. 

 5.2. Normalization and filtering of primary probes 

The "sva" and "affy" packages were used respectively for removing batch effects and other 

unwanted variations in data and for statistical comparisons (41, 42). Also, the standardization 

and normalization in the "limma" package performed (43).  In addition, differential analysis of 

genes expression data was conducted using the adjusted P-value based on the Benjamini-

Hochberg-FDR correction at α =0.05. All statistical analyses performed using R version 3.5.2 (44).  
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5.3. LASSO, MCP, and SCAD logistic regressions 

       The ridge regression adds squared magnitude of coefficients as  penalty term to regularize 

parameters. All of the estimated coefficients are non-zero, so no gene selection is performed. 

However, LASSO regression uses the absolute value of magnitude of coefficient as  penalty term 

instead (Equation 1), and hence provide automatic gene selection. On the other hand, the ridge 

penalty tends to shrink the coefficients of correlated variables toward each other, which is good 

for multicollinearity and grouped selection. However, the LASSO penalty is somewhat indifferent 

to the choice among a set of strong but correlated variables. Therefore, LASSO is good for 

simultaneous estimation and eliminating trivial genes but not for grouped selection. However, it 

is known that LASSO requires rather stringent conditions on the design matrix to be variable 

selection consistent (38). 

������(�|�) = �|�|      (Equation 1) 

Non-convex penalized high-dimensional regression has recently received considerable attention, 

especially for identifying the unknown sparsity pattern. Fan and Li recommended the SCAD 

penalty, which enjoys the oracle property for variable selection (45). It can estimate the zero 

coefficients as exact zero with probability approaching one and estimate the non-zero 

coefficients as efficiently as if the true sparsity pattern is known in advance (Equation 2) (46).  

�����(�|�. �) = ⎩⎪⎨
⎪⎧ �|�| �� |�| ≤ ����|�|�������(���) �� � < |�| < ����(���)� �� |�| ≥ ��      (Equation 2) 
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Zang proposed MCP and devised a novel PLUS algorithm which, when used together, can achieve 

the oracle property under certain regularity conditions (Equation 3) (47). The mentioned logistic 

classifiers were done by "ncvreg" R packages (48). 

����(�; �) = ��|�| − ���� �� |�| ≤ ���� ��� �� |�| > ��                   (Equation 3) 

 

5.4. Cross-validation, Stability, and Accuracy   

      K-fold cross-validation scheme (K-CV) is a very commonly employed technique used to 

evaluate classifier performance. K-CV estimation of the error is the average value of the errors 

committed in each fold. Thus, the K-CV error estimator depends on two factors: the training set 

and the partition into folds (49). In the present study, the algorithms split the data set by using 

100 times repeated random sub-sampling in 10-fold cross-validation, permuting the sample 

labels every time. The cross-validated performance is summarized by observed sensitivity and 

specificity and the Youden index. Furthermore, the area under the Receiver Operator 

Characteristic (ROC) curve (AUC) was used to calculate the accuracy of classifiers' performance 

(50, 51). We used “cv.ncvreg”  and “roc” function in “ncvreg”  and “pROC” R packages (52) for K-

CV and ROC analysis respectively. 
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5.5. Interactive Cluster Heatmap 

A heatmap is a popular graphical method for visualizing high-dimensional data. Rows and 

columns are sorted using a hierarchical clustering technique (53). The interactive cluster heatmap 

was applied by the "heatmaply" R package (54).   
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Figure legend: 

Figure 1: The ROC curves for logist regressions using LASSO, SCAD, and MCP regularization. 

Figure 2: Spearman's rank correlation, co-expression matrix between the selected genes: 

heatmap for hierarchical clustering the twenty-four candidate genes based on their pattern of 

gene expression. 

Figure 3: Overlapping between LASSO, SCAD, and MCP regularized logistic regressions for genes 

selection 
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Figure 1: The ROC curves for logist regressions using LASSO, SCAD, and MCP regularization. 
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Figure 2: Spearman's rank correlation, co-expression matrix between the selected genes: 

heatmap for hierarchical clustering the twenty-four candidate genes based on their pattern of 

gene expression. 
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Figure 3: Overlapping between 3 methods of logistic regression for genes selection 
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Table 1: Results of gene selection by Lasso, SCAD and MCP logistic regression 

Gene symbol Gene title 
Gene ID LASSO  SCAD  MCP 

Estimate z P-value OR  Estimate z P-value OR  Estimate z P-value OR 

LOC100507634 uncharacterized LOC100507634 1557566_at 0.016 2.652 0.012 1.016  0.011 2.692 0.011 1.011  
      

1559495_at 0.015 2.759 0.009 1.015  0.016 2.823 0.007 1.016  
    

LINC00693 long intergenic non-protein coding RNA 693 1564250_at -0.073 -3.042 0.004 0.93  -0.063 -3.055 0.004 0.939  
    

LOC102724382 uncharacterized LOC102724382 1568887_at 0.024 2.881 0.006 1.024  0.022 2.934 0.005 1.022  
    

TAF15 TATA-box binding protein associated factor 15 202840_at -0.046 -2.996 0.004 0.955  -0.036 -3.007 0.004 0.965  
    

CACNA1G calcium voltage-gated channel subunit alpha1 G 207869_s_at 0.025 2.671 0.011 1.025  0.021 2.711 0.01 1.021  
    

RPIA ribose 5-phosphate isomerase A 212973_at -0.189 -3.685 0 0.828  -0.18 -3.712 0 0.836  
    

PLCB1 phospholipase C beta 1 213222_at 0.08 2.998 0.004 1.083  0.075 3.04 0.004 1.078  
    

PELP1 proline, glutamate and leucine rich protein 1 215354_s_at -0.108 -3.399 0.001 0.898  -0.114 -3.495 0.001 0.892  -0.517 -5.33 0 0.6 

SLC38A2 solute carrier family 38 member 2 222982_x_at 0.077 3.163 0.003 1.081  0.083 3.252 0.002 1.087  
    

ZNF33A zinc finger protein 33A 224276_at 0.026 2.87 0.006 1.027  0.026 2.932 0.005 1.027  
    

ESYT2 extended synaptotagmin 2 224699_s_at 0.026 2.764 0.009 1.027  0.022 2.805 0.008 1.023  
    

STIM2 stromal interaction molecule 2 225250_at -0.195 -2.411 0.021 0.823       
    

LAMA1 laminin subunit alpha 1 227048_at -0.158 -3.526 0.001 0.854  -0.152 -3.563 0.001 0.859  -0.036 -3.46 0.001 0.97 

RNF130 ring finger protein 130 230932_at 0.171 3.596 0.001 1.186  0.173 3.674 0 1.188  0.193 4.031 0 1.21 

LOC100288675 uncharacterized LOC100288675 234344_at 0.012 2.772 0.009 1.012  0.008 2.815 0.008 1.008  
    

AMOTL1 angiomotin like 1 235277_at -0.216 -3.869 0 0.806  -0.218 -3.952 0 0.804  -0.393 -4.86 0 0.68 

TMEM182 transmembrane protein 182 238578_at -0.106 -3.295 0.002 0.9  -0.102 -3.341 0.002 0.903  
    

LARP4B La ribonucleoprotein domain family member 4B 240005_at 0.016 2.697 0.011 1.017  0.012 2.736 0.009 1.012  
      

241300_at -0.029 -2.705 0.01 0.971  -0.023 -2.731 0.01 0.978  
    

STX6 syntaxin 6 244041_at 0.083 3.051 0.004 1.087  0.078 3.091 0.003 1.081  0.149 3.741 0 1.16   
244418_at 0.138 3.437 0.001 1.147  0.135 3.489 0.001 1.144  

    
PRDX2 peroxiredoxin 2 39729_at -0.126 -3.425 0.001 0.882  -0.122 -3.474 0.001 0.885  -0.037 -3.5 0.001 0.96 

CALD1 caldesmon 1 212077_at                  -0.015 -3.31 0.002 0.99 

 

Table 1 should be palced in page 6. 

 



Figures

Figure 1

The ROC curves for logist regressions using LASSO, SCAD, and MCP regularization.

Figure 2

Spearman's rank correlation, co-expression matrix between the selected genes: heatmap for hierarchical
clustering the twenty-four candidate genes based on their pattern of gene expression.



Figure 3

Overlapping between 3 methods of logistic regression for genes selection
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