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ABSTRACT

The study of circulating biomarkers and their association with disease outcomes

has become progressively complex due to advances in the measurement of these

biomarkers through multiplex technologies. Although the availability of numerous

serum biomarkers is highly promising, multiplex assays present statistical challenges

due to the high dimensionality of these data. In this dissertation, three studies are

presented that address these challenges using L1 penalized regression methods.

In the first part of the dissertation, an extensive simulation study is performed

for the logistic regression model that compares the Least Absolute Shrinkage

and Selection Operator (LASSO) method with five LASSO-type methods given

scenarios that are present in serum biomarker research, such as high correlation

between biomarkers, weak associations with the outcome, and sparse number of

true signals. Results show that choice of optimal LASSO-type method is dependent

on data structure and should be guided by the research objective. Methods are

then applied to the Tucson Epidemiological Study of Airway Obstructive Disease

(TESAOD) study for the identification of serum biomarkers of overweight and

obesity.

Measurement of serum biomarkers using multiplex technologies may be more

variable as compared to traditional single biomarker methods. Measurement error

may induce bias in parameter estimation and complicate the variable selection

process. In the second part of the dissertation, an existing measurement error

correction method for penalized linear regression with the L1 penalty has been

adapted to accommodate validation data on a randomly selected subset of the

study sample. A simulation study and analysis of TESAOD data demonstrate that
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the proposed approach improves variable selection and reduces bias in parameter

estimation for validation data as small as 10 percent of the study sample. In the

third part of the dissertation, a measurement error correction method that utilizes

validation data is proposed for the penalized logistic regression model with the L1

penalty. A simulation study and analysis of TESAOD data are used to evaluate

the proposed method. Results show an improvement in variable selection.
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CHAPTER 1

Introduction

1.1 Background

The study of circulating biomarkers and their association with disease outcomes

has become progressively complex due to advances in the measurement of these

biomarkers through multiplex technologies. Traditionally, concentrations of serum

biomarkers have been measured independently by single biomarker assays. Technol-

ogy has since evolved from single biomarker to multiplex assays, which allow for the

simultaneous measurement of numerous serum biomarkers. Multiplex technologies

have the potential to transform serum biomarker research and have many advantages

over single biomarker assays in that they have the ability to measure multiple serum

biomarkers at a given time, require less sample volume, and are efficient in time and

cost. Although the availability of numerous serum biomarkers is highly promising,

multiplex assays present statistical challenges due to the high dimensionality and

measurement of these data.

1.1.1 Least Absolute Shrinkage and Selection Operator

The Least Absolute Shrinkage and Selection Operator (LASSO) method is a

penalized regression method that has gained much popularity since it was first

proposed in 1996 by Robert Tibshirani (Tibshirani, 1996). The LASSO method

uses the L1 penalty and it may be utilized for variable selection in high dimensional

serum biomarker data.

Consider the linear regression model. For the ith subject,

Yi = β0 + Xᵀ
iβ + εi, for i = 1, 2, ..., N, (1.1)
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where Yi represents a continuous response, Xi = (xi1, xi2, ..., xip)
ᵀ represents p

serum biomarkers for N observations, β = (β1, β2, ..., βp)
ᵀ represents a p-vector of

regression parameters, and εi represents the model error.

The LASSO method minimizes the residual sum of squares,
N∑
i=1

(Yi − β0 − Xᵀ
iβ)2,

subject to the constraint that the sum of the absolute value of the coefficients

are less than a tuning parameter t,
p∑
j=1

|βj| < t, where t ≥ 0 (Tibshirani, 1996).

Alternate notation uses the shrinkage parameter, λ, in which the LASSO method

finds parameter values to minimize:

β̂lasso = argmin
β

{
1

2

N∑
i=1

(Yi − β0 −Xᵀ
iβ)2 + λ ·

p∑
j=1

|βj|

}
. (1.2)

As lambda gets large, coefficients might shrink towards zero or set to be zero.

Although this introduces bias, prediction accuracy is improved by reducing the

large variance that usually comes with ordinary least squares (OLS) estimates

(Tibshirani, 1996). Interpretation improves by minimizing the large number

of predictors that come with high dimensional data analysis by only using the

variables that show the most promise (Tibshirani, 1996).

Due to the constraint of the L1 penalty, the LASSO method does not have a

closed form solution (Hastie et al., 2009). When the LASSO method was first

introduced, a quadratic programming algorithm was used to compute its solution.

This was used until a modification to the Least Angle Regression method provided

an efficient algorithm for finding the LASSO solution (Efron et al., 2004). This

modification was primarily used until pathwise coordinate descent was applied

as a simple and fast algorithm to obtain the LASSO solution (Friedman et al., 2007).

The LASSO method is a well-researched method that may be utilized for
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variable selection in high dimensional serum biomarker data. There is much

ongoing methodological research towards the improvement of the LASSO method

to obtain a sparse and consistent solution. Some of these methods include, but are

not limited to, the Adaptive LASSO (AL), Elastic Net (EN), Iterated LASSO (IL),

Bootstrap-Enhanced LASSO (BL), and Weighted Fusion (WF).

1.1.2 Measurement Error

Precision and validation of measurements from multiplex assays have not yet been

well assessed and remain under investigation (Leng et al., 2008; Tighe et al., 2015).

Measurements of serum biomarkers from multiplex assays may have high intra-

and inter-assay variability (Ellington et al., 2009) and the corresponding coefficient

of variation (CV) may be greater for samples measured by multiplex assays as

compared to single biomarker assays (Bastarache et al., 2011). Although this

variability may be biomarker and platform dependent (Christiansson et al., 2014;

Toedter et al., 2008) and, in some cases CV measured for specific serum biomarkers

by single biomarker assays may yield greater variability as compared to a multiplex

platform (Christiansson et al., 2014), single biomarker assays continue to be the

best validated approach for serum biomarker measurement (Leng et al., 2008;

Zhou et al., 2010). It is currently recommended to confirm results obtained by

multiplex assays with single biomarker assays (Leng et al., 2008; Zhou et al., 2010).

Yet, this strategy can be expensive both in monetary cost and sample volume.

The development and implementation of statistical methods that account for the

added variability in multiplex assay measurements has also been recommended

(Ellington et al., 2009; Tighe et al., 2015), since variability or measurement error

in these data may bias parameter estimates in regression models, which could

distort true associations of biomarkers with an outcome and can have unpredictable

consequences in the variable selection process (Carroll et al., 2006).

Consider the linear regression model of Equation 1.1. It was assumed that

Xi was measured without error. Now assume that instead of Xi we observe Wi,
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where Wi is an error-prone version of Xi. Assume the classical error model,

Wi = Xi + Ui, (1.3)

where the p-vector Ui represents the non-differential measurement errors with

mean 0 and covariance matrix Σuu.

The consequences of observing Wi instead of Xi have been previously de-

scribed (Carroll et al., 2006). First, consider the simple linear regression model

where only one error-prone explanatory variable Wi is observed instead of Xi,

where Xi has variance σ2
x, and Ui = Wi − Xi has variance σ2

u. Denote the

error about the regression line to have variance σ2
ε . In this situation, instead

of estimating βx, an attenuated slope λβx is estimated where λ = σ2
x

σ2
x+σ

2
u
< 1

(Carroll et al., 2006). The attenuated factor thus results in estimates that are

biased towards zero. Also, the residual variance of the observed data is σ2
ε + λβ2

xσ
2
u

(Carroll et al., 2006), which introduces additional noise and increased error about

the line and power is decreased. Extending beyond simple linear regression, linear

regression with multiple covariates measured with error may attenuate estimates

either towards or away from zero, it may change the sign of the estimate, and can

lead to invalid hypothesis testing procedures (Carroll et al., 2006). Additionally,

when covariates are subject to measurement error, variable selection by the LASSO

method has been shown to incorrectly include too many false positives (Rosenbaum

and Tsybakov, 2010; Sorensen et al., 2014b).

1.2 Motivating Study

1.2.1 Study Sample

The Tucson Epidemiological Study of Airway Obstructive Disease (TESAOD) study

is a population-based prospective cohort study that was initiated in 1972 in Tucson,

Arizona (Lebowitz et al., 1975). At study initiation, a total of 3,805 participants
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from a stratified cluster of 1,655 white households, who where between the ages of

6 and 95 were enrolled. At study baseline, participants completed a standardized

questionnaire, had height and weight measured by a study nurse, and had a sample

of their blood collected. Serum biomarkers were measured on 879 non-Hispanic

white subjects who were between the ages of 21 to 70 years at study baseline and

for whom a baseline serum sample with sufficient volume was available.

1.2.2 Serum Biomarkers

Cryopreserved serum samples were analyzed at the Myriad-Rules Based Medicine

(Myriad-RBM) facilities (Austin, TX) using the Human Multi-Analyte Profile

panel version 1.6. This multiplex assay is a bead based suspension assay based on

Luminex immunoassay technology (Welsh and Mapes, 2011). A total of 88 serum

biomarkers were measured for 879 subjects (Table D.1). Five serum biomarkers

were also analyzed at the Asthma and Airway Disease Research Center (A2DRC)

laboratory (Table D.2) and include soluble CD14 (sCD14) (R and D Systems

Inc., Minneapolis, MN), Club Cell Secretory Protein (BioVendor, Asheville, NC),

Surfactant Protein D (SPD) (Hycult Biotech Inc., Plymouth Meeting, PA), and

Chitanise-3-Like Protein 1 (YKL-40) (Quantikine Human CHI3L1 Immunoassay

by R and D Inc., Minneapolis, MN, USA, and Abingdon, UK) using commercially

available enzyme linked immunosorbent assays, and C-Reactive Protein (CRP)

(Immulite 2000, Siemens Diagnostics, Tarrytown, NY) using a commercially

available enzymatic solid-phase chemiluminescent immunometric assay.

One serum biomarker, CRP, was measured by the multiplex assay at Myriad-RBM

and re-measured by a single biomarker assay at the A2DRC laboratory. Replicate

data was obtained in a subset of samples from both the multiplex and single

biomarker assays. Mean CV was computed from these samples and was 8.7% for

the multiplex assay and 2.7% for the single biomarker assay. There was strong

correlation between CRP levels measured by the two assays (Pearson’s correlation

coefficient: 0.80, p <0.0001). Since CRP was measured with less variability by the
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single biomarker assay, the assumption was made that CRP was measured more

precisely by this method.

1.2.3 Study Outcome

Linear and binary study outcomes are studied. For the linear regression model in

Chapter 3, body mass index (BMI) defined as weight in kilograms divided by height

in meters squared (kg/m2) is considered. For the binary logistic regression models

in Chapters 2 and 4, categories of overweight (25 ≤ BMI <30) and obesity (BMI ≥
30) as compared to the normal weight (18.5 ≤ BMI <25) are considered.

1.3 Goals and Specific Aims

The three specific aims that correspond to three manuscripts are as follows:

Aim 1. To evaluate the LASSO and LASSO-type methods for the iden-

tification of serum biomarkers of overweight and obesity (Manuscript 1)

A simulation study is performed to compare the LASSO with five LASSO-

type methods that have been developed to obtain a more sparse and consistent

solution. The simulation study utilizes the data structure of the TESAOD study.

This dataset presents data scenarios that are likely to be encountered in serum

biomarker research. Examples of such scenarios include high correlation between

biomarkers, weak associations of biomarkers with the outcome, and sparse number

of true signals. The LASSO and LASSO-type methods are then applied to the

TESAOD study data for the identification of serum biomarkers of overweight and

obesity.

Aim 2. To assess a measurement error correction method for the

penalized linear regression model with validation data (Manuscript 2)
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An existing approach that subtracts a bias correction term from the penal-

ized linear regression model with the L1 penalty is considered and adapted. The

approach is adapted by estimating the measurement error distribution for the

correction term using internal validation data where a subset of serum biomarkers

are re-measured using a more accurate method for a randomly selected subset of

the study sample. A simulation study and analysis of the TESAOD data are used

to evaluate this approach.

Aim 3. To propose a measurement error correction method for

the penalized logistic regression model with validation data (Manuscript

3)

A measurement error correction method that utilizes validation data is pro-

posed for the penalized logistic regression model with the L1 penalty. Similar to

Aim 2, measurement error is estimated using validation data where a subset of

serum biomarkers are re-measured using a more accurate method for a randomly

selected subset of the study sample. A simulation study and analysis of TESAOD

data are used to evaluate the proposed method.

1.4 Dissertation Format

The format of this dissertation follows the three manuscript approach. The disser-

tation includes an introduction to provide an overview of statistical issues that are

introduced by high dimensional serum biomarker data and to summarize the mo-

tivating study for this research. It also provides an introduction, methods, results,

and discussion for the three specific aims of the dissertation. Each of the three

specific aims corresponds to one of the three manuscripts provided in Appendices

A-C. Lastly, it provides an overall conclusion of the dissertation research and plans

for future work.
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CHAPTER 2

Least Absolute Shrinkage and Selection Operator Type Methods for the

Identification of Serum Biomarkers of Overweight and Obesity: Simulation and

Application

The work presented in this chapter corresponds to the first aim. The manuscript

corresponding to the first aim has been published in BMC Medical Research Method-

ology (2016), 16:154 and can be found in Appendix A.

2.1 Introduction

The LASSO method is a popular data analysis approach that may be utilized for

variable selection in high dimensional serum biomarker data. It is a well-researched

method and has gained a lot of popularity since it was first introduced in 1996.

Methodological research has been developed to improve the LASSO method in ob-

taining a more sparse and consistent solution. However, given scenarios that are

present in serum biomarker research, it is unclear which LASSO-type method is

optimal. Such scenarios might include high correlation between serum biomarkers,

weak associations of the serum biomarkers with the outcome, and sparse number of

true signals. Given these scenarios, the goal of this study was to compare variable

selection properties of the LASSO and five LASSO-type methods for the binary

logistic regression model. The five LASSO-type methods include the AL, EN, IL,

BL, and WF.
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2.2 Methods

2.2.1 LASSO

The LASSO method was originally proposed for the linear regression model and

minimizes the residual sum of squares subject to the sum of the absolute value

of the coefficients being less than a tuning parameter (Tibshirani, 1996). For the

regularized binary logistic regression model, the residual sum of squares is replaced

by the negative log-likelihood. Details have been previously described (Friedman

et al., 2010). Let Xi = (xi1, ..., xip)
ᵀ for i = 1, 2, ..., N, denote p-predictors for N

observations. Assume that responses can take values G=1,2. Then,

Pr(G = 1|X) =
1

1 + e−(β0+Xᵀ
i β)
,

P r(G = 2|X) =
1

1 + e(β0+Xᵀ
i β)
,

(2.1)

where β0 is the slope intercept and β = (β1, β2, ..., βp)
ᵀ is a p-vector of regression

parameters. This implies

log
Pr(G = 1|X)

Pr(G = 2|X)
= β0 + Xᵀ

iβ. (2.2)

The LASSO method finds parameter values to minimize

−

[
1

N

N∑
i=1

Yi · (β0 + Xᵀ
iβ)− log

(
1 + e(β0+Xᵀ

i β)
)]

+ λ ·
p∑
j=1

|βj| (2.3)

where

λ ·
p∑
j=1

|βj|,

is the penalty function for the LASSO method.
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2.2.2 Adaptive LASSO

AL modifies the LASSO by including a weighted penalty,

λ ·
p∑
j=1

wj · |βj|,

where wj = 1

|β̂j |v
, |β̂j| is the maximum likelihood estimate and v>0. Thus, the

AL uses an adaptive weight to penalize coefficients differently whereas the origi-

nal LASSO method penalizes all coefficients equally (Zou, 2006). The weighted

penalty aims to provide a more consistent solution by allowing variables with larger

coefficients to receive smaller penalties.

2.2.3 Elastic Net

There are situations where the LASSO may perform sub-optimally. First, predictive

performance for ridge regression was empirically observed to be better than the

LASSO (Zou and Hastie, 2005). Second, when pairwise correlations are high the

LASSO tends to choose one variable and not the other (Zou and Hastie, 2005).

Third, when p>n the LASSO at most selects n variables (Zou and Hastie, 2005).

The penalty term for EN incorporates both the ridge penalty λ ·
p∑
j=1

β2
j (Hoerl and

Kennard, 1988) and the LASSO penalty λ ·
p∑
j=1

|βj|,

λ ·
p∑
j=1

[
1
2
· (1− α) · β2

j + α · |βj|
]
,

where α is a value between 0 and 1. Unlike the LASSO, EN selects groups of

correlated variables together. The EN penalty is equal to the LASSO penalty when

α = 1 and to the ridge penalty when α = 0.

2.2.4 Iterated LASSO

The IL is similar to AL except that the weights are based on LASSO estimates

rather than OLS or maximum likelihood estimates. In other words, this approach
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is different than AL in that an initial estimator is obtained by the LASSO to reduce

the dimension of the model (Huang et al., 2008).

2.2.5 Bootstrap-Enhanced LASSO

The BL obtains the bootstrap sample x∗ = (x∗1, x
∗
2, ..., x

∗
n) by randomly sampling

x = (x1, x2, ..., xn) with replacement. It then considers the intersection of several

bootstrapped replications of a sample. Running the LASSO method for several

bootstrapped replications, considering several datasets from the same distribution,

and then taking the intersection of results would result in the relevant variables

appearing in all datasets and a consistent model. Rather than considering a strict

intersection, it has been recommended to consider a softened version of the BL

(BL-S) (Bach, 2008). For this study, variables that appear in at least 75% of the

bootstrap samples (BL-75) were considered. This is consistent with other application

studies (Avalos et al., 2014; Lampos et al., 2010).

2.2.6 Weighted Fusion

The WF uses additional information from the correlation structure of the data by

using correlation driven weights to penalize for the pairwise differences of coefficients

(Daye and Jeng, 2009). The penalty term is defined as,

λ1 ·
p∑
j=1

|βj|+ λ2 · J (β) ,

where λ1, λ2 ≥ 0 are the tuning parameters and J is a correlation driven penalty

function, J (β) = 1
p
·
∑

i<j wij · (βi − sijβj)
2 where wij =

|ρij |γ
1−|ρij | are the nonnega-

tive weights non-decreasing in |ρij|, ρij = Xᵀ
iXj is the sample correlation between

predictors, γ > 0 is a tuning parameter, and sij is the sign of ρij.

2.3 Simulation Study

A simulation study was performed to compare the performance of the LASSO,

AL, EN, IL, BL-75, and WF using data scenarios that might be present in serum
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biomarker research. These scenarios include high correlation between biomarkers,

weak associations with the outcome, and sparse number of true signals. The data

structure of the TESAOD study data motivated these scenarios. A total of 879

subjects had 86 measured serum biomarkers, thus the choice of N=1,000 with 100

biomarkers was chosen. In the case of stratified analyses, simulations for N=500 were

also completed. The first four scenarios considered five biomarkers with non-zero as-

sociation with the outcome (or true signals) out of the 100 biomarkers, while the fifth

scenario considered 20 biomarkers truly associated with the outcome. Correlation

of serum biomarkers ranged from <0.01 to 0.70 for TESAOD, thus the correlation

levels of 0.20, 0.50, 0.80 were chosen. In the TESAOD dataset, 40% of subjects

were overweight and 12% were obese. In the simulation study the proportion of

overweight was set at 40% and that of obesity at 12%. For each scenario a total of

1,000 simulated data sets were generated. Overall, five scenarios, two outcomes, and

two sample sizes were considered for a total of 20 simulations (Table 2.1). Tuning

parameters were estimated using 10-fold cross validation with deviance loss. For

EN, the alpha parameters were also chosen by cross validation using the sequence

α = 0 through α = 1 with step size 0.1. For WF, the gamma parameter was chosen

from the sequence: 0.5, 1, 2.5, 5, and 25 (Daye and Jeng, 2009).

Table 2.1: Aim 1. Simulation scenarios

Non-zero coefficients, binary logistic regression models
Scenario Correlation Overweight Obese
1 0.2 0.05, -0.05, 0.1, 0.15, 0.2 0.2, 0.4, 0.6, -0.6, 0.8
2 0.8 0.05, -0.05, 0.1, 0.15, 0.2 0.2, 0.4, 0.6, -0.6, 0.8
3 0.2 0.2, 0.4, 0.6, -0.6, 0.8 1, -1, 1.25, 1.5, 1.75
4 0.8 0.2, 0.4, 0.6, -0.6, 0.8 1, -1, 1.25, 1.5, 1.75
5 0.5 Unif(0.01,0.2) Unif(0.1,0.99)

First, the sparsity of results obtained by each method was assessed. Second, the

ability of each method to correctly identify the non-zero and zero coefficients was

evaluated. Third, the area under the Receiver Operating Characteristic curve
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(AUC) calculated using an independent validation data set was used to evaluate

prediction accuracy.

Table 2.2 shows the median and range of non-zero coefficients chosen by the

LASSO and LASSO-type methods for all scenarios. In terms of sparsity, the only

method that did not provide the most sparse solution across all scenarios was

the EN. For scenarios with weak associations of biomarkers with the outcome or

scenarios with highly correlated variables, the IL provided the most sparse solution

for the overweight outcome and for the obese outcome. The LASSO, IL, BL-75,

and WF methods provided the most sparse solution given a particular scenario.

For scenarios that considered a moderate number of true signals with moderate

correlation, the IL provided the most sparse solution for the overweight outcome

and the BL-75 provided the most sparse solution for the obese outcome.



	  

	   N=1000	  
	  

N=500	  

Scenario	   1	   2	   3	   4	   5	   1	   2	   3	   4	   5	  
	  

True	  
number	  

5	   5	   5	   5	   20	   5	   5	   5	   5	   20	  
	  

Overweight	  
	  

LASSO	   7	  
(0,38)	  

5.5	  
(1,41)	  

19	  
(4,61)	  

9	  
(2,56)	  

19	  
(9,56)	  

4	  
(0,37)	  

5	  
(0,43)	  

18	  
(4,50)	  

8	  
(2,49)	  

16	  
(5,47)	  

Adaptive	  
LASSO	  

16	  
(1,45)	  

14	  
(1,48)	  

18	  
(4,49)	  

19	  
(2,51)	  

21	  
(4,52)	  

16	  
(0,46)	  

12	  
(1,43)	  

18	  
(3,45)	  

18	  
(1,45)	  

19.5	  
(3,45)	  

Elastic	  Net	   12	  
(0,100)	  

10	  
(1,100)	  

23	  
(4,62)	  

13	  
(2,65)	  

28	  
(10,100)	  

12	  
(0,100)	  

12	  
(0,100)	  

22	  
(4,84)	  

11	  
(2,62)	  

27	  
(7,100)	  

Iterated	  
LASSO	  

7	  
(0,41)	  

5	  
(1,34)	  

18	  
(4,46)	  

9	  
(2,43)	  

16	  
(5,41)	  

4	  
(0,32)	  

4	  
(0,35)	  

16	  
(2,38)	  

7	  
(1,39)	  

13	  
(3,37)	  

Bootstrap-‐
Enhanced	  
LASSO-‐75	  

12	  
(1,28)	  

10	  
(1,26)	  

18	  
(7,38)	  

17	  
(4,40)	  

20	  
(10,40)	  

10	  
(0,29)	  

9	  
(0,28)	  

16	  
(5,37)	  

13	  
(3,34)	  

16	  
(5,35)	  

Weighted	  
Fusion	  

27	  
(0,99)	  

27	  
(1,100)	  

23	  
(10,76)	  

21	  
(10,74)	  

34	  
(18,100)	  

13	  
(0,100)	  

13	  
(0,100)	  

11	  
(5,66)	  

9	  
(4,100)	  

56	  
(9,100)	  

Obese	  
	  

LASSO	   17	  
(4,51)	  

7	  
(2,59)	  

26	  
(8,56)	  

16	  
(3,58)	  

37	  
(20,59)	  

15	  
(2,45)	  

7	  
(1,40)	  

22.5	  
(5,54)	  

14	  
(3,50)	  

28	  
(14,52)	  

Adaptive	  
LASSO	  

17	  
(3,50)	  

17	  
(1,47)	  

18	  
(5,57)	  

19	  
(3,47)	  

35	  
(14,57)	  

19	  
(1,51)	  

15	  
(1,48)	  

19	  
(4,48)	  

17	  
(2,48)	  

28	  
(6,48)	  

Elastic	  Net	   21	  
(5,74)	  

11	  
(2,75)	  

29	  
(6,76)	  

19	  
(4,77)	  

47	  
(22,100)	  

20	  
(2,100)	  

11	  
(1,100)	  

26	  
(5,74)	  

19	  
(3,87)	  

42	  
(14,100)	  

Iterated	  
LASSO	  

16	  
(4,40)	  

7	  
(1,44)	  

20	  
(5,40)	  

13	  
(3,38)	  

24	  
(12,40)	  

14	  
(1,39)	  

6	  
(1,34)	  

16	  
(4,36)	  

11	  
(2,40)	  

17	  
(7,34)	  

Bootstrap-‐
Enhanced	  
LASSO-‐75	  

17	  
(5,37)	  

14	  
(2,34)	  

20	  
(7,39)	  

16	  
(5,34)	  

22	  
(12,34)	  

14.5	  
(5,36)	  

11	  
(1,27)	  

13	  
(5,24)	  

10	  
(3,20)	  

16	  
(8,25)	  

Weighted	  
Fusion	  

12	  
(5,68)	  

10	  
(2,99)	  

43	  
(5,61)	  

36	  
(3,53)	  

39	  
(22,99)	  

38	  
(1,100)	  

4	  
(1,100)	  

26	  
(12,87)	  

22	  
(4,70)	  

47	  
(14,100)	  

26

Table 2.2: Aim 1. Median (minimum, maximum) number of selected non-zero
coefficients from 1,000 simulated data sets
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Results showing the median and range of the correctly identified non-zero and zero

coefficients for each scenario are shown in Table 2.3 for scenarios with N=1,000

and Table 2.4 for scenarios with N=500. Considering N=1,000, for the overweight

outcome, the WF outperformed the other methods in identifying the non-zero

coefficients, but performed the worst in identifying the zero-coefficients. The IL

tended to identify more of the zero-coefficients correctly. For the obese outcome,

one method did not clearly outperform the other methods. Considering N=500 for

the overweight outcome, the WF outperformed the other methods in identifying the

non-zero coefficients, and the IL tended to correctly identify more zero-coefficients.

For the obese outcome, the WF again outperformed the others and identifying the

correct non-zero coefficients, but tended to incorrectly include more noise variables.



	  

	  

Scenario	   1	   2	   3	   4	   5	  
Type	   Non-‐	  

Zero	  
Zero	   Non-‐

Zero	  
Zero	   Non-‐

Zero	  
Zero	   Non-‐

Zero	  
Zero	   Non-‐

Zero	  
Zero	  

Truth	   5	   95	   5	   95	   5	   95	   5	   95	   20	   80	  

Overweight	  
	  

LASSO	   3	  
(0,5)	  

91	  
(61,95)	  

3	  
(1,5)	  

92	  
(56,95)	  

5	  
(4,5)	  

81	  
(39,95)	  

4	  
(2,5)	  

89	  
(43,95)	  

13	  
(8,18)	  

74.5	  
(39,80)	  

Adaptive	  
LASSO	  

3	  
(0,5)	  

82	  
(54,95)	  

2	  
(1,5)	  

83	  
(50,95)	  

5	  
(4,5)	  

82	  
(51,95)	  

4	  
(2,5)	  

81	  
(48,95)	  

9	  
(4,15)	  

68	  
(41,80)	  

Elastic	  Net	   3	  
(0,5)	  

86	  
(0,95)	  

3	  
(1,5)	  

88	  
(0,95)	  

5	  
(4,5)	  

77	  
(38,95)	  

4	  
(2,5)	  

86	  
(34,95)	  

16	  
(9,20)	  

67	  
(0,80)	  

Iterated	  
LASSO	  

2	  
(0,5)	  

91	  
(57,95)	  

2	  
(1,5)	  

93	  
(64,95)	  

5	  
(4,5)	  

82	  
(54,95)	  

3	  
(2,5)	  

90	  
(57,95)	  

11	  
(5,16)	  

76	  
(50,80)	  

Bootstrap-‐
Enhanced	  
LASSO-‐75	  

3	  
(0,5)	  

86	  
(70,95)	  

2	  
(0,4)	  

86	  
(72,95)	  

5	  
(4,5)	  

82	  
(62,93)	  

4	  
(2,5)	  

81	  
(60,94)	  

12	  
(7,16)	  

72	  
(54,80)	  

Weighted	  
Fusion	  

4	  
(0,5)	  

72	  
(1,95)	  

5	  
(1,5)	  

72	  	  
(0,95)	  

5	  
(4,5)	  

77	  
(24,90)	  

4	  
(2,5)	  

77	  
(26,89)	  

20	  
(9,20)	  

65	  
(0,74)	  

Obese	  
	  

LASSO	   5	  
(3,5)	  

82	  
(49,95)	  

3	  
(2,5)	  

91	  
(41,95)	  

5	  
(5,5)	  

74	  
(44,92)	  

4	  
(3,5)	  

83	  
(42,95)	  

19	  
(14,20)	  

61	  
(37,78)	  

Adaptive	  
LASSO	  

5	  
(3,5)	  

82.5	  
(50,95)	  

4	  
(1,5)	  

82	  
(53,95)	  

5	  
(5,5)	  

82	  
(43,95)	  

5	  
(3,5)	  

81	  
(53,95)	  

15	  
(10,20)	  

60	  
(38,79)	  

Elastic	  Net	   5	  
(4,5)	  

79	  
(26,94)	  

4	  
(2,5)	  

88	  
(25,95)	  

5	  
(5,5)	  

71	  
(24,94)	  

4	  
(3,5)	  

80	  
(23,95)	  

19	  
(15,20)	  

52	  
(0,75)	  

Iterated	  
LASSO	  

5	  
(3,5)	  

84	  
(60,95)	  

3	  
(1,5)	  

91	  
(56,95)	  

5	  
(5,5)	  

80	  
(60,95)	  

4	  
(3,5)	  

86	  
(62,95)	  

16	  
(12,20)	  

72	  
(56,80)	  

Bootstrap-‐
Enhanced	  
LASSO-‐75	  

5	  
	  (3,5)	  

83	  
(63,95)	  

3	  
(1,5)	  

84	  
(64,95)	  

5	  
(5,5)	  

80	  
(61,93)	  

4	  
(2,5)	  

83	  
(66,94)	  

16	  
(10,20)	  

73	  
(62,80)	  

Weighted	  
Fusion	  

5	  
(3,5)	  

88	  
(32,94)	  

3	  
(2,5)	  

89	  
(1,95)	  

5	  
(5,5)	  

57	  
(39,95)	  

4	  
(3,5)	  

64	  
(46,95)	  

20	  
(14,20)	  

61	  
(1,76)	  

28

Table 2.3: Aim 1. Median (minimum, maximum) number of correctly identified
non-zero and zero coefficients, N=1,000, 1,000 simulated data sets



	  
Scenario	   1	   2	   3	   4	   5	  
Type	   Non-‐

Zero	  
Zero	   Non-‐

Zero	  
Zero	   Non-‐

Zero	  
Zero	   Non-‐

Zero	  
Zero	   Non-‐

Zero	  
Zero	  

Truth	   5	   95	   5	   95	   5	   95	   5	   95	   20	   80	  

Overweight	  
	  

LASSO	   1	  
(0,5)	  
	  

93	  	  

(59,95)	  

2	  
(0,5)	  

92	  
(54,95)	  

5	  
(2,5)	  

82	  
(50,95)	  

3	  
(2,5)	  

90	  
(50,95)	  

11	  
(5,16)	  

75	  
(46,80)	  

Adaptive	  
LASSO	  

2	  
(0,5)	  

81	  
(51,95)	  

2	  
(0,4)	  

84	  
(55,95)	  

5	  
(3,5)	  

81	  
(55,95)	  

4	  
(1,5)	  

81	  
(54,95)	  

7	  
(3,14)	  

68	  
(45,80)	  

Elastic	  Net	   2	  
(0,5)	  

85	  
(0,95)	  

3	  
(0,5)	  

86	  
(0,95)	  

5	  
(3,5)	  

78	  
(16,95)	  

4	  
(2,5)	  

87	  
(36,95)	  

14	  
(6,20)	  

66.5	  
(0,80)	  

Iterated	  
LASSO	  

1	  
(0,5)	  

93	  
(66,95)	  

2	  
(0,5)	  

92	  
(62,95)	  

5	  
(2,5)	  

84	  
(62,95)	  

3	  
(1,5)	  

91	  
(60,95)	  

8	  
(3,14)	  

76	  
(52,80)	  

Bootstrap-‐
Enhanced	  
LASSO-‐75	  

2	  
(0,5)	  

87	  
(69,95)	  

1	  
(0,3)	  

87	  
(68,95)	  

5	  
(3,5)	  

84	  
(62,94)	  

3	  
(1,5)	  

85	  
(65,95)	  

8	  
(4,13)	  

72	  
(54,80)	  

Weighted	  
Fusion	  

3	  
(0,5)	  

85	  
(0,95)	  

5	  
(0,5)	  

85	  
(0,95)	  

5	  
(3,5)	  

89	  
(34,94)	  

3	  
(2,5)	  

89	  
(0,94)	  

20	  
(6,20)	  

43	  
(0,80)	  

Obese	  
	  

LASSO	   4	  
(1,5)	  

84	  
(55,95)	  

3	  
(1,5)	  

91	  
(57,95)	  

5	  
(4,5)	  

77.5	  
(46,94)	  

4	  
(3,5)	  

85	  
(49,95)	  

16	  
(10,20)	  

67	  
(42,80)	  

Adaptive	  
LASSO	  

4	  
(1,5)	  

80	  
(48,95)	  

3	  
(1,5)	  

83	  
(50,95)	  

5	  
(4,5)	  

81	  
(52,95)	  

4	  
(2,5)	  

82	  
(50,95)	  

11	  
(6,16)	  

63	  
(42,80)	  

Elastic	  Net	   5	  
(1,5)	  

80	  
(0,95)	  

3	  
(1,5)	  

87	  
(0,95)	  

5	  
(4,5)	  

74	  
(26,95)	  

4	  
(3,5)	  

79	  
(13,95)	  

17	  
(10,20)	  

55	  
(0,78)	  

Iterated	  
LASSO	  

4	  
(1,5)	  

86	  
(60,95)	  

3	  
(1,5)	  

91	  
(64,95)	  

5	  
(4,5)	  

84	  
(64,95)	  

4	  
(2,5)	  

88	  
(59,95)	  

12	  
(6,17)	  

75	  
(59,80)	  

Bootstrap-‐
Enhanced	  
LASSO-‐75	  

4	  
(2,5)	  

85	  
(64,94)	  

2	  
(1,5)	  

87	  
(72,95)	  

5	  
(4,5)	  

87	  
(76,95)	  

4	  
(2,5)	  

89	  
(79,95)	  

12	  
(7,17)	  

76	  
(70,80)	  

Weighted	  
Fusion	  

5	  
(1,5)	  

62	  
(0,95)	  

3	  
(1,5)	  

94	  
(0,95)	  

5	  
(4,5)	  

74	  
(13,88)	  

4	  
(3,5)	  

77	  
(30,95)	  

20	  
(10,20)	  

51	  
(0,80)	  
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Table 2.4: Aim 1. Median (minimum, maximum) number of correctly identified
non-zero and zero coefficients, N=500, 1,000 simulated data sets
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Table 2.5 and Table 2.6 show the predictive ability of each method on an indepen-

dent validation data set as measured by AUC. In terms of prediction, the LASSO,

AL, EN, BL-75 and WF performed comparably. In most scenarios, prediction was

poor for IL. In general, when considering scenarios with either weak associations of

serum biomarkers with the outcome or scenarios with highly correlated variables,

the LASSO method showed good predictive ability over the other methods. For

scenarios with a moderate number of true signals with moderate correlation, the

BL-75 showed the best predictive ability for the overweight outcome.



Scenario	   1	   2	   3	   4	   5	  
Overweight	  

	  
LASSO	   0.57	  

(0.47,0.63)	  
0.61	  

(0.54,0.67)	  
0.77	  

(0.73,0.82)	  
0.79	  

(0.73,0.83)	  
0.77	  

(0.72,0.82)	  
Adaptive	  LASSO	   0.55	  

(0.47,0.62)	  
0.58	  

(0.50,0.66)	  
0.72	  

(0.60,0.81)	  
0.73	  

(0.57,0.82)	  
0.76	  

(0.70,0.82)	  
Elastic	  Net	   0.56	  

(0.47,0.63)	  
0.60	  

(0.54,0.67)	  
0.77	  

(0.73,0.82)	  
0.79	  

(0.73,0.83)	  
0.77	  

(0.73,0.82)	  
Iterated	  LASSO	   0.52	  

(0.45,0.63)	  
0.54	  

(0.45,0.67)	  
0.54	  

(0.46,0.79)	  
0.57	  

(0.47,0.83)	  
0.70	  

(0.51,0.81)	  
Bootstrap	  Enhanced	  	  

LASSO-‐75	  
0.55	  

(0.48,0.62)	  
0.58	  

(0.48,0.65)	  
0.76	  

(0.71,0.82)	  
0.77	  

(0.71,0.82)	  
0.84	  

(0.79,0.88)	  
Weighted	  Fusion	   0.56	  

(0.48,0.62)	  
0.60	  

(0.54,0.67)	  
0.77	  

(0.72,0.82)	  
0.78	  

(0.74,0.83)	  
0.78	  

(0.73,0.82)	  
Obese	  
	  

LASSO	   0.78	  
(0.71,0.86)	  

0.80	  
(0.71,0.86)	  

0.94	  
(0.90,0.96)	  

0.96	  
(0.94,0.98)	  

0.99	  
(0.98,1.00)	  

Adaptive	  LASSO	   0.73	  
(0.59,0.84)	  

0.74	  
(0.58,0.86)	  

0.88	  
(0.68,0.96)	  

0.92	  
(0.72,0.98)	  

0.98	  
(0.92,0.99)	  

Elastic	  Net	   0.78	  
(0.71,0.86)	  

0.80	  
(0.71,0.86)	  

0.94	  
(0.90,	  0.96)	  

0.96	  
(0.93,0.98)	  

0.99	  
(0.97,1.00)	  

Iterated	  LASSO	   0.55	  
(0.45,0.79)	  

0.58	  
(0.43,0.85)	  

0.63	  
(0.46,0.96)	  

0.65	  
(0.33,0.98)	  

0.98	  
(0.76,1.00)	  

Bootstrap	  Enhanced	  	  
LASSO-‐75	  

0.76	  
(0.68,	  0.82)	  

0.77	  
(0.68,0.85)	  

0.93	  
(0.88,0.97)	  

0.95	  
(0.91,0.98)	  

0.99	  
(0.82,1.00)	  

Weighted	  Fusion	   0.78	  
(0.70,0.86)	  

0.80	  
(0.70,0.86)	  

0.94	  
(0.90,	  0.96)	  

0.96	  
(0.64,0.98)	  

0.99	  
(0.97,1.00)	  
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Table 2.5: Aim 1. Median (minimum, maximum) estimated AUC, N=1,000, 1,000
simulated data sets



Scenario	   1	   2	   3	   4	   5	  
	  

Overweight	  
	  

LASSO	   0.54	  
(0.43,0.65)	  

0.60	  
(0.48,0.68)	  

0.77	  
(0.69,0.83)	  

0.78	  
(0.71,0.85)	  

0.77	  
(0.68,0.83)	  

Adaptive	  LASSO	   0.54	  
(0.43,0.65)	  

0.57	  
(0.47,0.66)	  

0.72	  
(0.57,0.82)	  

0.73	  
(0.55,0.84)	  

0.75	  
(0.66,0.82)	  

Elastic	  Net	   0.55	  
(0.43,0.65)	  

0.59	  
(0.49,0.68)	  

0.76	  
(0.69,0.83)	  

0.78	  
(0.71,0.85)	  

0.77	  
(0.68,0.83)	  

Iterated	  LASSO	   0.52	  
(0.40,0.66)	  

0.54	  
(0.43,0.67)	  

0.55	  
(0.44,0.77)	  

0.58	  
(0.45,0.85)	  

0.70	  
(0.49,0.82)	  

Bootstrap-‐Enhanced	  	  
LASSO-‐75	  

0.53	  
(0.42,0.65)	  

0.56	  
(0.44,0.66)	  

0.74	  
(0.64,0.82)	  

0.75	  
(0.65,0.83)	  

0.82	  
(0.73,0.88)	  

Weighted	  Fusion	   0.55	  
(0.44,0.65)	  

0.59	  
(0.47,0.68)	  

0.77	  
(0.67,0.84)	  

0.78	  
(0.71,0.85)	  

0.77	  
(0.68,0.84)	  

Obese	  
	  

LASSO	   0.76	  
(0.63,0.86)	  

0.79	  
(0.67,0.87)	  

0.93	  
(0.85,0.97)	  

0.96	  
(0.90,0.99)	  

0.98	  
(0.94,0.99)	  

Adaptive	  LASSO	   0.72	  
(0.55,0.84)	  

0.73	  
(0.49,0.87)	  

0.89	  
(0.66,0.97)	  

0.93	  
(0.57,0.98)	  

0.96	  
(0.89,0.99)	  

Elastic	  Net	   0.76	  
(0.60,0.86)	  

0.79	  
(0.67,0.87)	  

0.93	  
(0.85,0.97)	  

0.96	  
(0.89,0.99)	  

0.98	  
(0.94,0.99)	  

Iterated	  LASSO	   0.57	  
(0.42,0.80)	  

0.59	  
(0.42,0.87)	  

0.68	  
(0.44,0.95)	  

0.71	  
(0.34,0.98)	  

0.96	  
(0.64,0.99)	  

Bootstrap-‐Enhanced	  	  
LASSO-‐75	  

0.73	  
(0.57,0.85)	  

0.75	  
(0.62,0.85)	  

0.92	  
(0.83,0.97)	  

0.95	  
(0.88,0.98)	  

0.97	  
(0.79,0.99)	  

Weighted	  Fusion	   0.74	  
(0.60,0.86)	  

0.79	  
(0.66,0.87)	  

0.93	  
(0.86,0.97)	  

0.96	  
(0.88,0.98)	  

0.98	  
(0.96,1.00)	  
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Table 2.6: Aim 1. Median (minimum, maximum) estimated AUC, N=500, 1,000
simulated data sets
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2.4 LASSO Methods applied to the TESAOD Study

The LASSO and LASSO-type methods were applied to the TESAOD study. A

panel of 86 biomarkers was used to first compare the 306 overweight subjects with

the 463 normal-weight subjects and the second to compare the 66 obese subjects

with the 463 normal-weight subjects. Additionally, each method was applied to the

combined 372 overweight or obese subjects to the 463 normal weight subjects. In

addition, separate univariate binary logistic regression models were used to confirm

the significant univariate association of each biomarker with each outcome.

Biomarkers that were consistently identified across the six LASSO and LASSO-type

methods and had a significant univariate association with the outcome are shown

in Table 2.7 for the overweight outcome and Table 2.8 for the obese outcome.

For the overweight outcome these were Adiponectin, Apolipoprotein H (ApoH),

Calcitonin, sCD14, Complement 3 (C3), CRP, Ferritin, Growth Hormone (GH),

Immunoglobulin M (IgM), Leptin, Myoglobin, Sex Hormone Binding Globulin

(SHBG), and SPD and for the obese outcome were CRP, Interleukin-18 (IL-18),

Leptin, Monocyte Chemotactic Protein-1 (MCP-1), SHBG, SPD, von Willebrand

Factor (vWF), and YKL-40. Of the 13 biomarkers that were identified for the

overweight outcome and the 8 biomarkers that were identified for the obese

outcome, only four biomarkers were identified in both outcomes (CRP, Leptin,

SHBG, and SPD). To summarize findings of the potential biomarkers of overweight

and obesity, the combination of both outcomes was also considered. Table 2.9

shows the 16 biomarkers that were identified for the combined outcome, namely

Adiponectin, ApoH, Calcitonin, sCD14, C3, CRP, Ferritin, GH, IgM, IL-18, Leptin,

MCP-1, Myoglobin, SHBG, SPD, and YKL-40. Results for all serum biomarkers,

not limited to those chosen across all LASSO and LASSO-type methods, are shown

in Table 2.10 for the overweight outcome, Table 2.11 for the obese outcome, and

Table 2.12 for the combined overweight and obese outcome.



	  
1:	  categorized	  at	  median	  
^:	  p-‐value	  for	  univariate	  association	  from	  binary	  logistic	  regression	  
	  *:	  p<0.05	  
	  **:	  p<0.01	  

	   LASSO	   Adaptive	  
LASSO	  

Elastic	  
Net	  

Iterated	  
LASSO	  

BOLASSO-‐
75	  

Weighted	  
Fusion	  

p^	  

Adiponectin	   -‐0.2511	   -‐0.3500	   -‐0.2498	   -‐0.3297	   -‐0.3226	   -‐0.2440	  
	  

**	  

Apolipoprotein	  H	   0.0571	   0.0838	   0.0762	   0.1479	   0.1309	   0.0512	  
	  

**	  

Calcitonin1	   0.0469	   0.0765	   0.0668	   0.1681	   0.0895	   0.0352	  
	  

*	  

Soluble	  CD14	   -‐0.1133	   -‐0.1679	   -‐0.1296	   -‐0.2492	   -‐0.1923	   -‐0.0994	  
	  

*	  

Complement	  3	   0.0847	   0.1238	   0.1183	   0.2080	   0.1483	   0.0767	  
	  

**	  

C-‐Reactive	  Protein	   0.2105	   0.3150	   0.2188	   0.3791	   0.2901	   0.1923	  
	  

**	  

Ferritin	   0.1131	   0.0969	   0.1120	   0.1431	   0.1055	   0.1115	  
	  

**	  

Growth	  Hormone	   -‐0.1163	   -‐0.1238	   -‐0.1259	   -‐0.1737	   -‐0.1566	   -‐0.1144	  
	  

**	  

Immunoglobulin	  M	   -‐0.0410	   -‐0.0288	   -‐0.0569	   -‐0.1228	   -‐0.0949	   -‐0.0320	  
	  

*	  

Leptin	   0.2057	   0.3263	   0.2102	   0.3690	   0.3177	   0.1829	  
	  

**	  

Myoglobin	  
	  

0.2323	   0.3468	   0.2300	   0.3341	   0.2856	   0.2162	   **	  

Sex	  Hormone	  
Binding	  Globulin	  
	  

-‐0.2130	   -‐0.2033	   -‐0.1979	   -‐0.2220	   -‐0.2046	   -‐0.2009	   **	  

Surfactant	  	  
Protein	  D	  
	  

-‐0.1053	   -‐0.1518	   -‐0.1250	   -‐0.2361	   -‐0.2089	   -‐0.0924	   *	  
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Table 2.7: Aim 1. TESAOD analysis, coefficients refer to associations of standard-
ized biomarker values, overweight (N=306) compared to normal-weight (N=463)



	  
1:	  categorized	  at	  median	  
^:	  p-‐value	  for	  univariate	  association	  from	  binary	  logistic	  regression	  
	  *:	  p<0.05	  
	  **:	  p<0.01	  

	   LASSO	   Adaptive	  
LASSO	  

Elastic	  
Net	  

Iterated	  
LASSO	  

BOLASSO
-‐75	  

Weighted	  
Fusion	  

p^	  

C-‐Reactive	  Protein	   0.5213	   0.7636	   0.4765	   0.6802	   0.6052	  
	  

0.2526	   **	  

Interleukin-‐18	   0.1214	   0.0653	   0.0804	   0.0774	   0.2373	  
	  

0.0870	   *	  

Leptin	   0.9186	   1.1286	   0.8548	   1.2502	   1.1551	  
	  

0.3792	   **	  

Monocyte	  
Chemotactic	  Protein-‐1	  
	  

0.1628	   0.1471	   0.1269	   0.1792	   0.2546	   0.1275	   **	  

Sex	  Hormone	  	  
Binding	  Globulin	  
	  

-‐0.4768	   -‐0.6470	   -‐0.4499	   -‐0.7274	   -‐0.4767	   -‐0.2334	   **	  

Surfactant	  Protein	  D	  
	  

-‐0.3136	   -‐0.4086	   -‐0.2351	   -‐0.3848	   -‐0.4663	   -‐0.2820	   **	  

von	  Willebrand	  Factor	  
	  

0.1980	   0.0683	   0.1737	   0.2571	   0.2694	   0.1364	   **	  

YKL-‐40	  
	  

0.1095	   0.0847	   0.0733	   0.0314	   0.1979	   0.1151	   **	  
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Table 2.8: Aim 1. TESAOD analysis, coefficients refer to associations of standard-
ized biomarker values, obese (N=66) compared to normal-weight (N=463)



	 Lasso	 Adaptive	
LASSO	

Elastic	
Net	

Iterated	
LASSO	

BOLASSO
-75	

Weighted	
Fusion	

p^	

Adiponectin	 -0.2143	 -0.2770	 -0.2210	 -0.2827	 -0.2334	
	

-0.1985	 **	

Apolipoprotein	H	 0.0759	 0.1047	 0.0965	 0.1028	 0.1201	
	

0.0628	 **	

Calcitonin1	 0.0461	 0.0647	 0.0657	 0.0782	 0.1076	
	

0.0236	 *	

Soluble	CD14	 -0.1439	 -0.2052	 -0.1598	 -0.2411	 -0.1681	
	

-0.1143	 *	

Complement	3	 0.1094	 0.1174	 0.1313	 0.1307	 0.1337	
	

0.0923	 **	

C-Reactive	Protein	 0.2968	 0.4064	 0.3015	 0.4235	 0.3485	
	

0.2630	 **	

Ferritin	 0.1036	 0.0834	 0.1068	 0.1397	 0.0701	
	

0.0988	 **	

Growth	Hormone	 -0.1155	 -0.0898	 -0.1181	 -0.1430	 -0.1529	
	

-0.1158	 **	

Immunoglobulin	M	 -0.0883	 -0.1068	 -0.0940	 -0.1568	 -0.0982	
	

-0.0715	 *	

Interleukin-18	 0.0404	 0.0379	 0.0588	 0.0677	 0.0798	
	

0.0223	 **	

Leptin	 0.3312	 0.4337	 0.3499	 0.4554	 0.4052	
	

0.2861	 **	

Monocyte	
Chemotactic		
Protein-1	
	

0.0283	 0.0829	 0.0451	 0.0572	 0.0927	 0.0030	 *	

Myoglobin	 0.2267	 0.3195	 0.2286	 0.2983	 0.2587	
	

0.2115	 **	

Sex	Hormone	
Binding	Globulin	
	

-0.2827	 -0.3609	 -0.2739	 -0.3612	 -0.2703	 -0.2593	 **	

Surfactant		
Protein	D	
	

-0.1612	 -0.2086	 -0.1794	 -0.2439	 -0.2401	 -0.1328	 **	

YKL-40	 0.0284	 0.0278	 0.0434	 0.0222	 0.0654	
	

0.0152	 *	

	
1:	categorized	at	median		
^:	p-value	for	univariate	association	from	binary	logistic	regression	
*:	p<0.05	
**:	p<0.01	
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Table 2.9: Aim 1. TESAOD analysis, coefficients refer to associations of standard-
ized biomarker values, overweight and obese (N=372) compared to normal-weight
(N=463)



	 Lasso	 Adaptive	
LASSO	

Elastic	
Net	

Iterated	
LASSO	

BOLASSO
-75	

Weighted	
Fusion	

Logistic	
Regression,	
Coefficient		
(p-value)	

Adiponectin	 -0.2511	 -0.3500	 -0.2498	 -0.3297	 -0.3226	 -0.2440	 -0.5188	(<0.001)	
Alpha-1	Antitrypsin	 -0.0283	 -0.0283	 -0.0554	 -0.1381	 0	 -0.0210	 -0.1552	(0.038)	
Alpha-Fetoprotein	 0	 0	 0	 0	 0	 0	 0.1012	(0.178)	
Alpha-2	
Macroglobulin	

-0.0005	 0	 -0.0214	 0	 0	 -0.0014	 -0.3183	(<0.001)	

Apolipoprotein	A-1	 0	 0	 0	 0	 0	 0	 -0.0502	(0.497)	
Apolipoprotein	C-III	 0	 0	 0	 0	 0	 0	 0.2049	(0.006)	
Apolipoprotein	H	 0.0571	 0.0838	 0.0762	 0.1479	 0.1309	 0.0512	 0.3348	(<0.001)	
Beta-2	
Microglobulin	

0	 0	 0	 0	 0	 0	 0.1495	(0.044)	

Brain	Derived	
Neurotrophic	Factor	

0	 0	 0	 0	 0	 0	 0.0412	(0.576)	

Calcitonin1	 0.0469	 0.0765	 0.0668	 0.1681	 0.0895	 0.0352	 0.3435	(0.020)	
Cancer	Antigen	19-9	 0	 0	 0	 0	 0	 0	 -0.0007	(0.992)	
Cancer	Antigen	125	 0	 0	 0	 0	 0	 0	 0.0724	(0.329)	
Carcinoembryonic	
Antigen	

0	 0	 0	 0	 0	 0	 0.0157	(0.831)	

Soluble	CD14	 -0.1133	 -0.1679	 -0.1296	 -0.2492	 -0.1923	 -0.0994	 -0.1716	(0.023)	
CD40	 0	 0	 0	 0	 0	 0	 0.0302	(0.682)	
CD40Ligand	 0	 0	 0	 0	 0	 0	 -0.0096	(0.896)	
Club	Cell	Secretory	
Protein	

0	 0	 0	 0	 0	 0	 0.0107	(0.885)	

Complement	3	 0.0847	 0.1238	 0.1183	 0.2080	 0.1483	 0.0767	 0.3855	(<0.001)	
C-Reactive	Protein	 0.2105	 0.3150	 0.2188	 0.3791	 0.2902	 0.1923	 0.3537	(<0.001)	
Creatine	Kinase-MB	 0	 0	 0.0062	 0	 0	 0	 0.2130	(0.005)	
Endothelin-12	 0	 0	 0	 0	 0	 0	 -0.0262	(0.874)	
Eotaxin		 -0.0451	 -0.0904	 -0.0693	 -0.1443	 -0.1277	 -0.0335	 -0.0946	(0.206)	
Epidermal	Growth	
Factor	

-0.0140	 -0.0591	 -0.0396	 -0.1180	 -0.0689	 -0.0041	 -0.1000	(0.174)	

Epithelial-Derived	
Neutrophil-
Activating	Protein-
78	

0	 0	 0	 0	 0	 0	 -0.0065	(0.930)	

Erythropoietin1	 0	 0	 0	 0	 0	 0	 0.0914	(0.535)	
Extracellular	Newly	
Identified	RAGE-
Binding	Protein		

0	 0	 0	 0	 0	 0	 0.0347	(0.637)	

Fatty	Acid	Binding	 0	 0	 0	 0	 0	 0	 0.2592	(0.001)	
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Table 2.10: Aim 1. TESAOD application, overweight subjects (N=463 normal-
weight, N=306 overweight)



Protein	
Ferritin	 0.1131	 0.0969	 0.1120	 0.1431	 0.1055	 0.1115	 0.4215	(<0.001)	
Fibrinogen	 0	 0	 0	 0	 0	 0	 0.1263	(0.087)	
Fibroblast	Growth	
Factor-Basic2	

0	 0	 0	 0	 0	 0	 0.1792	(0.251)	

Granulocyte	Colony-
Stimulating	Factor	

-0.0713	 -0.1647	 -0.0879	 -0.2319	 -0.1709	 -0.0547	 -0.1155	(0.117)	

Granulocyte-
Macrophage	Colony-
Stimulating	Factor2	

0.0255	 0	 0.0445	 0.1224	 0	 0.0153	 0.4067	(0.036)	

Growth	Hormone	 -0.1163	 -0.1238	 -0.1259	 -0.1737	 -0.1566	 -0.1144	 -0.4159	(<0.001)	
Haptoglobin	 0	 0	 0	 0	 0	 0	 0.1710	(0.023)	
Immunoglobulin	A	 0	 0	 0	 0	 0	 0	 0.1227	(0.094)	
Immunoglobulin	E	 0	 0	 0	 0	 0	 0	 0.1331	(0.074)	
Immunoglobulin	M	 -0.0410	 -0.0288	 -0.0569	 -0.1228	 -0.0949	 -0.0320	 -0.1509	(0.041)	
Intercellular	
Adhesion	Molecule-
1	

0	 0	 0	 0	 0	 0	 0.0608	(0.411)	

Interferon-Gamma1	 0	 0	 0	 0	 0	 0	 -0.0739	(0.616)	
Interleukin-1alpha2	 0	 0	 -0.0097	 0	 0	 0	 -0.2350	(0.134)	
Interleukin-1beta1	 0	 0	 0	 0	 0	 0	 0.1519	(0.303)	
Interleukin-1	
Receptor	Antagonist	

0	 0	 0	 0	 0	 0	 0.0141	(0.849)	

Interleukin-32	 0	 0	 0.0027	 0	 0.0167	 0	 0.0991	(0.504)	
Interleukin-42	 0	 0	 -0.0022	 0	 0	 0	 -0.2057	(0.172)	
Interleukin-51	 0	 0	 0	 0	 0	 0	 -0.0003	(0.998)	
Interleukin-61	 0	 0	 0	 0	 0	 0	 0.1995	(0.176)	
Interleukin-72	 0	 0	 0.0014	 0	 0	 0	 0.1563	(0.292)	
Interleukin-8	 0	 0.0155	 0.0089	 0	 0	 0	 0.0810	(0.269)	
Interleukin-102	 0	 0	 0	 0	 0	 0	 0.1657	(0.316)	
Interleukin-12p402	 -0.0089	 0	 -0.0351	 -0.1216	 0	 0	 -0.2502	(0.146)	
Interleukin-13	 0	 0	 0	 0	 0	 0	 -0.0110	(0.881)	
Interleukin-151	 0	 0	 0	 0	 0	 0	 -0.1304	(0.376)	
Interleukin-16	 0	 -0.0597	 0	 0	 0	 0	 0.0584	(0.433)	
Interleukin-18	 0.0073	 0.0047	 0.0348	 0.1515	 0	 0	 0.2131	(0.005)	
Leptin	 0.2057	 0.3263	 0.2102	 0.3690	 0.3177	 0.1829	 0.2062	(0.008)	
Lipoprotein	(a)		 0	 0	 0	 0	 0	 0	 -0.1247	(0.094)	
Macrophage-
Derived	Chemokine	

0	 0	 0	 0	 0	 0	 0.0477	(0.517)	

Macrophage	
Inflammatory	
Protein-1alpha	

0	 0	 0	 0	 0	 0	 0.1057	(0.156)	
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Macrophage	
Inflammatory	
Protein-1beta	

0.0002	 0	 0.0307	 0	 0	 0	 0.1679	(0.026)	

Matrix	
Metalloproteinase-
21	

0	 0	 0	 0	 0	 0	 0.0212	(0.886)	

Matrix	
Metalloproteinase-3	

0	 0	 0	 0	 0	 0	 0.1937	(0.010)	

Matrix	
Metalloproteinase-
91	

0	 0	 0	 0	 0	 0	 0.1040	(0.480)	

Monocyte	
Chemotactic	
Protein-1	

0	 0	 0	 0	 0	 0	 0.1189	(0.110)	

Myeloperoxidase	 -0.0222	 0	 -0.0378	 -0.1046	 0	 -0.0113	 -0.0582	(0.430)	
Myoglobin	 0.2323	 0.3468	 0.2300	 0.3341	 0.2856	 0.2162	 0.4412	(<0.001)	
Plasminogen	
Activator	Inhibitor	1	

0	 0	 0	 0	 0	 0	 0.1848	(0.014)	

Pregnancy-
Associated	Plasma	
Protein	a	

0	 0	 0	 0	 0	 0	 -0.0047	(0.949)	

Prostatic	Acid	
Phosphatase1	

0	 0	 0	 0	 0	 0	 0.2134	(0.148)	

T-Cell	Specific	
Protein	RANTES	

0	 0	 0	 0	 0	 0	 0.0804	(0.278)	

Serum	Amyloid	P	 0.1352	 0	 0.1196	 0.0851	 0.1133	 0.1346	 0.5442	(<0.001)	
Serum	Glutamic	
Oxaloacetic	
Transminase	

0	 0	 0.0206	 0	 0	 0	 0.0672	(0.364)	

Sex	Hormone	
Binding	Globulin	

-0.2130	 -0.2033	 -0.1979	 -0.2220	 -0.2046	 -0.2009	 -0.5329	(<0.001)	

Stem	Cell	Factor	 0	 0	 0	 0	 0	 0	 0.0395	(0.591)	
Surfactant	Protein	D	 -0.1053	 -0.1518	 -0.1250	 -0.2361	 -0.2089	 -0.0924	 -0.1774	(0.020)	
Thrombopoietin	 0	 0	 0	 0	 0	 0	 0.0218	(0.767)	
Thyroid	Stimulating	
Hormone	

0	 0	 -0.0080	 0	 0	 0	 -0.0191	(0.795)	

Thyroxine	Binding	
Globulin	

0	 0	 0	 0	 0	 0	 -0.1083	(0.150)	

Tissue	Factor2	 0	 0	 0	 0	 0	 0	 -0.0137	(0.945)	
Tissue	Inhibitor	of	
Metalloproteinase	1	

0	 0	 0	 0	 0	 0	 0.1395	(0.059)	

Tumor	Necrosis	 0	 0	 0	 0	 0	 0	 0.0616	(0.407)	
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Factor-alpha	
Tumor	Necrosis	
Factor-beta2	

0	 0	 0	 0	 0	 0	 -0.0666	(0.682)	

Tumor	Necrosis	
Factor	RII	

0	 0	 0	 0	 0	 0	 0.1413	(0.056)	

Vascular	Cell	
Adhesion	Molecule-
1	

0	 0	 0	 0	 0	 0	 0.0698	(0.344)	

Vascular	Endothelial	
Growth	Factor	

0	 0	 0	 0	 0	 0	 0.1098	(0.138)	

von	Willebrand	
Factor	

0	 0	 0	 0	 0	 0	 0.0579	(0.430)	

YKL-40	 0	 0	 0.0108	 0	 0	 0	 0.1184	(0.108)	
	

1:	categorized	at	median	
2:	categorized	at	detection	limit	
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	 Lasso	 Adaptive	
LASSO	

Elastic	
Net	

Iterated	
LASSO	

BOLASSO
-75	

Weighted	
Fusion	

Logistic	
Regression,	
Coefficient		
(p-value)	

Adiponectin	 -0.0101	 0	 -0.0006	 0	 0	 -0.0853	 -0.3089	(0.018)	
Alpha-1	Antitrypsin	 0	 0	 0	 0	 0	 -0.0320	 -0.0748	(0.573)	
Alpha-Fetoprotein	 -0.0256	 0	 0	 0	 0	 -0.0730	 0.0009	(0.994)	
Alpha-2	
Macroglobulin	

-0.0187	 0	 -0.0065	 0	 0	 -0.1110	 -0.3163	(0.022)	

Apolipoprotein	A-1	 -0.2167	 -0.3546	 -0.1691	 -0.3127	 -0.2627	 -0.1011	 -0.1488	(0.260)	
Apolipoprotein	C-III	 0	 0	 0	 0	 0	 0	 0.1865	(0.121)	
Apolipoprotein	H	 0.0881	 0.1642	 0.0346	 0	 0.2160	 0.1277	 0.5315	(<0.001)	
Beta-2	
Microglobulin	

0	 0	 0	 0	 0	 0.0417	 0.3586	(0.005)	

Brain	Derived	
Neurotrophic	Factor	

0	 0	 0	 0	 0	 0	 0.2784	(0.024)	

Calcitonin1	 0	 0	 0	 0	 0	 0.0624	 0.2469	(0.349)	
Cancer	Antigen	19-9	 -0.1216	 -0.1226	 -0.0633	 0	 -0.3059	 -0.1439	 -0.1357	(0.269)	
Cancer	Antigen	125	 0	 0	 0	 0	 0	 -0.0081	 0.0942	(0.484)	
Carcinoembryonic	
Antigen	

-0.0516	 0	 0	 0	 -0.1779	 -0.1107	 -0.1338	(0.301)	

Soluble	CD14	 -0.1020	 -0.1706	 -0.0488	 0	 -0.2272	 -0.0965	 -0.0801	(0.544)	
CD40	 0	 0	 0	 0	 0	 -0.0167	 0.2122	(0.109)	
CD40Ligand	 -0.0176	 0	 0	 0	 0	 -0.0808	 -0.0731	(0.580)	
Club	Cell	Secretory	
Protein	

0	 0	 0	 0	 0	 -0.0705	 -0.1442	(0.263)	

Complement	3	 0.0899	 0	 0.0761	 0	 0	 0.1306	 0.5991	(<0.001)	
C-Reactive	Protein	 0.5213	 0.7636	 0.4765	 0.6802	 0.6052	 0.2526	 0.7864	(<0.001)	
Creatine	Kinase-MB	 0.0818	 0.1652	 0.0423	 0	 0.1442	 0.0957	 0.2967	(0.045)	
Endothelin-12	 0	 0	 0	 0	 0	 0.0487	 0.2000	(0.481)	
Eotaxin		 -0.0965	 -0.1557	 -0.0581	 0	 -0.2893	 -0.1414	 -0.2317	(0.111)	
Epidermal	Growth	
Factor	

0	 0	 0	 0	 0	 0.0190	 0.1794	(0.198)	

Epithelial-Derived	
Neutrophil-
Activating	Protein-
78	

0	 0	 0	 0	 0	 0.0353	 0.2525	(0.024)	

Erythropoietin1	 0	 0	 0	 0	 0	 -0.0174	 0.0736	(0.780)	
Extracellular	Newly	
Identified	RAGE-
Binding	Protein	

0	 0	 0	 0	 0	 0.0092	 0.0324	(0.803)	

Fatty	Acid	Binding	 0	 0	 0	 0	 0	 0	 0.3317	(0.029)	
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Table 2.11: Aim 1. TESAOD application, obese subjects (N=463 normal-weight,
N=66 obese)



Protein	
Ferritin	 0.0753	 0	 0.0469	 0	 0	 0.0671	 0.2900	(0.038)	
Fibrinogen	 0	 0	 0	 0	 0	 0.0168	 0.1290	(0.320)	
Fibroblast	Growth	
Factor-Basic2	

0	 0	 0	 0	 0	 0.0518	 0.4799	(0.074)	

Granulocyte	Colony-
Stimulating	Factor	

0	 0	 0	 0	 0	 0.0705	 0.3130	(0.027)	

Granulocyte-
Macrophage	Colony-
Stimulating	Factor2	

0	 0	 0	 0	 0	 0.0086	 0.2726	(0.430)	

Growth	Hormone	 0	 0	 0	 0	 0	 -0.0888	 -0.2576	(0.049)	
Haptoglobin	 0	 0	 0	 0	 0	 0.0107	 0.2537	(0.027)	
Immunoglobulin	A	 0	 0	 0	 0	 0	 -0.0046	 0.1143	(0.358)	
Immunoglobulin	E	 0	 0	 0	 0	 0	 0	 -0.0469	(0.720)	
Immunoglobulin	M	 -0.1014	 0	 -0.0450	 0	 0	 -0.1120	 -0.1411	(0.278)	
Intercellular	
Adhesion	Molecule-
1	

0	 0	 0	 0	 0	 0	 0.1826	(0.167)	

Interferon-Gamma1	 0.0820	 0.0300	 0.0245	 0	 0.1199	 0.1218	 0.3461	(0.195)	
Interleukin-1alpha2	 0	 0	 0	 0	 0	 0.0154	 0.1322	(0.624)	
Interleukin-1beta1	 0	 0	 0	 0	 0	 0.0535	 0.2558	(0.333)	
Interleukin-1	
Receptor	Antagonist	

0	 -0.0844	 0	 0	 0	 -0.0275	 0.1284	(0.353)	

Interleukin-32	 0	 0	 0	 0	 0	 -0.0185	 0.1956	(0.458)	
Interleukin-42	 0	 0	 0	 0	 0	 0	 -0.0315	(0.906)	
Interleukin-51	 0	 0	 0	 0	 0	 -0.0203	 -0.0217	(0.934)	
Interleukin-61	 0	 0	 0	 0	 0	 -0.0069	 0.4395	(0.098)	
Interleukin-72	 0.1132	 0	 0.0761	 0.012	 0	 0.1345	 0.6057	(0.023)	
Interleukin-8	 -0.0407	 0	 0	 0	 0	 -0.0765	 -0.0588	(0.665)	
Interleukin-102	 0	 0	 0	 0	 0	 0.0124	 0.4472	(0.110)	
Interleukin-12p402	 0	 0	 0	 0	 0	 0.0103	 0.2217	(0.435)	
Interleukin-13	 0	 0	 0	 0	 0	 -0.0653	 -0.0841	(0.533)	
Interleukin-151	 0	 0	 0	 0	 0	 -0.0037	 0.1434	(0.587)	
Interleukin-16	 0	 0	 0	 0	 0	 0.0531	 0.1822	(0.175)	
Interleukin-18	 0.1214	 0.0653	 0.0804	 0.0774	 0.2373	 0.0870	 0.3215	(0.015)	
Leptin	 0.9186	 1.1286	 0.8548	 1.2502	 1.1505	 0.3792	 1.3928	(<0.001)	
Lipoprotein	(a)		 0	 0	 0	 0	 0	 0	 -0.0010	(0.994)	
Macrophage-
Derived	Chemokine	

0	 0	 0	 0	 0	 0.0476	 0.2533	(0.042)	

Macrophage	
Inflammatory	
Protein-1alpha	

0	 0	 0	 0	 0	 0.0531	 0.2623	(0.057)	
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Macrophage	
Inflammatory	
Protein-1beta	

0	 0	 0	 0	 0	 0.0241	 0.2934	(0.022)	

Matrix	
Metalloproteinase-
21	

0.1090	 0	 0.0776	 0.0443	 0.1443	 0.1242	 0.6992	(0.011)	

Matrix	
Metalloproteinase-3	

0	 0	 0	 0	 0	 -0.0308	 -0.0218	(0.868)	

Matrix	
Metalloproteinase-
91	

0.0101	 0.0832	 0	 0	 0	 0.0606	 0.3084	(0.244)	

Monocyte	
Chemotactic	
Protein-1	

0.1628	 0.1471	 0.1269	 0.1792	 0.2546	 0.1275	 0.4521	(0.001)	

Myeloperoxidase	 0	 -0.0542	 0	 0	 0	 -0.0927	 -0.1054	(0.425)	
Myoglobin	 0.0391	 0	 0.0316	 0	 0	 0.0829	 0.3239	(0.011)	
Plasminogen	
Activator	Inhibitor	1	

0	 0	 0	 0	 0	 0.0454	 0.4603	(0.001)	

Pregnancy-
Associated	Plasma	
Protein	a	

0	 0	 0	 0	 0	 -0.0995	 -0.1306	(0.306)	

Prostatic	Acid	
Phosphatase1	

0	 0	 0	 0	 0	 -0.0477	 -0.0652	(0.805)	

T-Cell	Specific	
Protein	RANTES	

0	 0	 0	 0	 0	 0.0444	 0.4370	(0.002)	

Serum	Amyloid	P	 0	 0	 0.0019	 0	 0	 0.0836	 0.6526	(<0.001)	
Serum	Glutamic	
Oxaloacetic	
Transminase	

0.0340	 0.0234	 0	 0	 0	 0.0851	 0.0350	(0.791)	

Sex	Hormone	
Binding	Globulin	

-0.4768	 -0.6470	 -0.4499	 -0.7274	 -0.4767	 -0.2334	 -0.5552	(<0.001)	

Stem	Cell	Factor	 0	 0	 0	 0	 0	 0.0212	 0.3146	(0.008)	
Surfactant	Protein	D	 -0.3136	 -0.4086	 -0.2351	 -0.3848	 -0.4663	 -0.2820	 -0.4833	(0.002)	
Thrombopoietin	 0.0243	 0	 0.0147	 0	 0	 0.0933		 0.3849	(0.002)	
Thyroid	Stimulating	
Hormone	

-0.0264	 -0.0034	 0	 0	 0	 -0.0515	 -0.1010	(0.424)	

Thyroxine	Binding	
Globulin	

0	 0	 0	 0	 0	 0	 0.0722	(0.570)	

Tissue	Factor2	 0	 0	 0	 0	 0	 0.0788	 0.6627	(0.029)	
Tissue	Inhibitor	of	
Metalloproteinase	1	

0	 0	 0	 0	 0	 -0.0023	 0.2617	(0.031)	

Tumor	Necrosis	 0	 0	 0	 0	 0	 0.0380	 0.2958	(0.044)	
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Factor-alpha	
Tumor	Necrosis	
Factor-beta2	

0.0165	 0	 0	 0	 0	 0.0848	 0.2309	(0.406)	

Tumor	Necrosis	
Factor	RII	

0	 0	 0	 0	 0	 0.0287	 0.3291	(0.011)	

Vascular	Cell	
Adhesion	Molecule-
1	

0	 0.1194	 0	 0	 0	 0.0828	 0.2680	(0.043)	

Vascular	Endothelial	
Growth	Factor	

0	 0	 0	 0	 0	 0	 0.3250	(0.015)	

von	Willebrand	
Factor	

0.1980	 0.0683	 0.1737	 0.2571	 0.2694	 0.1364	 0.4185	(<0.001)	

YKL-40	 0.1095	 0.0847	 0.0733	 0.0314	 0.1979	 0.1151	 0.3671	(0.005)	
	

1:	categorized	at	median		
2:	categorized	at	detection	limit	
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	   Lasso	   Adaptive	  
LASSO	  

Elastic	  
Net	  

Iterated	  
LASSO	  

BOLASSO
-‐75	  

Weighted	  
Fusion	  

Logistic	  
Regression,	  
Coefficient	  	  
(p-‐value)	  

Adiponectin	   -‐0.2143	   -‐0.2770	   -‐0.2210	   -‐0.2827	   -‐0.2334	   -‐0.1985	   -‐0.4799	  (<0.001)	  
Alpha-‐1	  Antitrypsin	   -‐0.0311	   0	   -‐0.0464	   0	   0	   -‐0.0199	   -‐0.1415	  (0.045)	  
Alpha-‐Fetoprotein	   0	   0	   0	   0	   0	   0	   0.0833	  (0.238)	  
Alpha-‐2	  
Macroglobulin	  

-‐0.0435	   0	   -‐0.0580	   -‐0.0276	   -‐0.0705	   -‐0.0348	   -‐0.3158	  (<0.001)	  

Apolipoprotein	  A-‐1	   -‐0.0105	   -‐0.0257	   -‐0.0324	   0	   0	   0	   -‐0.0684	  (0.328)	  
Apolipoprotein	  C-‐III	   0	   0	   0	   0	   0	   0	   0.2077	  (0.003)	  
Apolipoprotein	  H	   0.0759	   0.1047	   0.0965	   0.1028	   0.1201	   0.0628	   0.3683	  (<0.001)	  
Beta-‐2	  
Microglobulin	  

0	   0	   0	   0	   0	   0	   0.1925	  (0.007)	  

Brain	  Derived	  
Neurotrophic	  Factor	  

0	   0	   0	   0	   0	   0	   0.0886	  (0.206)	  

Calcitonin1	   0.0461	   0.0647	   0.0657	   0.0782	   0.1076	   0.0236	   0.3263	  (0.020)	  
Cancer	  Antigen	  19-‐9	   0	   0	   0	   0	   0	   0	   -‐0.0265	  (0.703)	  
Cancer	  Antigen	  125	   0	   0	   0	   0	   0	   0	   0.0769	  (0.272)	  
Carcinoembryonic	  
Antigen	  

0	   0	   0	   0	   0	   0	   -‐0.0118	  (0.866)	  

Soluble	  CD14	   -‐0.1439	   -‐0.2052	   -‐0.1598	   -‐0.2411	   -‐0.1681	   -‐0.1143	   -‐0.1542	  (0.030)	  
CD40	   0	   -‐0.0075	   -‐0.0085	   0	   0	   0	   0.0618	  (0.376)	  
CD40Ligand	   0	   0	   0	   0	   0	   0	   -‐0.0206	  (0.768)	  
Club	  Cell	  Secretory	  
Protein	  

0	   0	   -‐0.0009	   0	   0	   0	   -‐0.0177	  (0.799)	  

Complement	  3	   0.1094	   0.1174	   0.1313	   0.1307	   0.1337	   0.0923	   0.4334	  (<0.001)	  
C-‐Reactive	  Protein	   0.2968	   0.4064	   0.3015	   0.4235	   0.3485	   0.2630	   0.4345	  (<0.001)	  
Creatine	  Kinase-‐MB	   0.0200	   0	   0.0344	   0	   0	   0.0087	   0.2235	  (0.002)	  
Endothelin-‐12	   0	   0	   0	   0	   0	   0	   0.0155	  (0.921)	  
Eotaxin	  	   -‐0.1066	   -‐0.1808	   -‐0.1291	   -‐0.2042	   -‐0.1816	   -‐0.0717	   -‐0.1164	  (0.099)	  
Epidermal	  Growth	  
Factor	  

0	   0	   0	   0	   0	   0	   -‐0.0540	  (0.438)	  

Epithelial-‐Derived	  
Neutrophil-‐
Activating	  Protein-‐
78	  

0	   0	   0	   0	   0	   0	   0.0507	  (0.466)	  

Erythropoietin1	   0	   0	   0	   0	   0	   0	   0.0883	  (0.526)	  
Extracellular	  Newly	  
Identified	  RAGE-‐
Binding	  Protein	  

0	   0	   0	   0	   0	   0	   0.0343	  (0.622)	  

Fatty	  Acid	  Binding	   0	   0	   0	   0	   0	   0	   0.2676	  (<0.001)	  
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Table 2.12: Aim 1. TESAOD application, overweight and obese subjects (N=463
normal-weight, N=372 overweight and obese)



Protein	  
Ferritin	   0.1036	   0.0834	   0.1068	   0.1397	   0.0701	   0.0988	   0.3946	  (<0.001)	  
Fibrinogen	   0	   0	   0	   0	   0	   0	   0.1273	  (0.069)	  
Fibroblast	  Growth	  
Factor-‐Basic2	  

0	   0	   0.0100	   0	   0	   0	   0.2341	  (0.111)	  

Granulocyte	  Colony-‐
Stimulating	  Factor	  

-‐0.0564	   -‐0.1372	   -‐0.0756	   -‐0.1276	   -‐0.1268	   -‐0.0252	   -‐0.0437	  (0.530)	  

Granulocyte-‐
Macrophage	  Colony-‐
Stimulating	  Factor2	  

0.0175	   0	   0.0320	   0	   0.0604	   0.0066	   0.3837	  (0.038)	  

Growth	  Hormone	   -‐0.1155	   -‐0.0898	   -‐0.1181	   -‐0.1430	   -‐0.1529	   -‐0.1158	   -‐0.3918	  (<0.001)	  
Haptoglobin	   0	   0	   0	   0	   0	   0	   0.1949	  (0.007)	  
Immunoglobulin	  A	   0	   0	   0	   0	   0	   0	   0.1245	  (0.075)	  
Immunoglobulin	  E	   0	   0	   0	   0	   0	   0	   0.1028	  (0.142)	  
Immunoglobulin	  M	   -‐0.0883	   -‐0.1068	   -‐0.0940	   -‐0.1568	   -‐0.0982	   -‐0.0715	   -‐0.1486	  (0.034)	  
Intercellular	  
Adhesion	  Molecule-‐
1	  

0	   0	   0	   0	   0	   0	   0.0842	  (0.229)	  

Interferon-‐Gamma1	   0	   0	   0	   0	   0	   0	   -‐0.0001	  (0.999)	  
Interleukin-‐1alpha2	   0	   0	   0	   0	   0	   0	   -‐0.1667	  (0.257)	  
Interleukin-‐1beta1	   0	   0	   0.0022	   0	   0	   0	   0.1703	  (0.222)	  
Interleukin-‐1	  
Receptor	  Antagonist	  

-‐0.0026	   0	   -‐0.0219	   0	   0	   0	   0.0328	  (0.638)	  

Interleukin-‐32	   0	   0	   0	   0	   0	   0	   0.1162	  (0.406)	  
Interleukin-‐42	   0	   0	   0	   0	   0	   0	   -‐0.1744	  (0.219)	  
Interleukin-‐51	   0	   0	   0	   0	   0	   0	   -‐0.0041	  (0.976)	  
Interleukin-‐61	   0	   0	   0	   0	   0	   0	   0.2417	  (0.083)	  
Interleukin-‐72	   0.0157	   0	   0.0348	   0	   0	   0	   0.2358	  (0.092)	  
Interleukin-‐8	   0	   0	   0	   0	   0	   0	   0.0582	  (0.403)	  
Interleukin-‐102	   0	   0	   0	   0	   0	   0	   0.2179	  (0.161)	  
Interleukin-‐12p402	   0	   0	   -‐0.0170	   0	   0	   0	   -‐0.1583	  (0.322)	  
Interleukin-‐13	   -‐0.0057	   0	   -‐0.0236	   0	   0	   0	   -‐0.0239	  (0.732)	  
Interleukin-‐151	   0	   0	   0	   0	   0	   0	   -‐0.0819	  (0.557)	  
Interleukin-‐16	   0	   -‐0.0243	   0	   0	   0	   0	   0.0790	  (0.263)	  
Interleukin-‐18	   0.0404	   0.0379	   0.0588	   0.0677	   0.0798	   0.0223	   0.2362	  (0.001)	  
Leptin	   0.3312	   0.4337	   0.3499	   0.4554	   0.4052	   0.2861	   0.3234	  (<0.001)	  
Lipoprotein	  (a)	  	   0	   0	   0	   0	   0	   0	   -‐0.1016	  (0.147)	  
Macrophage-‐
Derived	  Chemokine	  

0	   0	   0	   0	   0	   0	   0.0860	  (0.217)	  

Macrophage	  
Inflammatory	  
Protein-‐1alpha	  

0	   0	   0	   0	   0	   0	   0.1323	  (0.061)	  
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Macrophage	  
Inflammatory	  
Protein-‐1beta	  

0	   0	   0.0115	   0	   0	   0	   0.1924	  (0.008)	  

Matrix	  
Metalloproteinase	  -‐
21	  

0	   0	   0	   0	   0	   0	   0.1380	  (0.322)	  

Matrix	  
Metalloproteinase-‐3	  

0	   0	   0	   0	   0	   0	   0.1560	  (0.027)	  

Matrix	  
Metalloproteinase-‐
91	  

0	   0	   0	   0	   0	   0	   0.1401	  (0.315)	  

Monocyte	  
Chemotactic	  
Protein-‐1	  

0.0283	   0.0829	   0.0451	   0.0572	   0.0927	   0.0030	   0.1757	  (0.013)	  

Myeloperoxidase	   -‐0.0543	   -‐0.0728	   -‐0.0713	   -‐0.1149	   -‐0.0469	   -‐0.0239	   -‐0.0670	  (0.337)	  
Myoglobin	   0.2267	   0.3195	   0.2286	   0.2983	   0.2587	   0.2115	   0.4299	  (<0.001)	  
Plasminogen	  
Activator	  Inhibitor	  1	  

0	   0	   0	   0	   0	   0	   0.2314	  (0.001)	  

Pregnancy-‐
Associated	  Plasma	  
Protein	  a	  

0	   0	   0	   0	   0	   0	   -‐0.0279	  (0.689)	  

Prostatic	  Acid	  
Phosphatase1	  

0	   0	   0	   0	   0	   0	   0.1638	  (0.240)	  

T-‐Cell	  Specific	  
Protein	  RANTES	  

0	   0	   0	   0	   0	   0	   0.1368	  (0.052)	  

Serum	  Amyloid	  P	   0.1028	   0	   0.0961	   0.0668	   0	   0.1157	   0.5657	  (<0.001)	  
Serum	  Glutamic	  
Oxaloacetic	  
Transminase	  

0.0380	   0	   0.0561	   0.0795	   0	   0.0122	   0.0617	  (0.378)	  

Sex	  Hormone	  
Binding	  Globulin	  

-‐0.2827	   -‐0.3609	   -‐0.2739	   -‐0.3612	   -‐0.2703	   -‐0.2593	   -‐0.5321	  (<0.001)	  

Stem	  Cell	  Factor	   0	   0	   0	   0	   0	   0	   0.0931	  (0.182)	  
Surfactant	  Protein	  D	   -‐0.1612	   -‐0.2086	   -‐0.1794	   -‐0.2439	   -‐0.2401	   -‐0.1328	   -‐0.2215	  (0.002)	  
Thrombopoietin	   0	   0	   0	   0	   0	   0	   0.0924	  (0.186)	  
Thyroid	  Stimulating	  
Hormone	  

-‐0.0207	   -‐0.0430	   -‐0.0379	   -‐0.0273	   0	   0	   -‐0.0352	  (0.613)	  

Thyroxine	  Binding	  
Globulin	  

0	   0	   0	   0	   0	   0	   -‐0.0751	  (0.285)	  

Tissue	  Factor2	   0	   0	   0	   0	   0	   0	   0.1279	  (0.489)	  
Tissue	  Inhibitor	  of	  
Metalloproteinase	  1	  

0	   0	   0	   0	   0	   0	   0.1665	  (0.018)	  

Tumor	  Necrosis	   0	   0	   0	   0	   0	   0	   0.0982	  (0.162)	  
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Factor-‐alpha	  
Tumor	  Necrosis	  
Factor-‐beta2	  

0	   0	   0	   0	   0	   0	   -‐0.0113	  (0.941)	  

Tumor	  Necrosis	  
Factor	  RII	  

0	   0	   0	   0	   0	   0	   0.1797	  (0.011)	  

Vascular	  Cell	  
Adhesion	  Molecule-‐
1	  

0.0333	   0.0473	   0.0502	   0.0654	   0	   0.0103	   0.1073	  (0.125)	  

Vascular	  Endothelial	  
Growth	  Factor	  

0	   0	   0	   0	   0	   0	   0.1468	  (0.036)	  

von	  Willebrand	  
Factor	  

0	   0	   0.0039	   0	   0	   0	   0.1308	  (0.061)	  

YKL-‐40	   0.0284	   0.0278	   0.0434	   0.0222	   0.0654	   0.0152	   0.1619	  (0.021)	  
	  

1:	  categorized	  at	  median	  
2:	  categorized	  at	  detection	  limit	  
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2.5 Discussion

Given scenarios that might be present in serum biomarker research, variable

selection properties were compared between the LASSO and five LASSO-type

methods for the binary logistic regression model. Although there were situations

where one method outperformed the other methods, in general no method had an

overall superior performance. Considering both large and small effect sizes, Zou

also found that one method did not consistently outperform the other methods

(Zou, 2006). Zou shows that in low sample size scenarios the LASSO performed the

best with a low signal to noise ratio (SNR), while the AL outperformed the LASSO

when high SNR was present (Zou, 2006). Simulation results from the current study

show that the LASSO method generally was able to identify more of the non-zero

coefficients as compared to the AL. In identifying the true zero coefficients, both

the AL and the LASSO performed comparably with the exception of scenario 5 in

which the LASSO outperformed the AL. The EN has been shown to outperform

the LASSO when collinearity is present, however it typically chooses more variables

than the LASSO (Zou and Hastie, 2005). For scenarios with high correlation

(scenarios 2, 4, and 5), simulation results show the EN correctly identified the

true signals either comparably or better than the LASSO. As expected, the EN

included more noise variables for all scenarios. The IL has been shown to provide

a sparser solution as compared to the LASSO (Huang et al., 2008). Simulation

results show that although the IL tended to provide the most sparse solution, it

also demonstrated poor predictive ability. With sparse data-generating models, the

BL has been shown to outperform the LASSO (Bach, 2008). Simulation results

show that when considering a moderate number of true signals with moderate

correlation, the BL-75 had the best predictive ability. Lastly, the WF has been

shown to outperform the LASSO and EN (Daye and Jeng, 2009). Our simulation

results show that the WF correctly identified more true signals, but incorrectly

included more noise variables.
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For the data scenarios examined, choice of optimal LASSO-type method was

dependent on the structure of the data and should be guided by the research

objective. For example, for objectives that aim to identify the maximal number

of true signals, the WF might be most preferable and the IL and AL the least.

However, even though the WF identified the greatest number of true signals, it

also included more noise variables. Both the LASSO and EN performed well in

identifying the true signals and omitting the noise variables. For objectives that

aim to maximize prediction, the LASSO, EN, and WF might be optimal. For

scenarios with moderate number of true signals with moderate correlation, the

BL-75 showed the greatest predictive ability, however did not perform as well as

the other methods in terms of variable selection. Overall, the IL was outperformed

by the other methods in terms of variable selection and prediction. Still, no method

had a clear overall advantage over the others. Therefore, it is recommended that

choice of optimal LASSO-type method should be guided by knowledge of the

underlying scientific question and by the research objective.

When applying the LASSO and LASSO-type methods to the TESAOD data,

the overweight outcome and the obese outcome were considered. Considering

overweight and obesity as separate outcomes would allow the estimation of the

biomarker association levels specific to each condition. Additionally, the two

outcomes were combined in a separate analysis as this would provide the highest

power for most biomarkers as well as to provide a summary measure. It was

expected that similar biomarkers would be identified for the overweight and obese

outcomes. However, not all biomarkers were chosen consistently across all LASSO

and LASSO-type methods when considering overweight and obesity as separate

outcomes. ApoH and sCD14 were consistently chosen across all methods for the

overweight outcome and across all methods except for the IL for the obese outcome.

Similarly, Adiponectin, C3, Ferritin, IgM, and Myoglobin were consistently chosen

across all methods for the overweight outcome and across all methods for the obese
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outcome except for AL, IL, and BL-75. Results for the simulation study suggest

that the IL might not always choose the true signal and the LASSO, EN, and WF

might be more likely to identify the true signal as compared to AL and BL-75.

Other biomarkers such as Calcitonin and GH were consistently chosen for the

overweight outcome, but never chosen for the obese outcome. In contrast, MCP-1

and vWF were never chosen for the overweight outcome, but always chosen for the

obese outcome. These differences may in part be due to methodology and different

sample sizes in the overweight and obese categories, but they also might be due to

biological differences between the two outcomes.

Overall, in addition to the known associations of Adiponectin, CRP, and

Leptin, the LASSO methods identified serum biomarkers that have been reported

to be associated with obesity and/or obesity related conditions (Glass et al., 1977;

Kopelman et al., 1980; De Pergola et al., 2013; Esposito et al., 2002; Fernandez-Real

et al., 2010; Folsom et al., 1999, 1993; Gomez-Ambrosi et al., 2006; Hamalainen

et al., 2014; Hempen et al., 2009; Kalme et al., 2005; Laaksonen et al., 2004; Le

et al., 2012; Ortega et al., 2013; Rosito et al., 2004; Rumley et al., 1999; Scacchi

et al., 1999; Sonneveld et al., 2014; Sorensen et al., 2006; Tzoulaki et al., 2007;

Wallace et al., 2013; Willeit et al., 2013; Zahedi et al., 2004; Rashad et al., 2013).

The LASSO-type methods were able to identify serum biomarkers that were known

to be associated with obesity and obesity related conditions, demonstrating the

promise of such methods in future investigations.
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CHAPTER 3

Measurement Error Correction in the LASSO Model when Validation Data are

Available

The work presented in this chapter corresponds to the second aim. The manuscript

corresponding to the second aim has been submitted for publication and can be

found in Appendix B.

3.1 Introduction

A simple measurement error correction method for penalized linear regression

methods has been proposed. Xu and You studied a simple correction method that

subtracts a bias correction term from the least squares function which has been

penalized by the smoothly clipped absolute deviation (SCAD) penalty (Xu and

You, 2007). This method was shown to perform well at eliminating false positives

whether the distribution of measurement error for the bias correction term is known

or estimated with replication data. (Xu and You, 2007). Similarly, Liang and Li

proposed a correction method for the partially linear model with measurement error

using the SCAD penalty (Liang and Li, 2009). They demonstrated an improvement

in estimation accuracy and variable selection (Liang and Li, 2009). Additionally,

Sorensen, Frigessi, and Thoresen showed that the bias correction term applied

with the LASSO penalty improved estimation accuracy and reduced the number

of false positives (Sorensen et al., 2014b). Although the subtraction of the bias

correction term is simple to implement and can improve bias and variable selection,

the distribution of the measurement error for the bias correction term is usually

assumed to be known or estimated by replication data. However, in practice the

measurement error distribution is unknown and can be costly to estimate.
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In the TESAOD study, CRP was measured by a multiplex assay and was re-

measured by a single biomarker assay. It was assumed that measurements obtained

by the single biomarker assay would be more precise and measurements were

compared between both assays. Replicate data for a small subset of the study

sample was obtained from both assays and CV was shown to be reduced in the

single biomarker assay.

It has been recommended to utilize multiplex assays as a screening tool to

identify promising candidates, then to re-measure these candidates using a single

biomarker assay to increase precision (Leng et al., 2008; Zhou et al., 2010;

Djoba Siawaya et al., 2008). Motivated by the TESAOD study data and by this

recommendation, the measurement error correction method for the penalized linear

regression model is adapted using validation data. The validation data is used to

estimate the measurement error distribution using a subset of serum biomarkers

that have been re-measured in a randomly selected subset of the study population.

3.2 Methods

3.2.1 Review of the Corrected LASSO Procedure

The least squares loss function that includes the error prone covariates, Wi instead

of Xi is biased. That is,

E
[
(Yi − β0 − βᵀWi)

2 |Xi

]
= E

[
[Yi − β0 − βᵀ (Xi + Ui)]

2 |Xi

]
= E

[
(Yi − β0 − βᵀXi − βᵀUi)

2 |Xi

]
= E

[
(Yi − β0 − βᵀXi)

2 − 2βᵀUi (Yi − β0 − βᵀXi) + βᵀUUᵀβ|Xi

]
= E

[
(Yi − β0 − βᵀXi)

2 |Xi

]
+ βᵀΣuuβ

(3.1)

where βᵀΣuuβ is the bias introduced when Wi is used instead of Xi.
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When the covariance matrix Σuu is known, the corrected LASSO procedure

(Xu and You, 2007; Liang and Li, 2009; Sorensen et al., 2014b) simply subtracts

the bias correction term, βᵀΣuuβ from the penalized least squares function and

minimizes the corrected function,

1

2

N∑
i=1

(Yi − β0 −Wᵀ
iβ)2 − N

2
· βᵀΣuuβ +N · λ ·

p∑
j=1

|βj|. (3.2)

3.2.2 Corrected LASSO Procedure with Validation Data

The corrected LASSO procedure described above assumes that Σuu is known.

Using the TESAOD study as motivation, it is assumed that all measurements for

the serum biomarkers obtained by the multiplex assay are measured with error for

the full study sample and that a subset of serum biomarkers are measured using

a more precise method (the gold standard) for a randomly selected subset of the

study sample (the internal validation set), and consider that these biomarkers are

selected based on prior knowledge and budget of the investigation. The validation

data is then used to obtain an estimate of the measurement error distribution for

the bias correction term.

For subjects in the validation set, the accurate X is used if available (for

subjects in the validation set) and the error-prone W is used if X is not available

(for subjects not in the validation set). For the ith subject (i=1, 2, ..., N), define

an indicator for the internal validation set as ξi = 1 if the ith subject is in the

validation set and ξi = 0 otherwise. Let ξ̄i = 1 − ξi. Then, the modified corrected

LASSO is defined as,

1

2

N∑
i=1

[
Yi − β0 −

(
ξiX

ᵀ
iβX + ξ̄iW

ᵀ
iβW

)]2 − ξ̄i(N
2
· βᵀ

XΣ̂uuβX

)
+N · λ ·

p∑
j=1

|βj|,

(3.3)



55

where the covariance matrix Σ̂uu is an estimate for the unknown covariance matrix

Σuu and is estimated by the internal validation set. The subtraction of the bias

correction term is only implemented for subjects not in the validation set.

Coordinate descent is an efficient algorithm that has been used to obtain the

LASSO estimates (Friedman et al., 2007). Coordinate descent is an iterative

method that minimizes a function over one parameter at a time, keeping all other

parameters fixed. A modified coordinate descent algorithm that accounts for the

bias correction term has been derived and included in Appendix B.

3.3 Simulation Study

A simulation study that compares the corrected LASSO with validation data to

the uncorrected LASSO with validation data is performed. The corrected LASSO

subtracts the bias correction term that has been estimated by the validation data.

For both methods Wi is replaced by Xi when available in the validation set. A

total of 1,000 datasets are generated for a total sample size of N=1,000 with p=100

serum biomarkers measured with error. The error-free vector Xi is generated from

a multivariate normal distribution with mean 0 and the identity matrix as the

variance-covariance matrix, so all serum biomarkers are uncorrelated. Measurement

error is generated from a normal distribution with mean 0 and standard deviation

0.5 for moderate measurement error and 1.0 for large measurement error. Wi is

obtained by adding the measurement error vector to Xi.

Table 3.1 describes the eight scenarios that are considered. Scenarios

1-4 consider few true signals (sparse models). For these scenarios, 5

true signals (β1 = β2 = β3 = β4 = β5 = 1) and 95 noise covariates

(β6 = β7 = ... = β100 = 0) are studied. Scenarios 5-8 consider a moderate

number of true signals (non-sparse models). For these scenarios, 40 true signals
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(β1 = β2 = β3 = β4 = β5 = 1, β6 = β7 = ... = β40 ∼ Uniform Distribution(0.1, 1))

and 60 noise covariates (β60 = β61 = ... = β100 = 0) are studied. Optimal tuning

parameters were identified using 10-fold cross validation in order to minimize model

mean squared error and all coefficients were penalized equally.



	   Data	  Generation	   Measurement	  Error	  Correction	  

Scenario	   Number	  
of	  True	  
Signals	  

Non-‐Zero	  Coefficients	  in	  
Multiple	  Linear	  Regression	  

Models	  

SD	  	  
of	  	  

Error	  

Number	  of	  
Corrected	  
Covariates	  

	  

Validation	  
Data	  

1	   5	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =	  1	  
	  
	  

0.50	   1,2,3,4,5	   10%	  

2	   5	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =1	  
	  
	  

0.50	   1,2,3,4,5	   20%	  

3	   5	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =	  1	  
	  
	  

1.00	   1,2,3,4,5	   10%	  

4	   5	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =	  1	  
	  
	  

1.00	   1,2,3,4,5	   20%	  

5	   40	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =	  1,	  
β6	  =	  β7	  =	  …	  =	  β40	  ~	  U	  (0.1,	  1)	  

	  

0.50	   1,2,3,4,5	   10%	  

6	   40	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =	  1,	  
β6	  =	  β7	  =	  …	  =	  β40	  ~	  U	  (0.1,	  1)	  

	  

0.50	   1,2,3,4,5	   20%	  

7	   40	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =	  1,	  
β6	  =	  β7	  =	  …	  =	  β40	  ~	  U	  (0.1,	  1)	  

	  

1.00	   1,2,3,4,5	   10%	  

8	   40	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =	  1,	  
β6	  =	  β7	  =	  …	  =	  β40	  ~U	  (0.1,	  1)	  

	  

1.00	   1,2,3,4,5	   20%	  

	  

57

Table 3.1: Aim 2. Simulation scenarios
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Results obtained by the corrected LASSO with validation data are compared to the

uncorrected LASSO with validation data. Estimation accuracy is reported as the

median of squared error (MSE), defined as the difference between the estimated

coefficient from the error-prone models and that from the true values over the 1,000

simulations. The MSE is reported for each of the first five non-zero coefficients and

for the MSE across all 100 predictors. Variable selection performance is assessed as

the mean number of true positives (TP) and false positives (FP) selected by each

model.

Table 3.2 shows results for sparse models with moderate measurement error

(scenarios 1 and 2). For the uncorrected model with all variables measured with

error and without validation data, the overall MSE for all predictors was 0.299 with

mean number of 5 TP and 14 FP. After correction, bias decreased and variable

selection improved. For scenario 1 with 10% validation data, after correcting for

one variable the overall MSE was 0.258, which decreased to 0.147 after correcting

for five variables. Results for scenario 2 with 20% validation show similar and

slightly improved results. After correcting for one variable the overall MSE was

0.253, which decreased to 0.116 after correcting for five variables. Using 10% and

20% validation data, correction for one variable reduced the mean number of FP

to 6 and correction for five variables reduced the mean number of FP to almost 0.

The mean number of TP was five for all models.



	  

^	  The	  first	  row	  shows	  results	  for	  the	  error-‐prone	  model	  without	  validation	  data.	  This	  would	  
represent	  the	  model	  with	  only	  multiplex	  data.	  
*	  The	  covariates	  W1-‐W5	  include	  validation	  data	  and	  represent	  the	  5	  of	  100	  covariates	  that	  may	  
be	  corrected.	  These	  columns	  show	  the	  bias	  (MSE)	  for	  each	  of	  the	  individual	  estimates.	  	  
#	  This	  column	  represents	  the	  MSE	  for	  all	  100	  predictors.	  

Scenarios	   Method	   Median	  of	  Squared	  Error	   Variable	  Selection	  
W1*	   W2*	   W3*	   W4*	   W5*	   All	  	  

Predictors#	  
True	  

Positive	  
(mean)	  

False	  
Positive	  
(mean)	  

No	  validation	  
data^	  

Uncorrected	   0.058	   0.059	   0.058	   0.059	   0.057	   0.299	   5	   13.995	  

Scenario	  1:	  
1	  corrected,	  10%	  	  

Uncorrected	   0.050	   0.059	   0.058	   0.059	   0.057	   0.291	   5	   14.063	  
Corrected	   0.003	   0.062	   0.061	   0.063	   0.061	   0.258	   5	   5.543	  

Scenario	  1:	  
2	  corrected,	  10%	  

Uncorrected	   0.050	   0.051	   0.058	   0.058	   0.057	   0.283	   5	   14.150	  
Corrected	   0.007	   0.007	   0.072	   0.073	   0.072	   0.237	   5	   1.139	  

Scenario	  1:	  
3	  corrected,	  10%	  

Uncorrected	   0.050	   0.051	   0.050	   0.059	   0.057	   0.274	   5	   14.142	  
Corrected	   0.013	   0.013	   0.013	   0.086	   0.085	   0.217	   5	   0.126	  

Scenario	  1:	  
4	  corrected,	  10%	  

Uncorrected	   0.050	   0.051	   0.050	   0.051	   0.057	   0.267	   5	   14.13	  
Corrected	   0.020	   0.020	   0.020	   0.020	   0.099	   0.187	   5	   0.014	  

Scenario	  1:	  
5	  corrected,	  10%	  

Uncorrected	   0.049	   0.051	   0.050	   0.051	   0.050	   0.258	   5	   13.912	  
Corrected	   0.027	   0.026	   0.027	   0.028	   0.028	   0.147	   5	   0.002	  

Scenario	  2:	  
1	  corrected,	  20%	  

Uncorrected	   0.043	   0.058	   0.058	   0.059	   0.057	   0.283	   5	   14.18	  
Corrected	   0.003	   0.062	   0.061	   0.062	   0.060	   0.253	   5	   6.265	  

Scenario	  2:	  
2	  corrected,	  20%	  

Uncorrected	   0.043	   0.044	   0.057	   0.058	   0.057	   0.267	   5	   14.063	  
Corrected	   0.006	   0.006	   0.068	   0.069	   0.068	   0.221	   5	   1.685	  

Scenario	  2:	  
3	  corrected,	  20%	  

Uncorrected	   0.043	   0.044	   0.044	   0.058	   0.057	   0.252	   5	   13.867	  
Corrected	   0.010	   0.011	   0.010	   0.080	   0.080	   0.197	   5	   0.215	  

Scenario	  2:	  
4	  corrected,	  20%	  

Uncorrected	   0.042	   0.043	   0.042	   0.043	   0.057	   0.235	   5	   14.075	  
Corrected	   0.016	   0.016	   0.016	   0.016	   0.092	   0.161	   5	   0.018	  

Scenario	  2:	  
5	  corrected,	  20%	  

Uncorrected	   0.042	   0.043	   0.042	   0.042	   0.042	   0.218	   5	   14.186	  
Corrected	   0.022	   0.022	   0.022	   0.021	   0.022	   0.116	   5	   0.001	  
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Table 3.2: Aim 2. Sparse solution, moderate measurement error
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Table 3.3 shows results for sparse models with large measurement error (scenarios

3 and 4). For the uncorrected model with all variables measured with error and

without validation data, the MSE for all predictors was 1.537 with mean number of

5 TP and 14 FP. For scenario 3 with 10% validation data, after correcting for one

variable the overall MSE is 1.525, which decreases to 0.694 after correcting for five

variables. Scenario 4 with 20% validation data shows similar results, again with less

bias. After correcting for one variable, the overall MSE was 1.464, which decreases

to 0.636 after correcting for five variables. For variable selection, correction for one

variable using 10% and 20% validation data reduces the mean number of FP to less

than one and correction for five variables reduces the mean number of FP to almost

0. The mean number of TP again remained at five for all models.



	  

^	  The	  first	  row	  shows	  results	  for	  the	  error-‐prone	  model	  without	  validation	  data.	  This	  would	  
represent	  the	  model	  with	  only	  multiplex	  data.	  
*	  The	  covariates	  W1-‐W5	  include	  validation	  data	  and	  represent	  the	  5	  of	  100	  covariates	  that	  may	  
be	  corrected.	  These	  columns	  show	  the	  bias	  (MSE)	  for	  each	  of	  the	  individual	  estimates.	  	  
#	  This	  column	  represents	  the	  MSE	  for	  all	  100	  predictors.	  

Scenarios	   Method	   Median	  of	  Squared	  Error	   Variable	  Selection	  
W1*	   W2*	   W3*	   W4*	   W5*	   All	  	  

Predictors#	  
True	  

Positive	  
(mean)	  

False	  
Positive	  
(mean)	  

No	  validation	  
data^	  

Uncorrected	   0.303	   0.306	   0.303	   0.307	   0.304	   1.537	   5	   13.897	  

Scenario	  3:	  
1	  corrected,	  10%	  	  

Uncorrected	   0.277	   0.306	   0.303	   0.307	   0.303	   1.507	   5	   14.159	  
Corrected	   0.042	   0.370	   0.365	   0.371	   0.365	   1.525	   5	   0.76	  

Scenario	  3:	  
2	  corrected,	  10%	  

Uncorrected	   0.277	   0.279	   0.302	   0.306	   0.302	   1.479	   5	   14.397	  
Corrected	   0.086	   0.090	   0.426	   0.429	   0.424	   1.474	   5	   0.034	  

Scenario	  3:	  
3	  corrected,	  10%	  

Uncorrected	   0.277	   0.280	   0.277	   0.307	   0.303	   1.452	   5	   14.085	  
Corrected	   0.107	   0.110	   0.114	   0.450	   0.450	   1.272	   5	   0.002	  

Scenario	  3:	  
4	  corrected,	  10%	  

Uncorrected	   0.276	   0.279	   0.276	   0.280	   0.303	   1.423	   5	   14.302	  
Corrected	   0.113	   0.115	   0.116	   0.116	   0.457	   0.999	   5	   0	  

Scenario	  3:	  
5	  corrected,	  10%	  

Uncorrected	   0.275	   0.278	   0.276	   0.279	   0.276	   1.398	   5	   14.337	  
Corrected	   0.114	   0.113	   0.116	   0.116	   0.116	   0.694	   4.999	   0	  

Scenario	  4:	  
1	  corrected,	  20%	  

Uncorrected	   0.250	   0.305	   0.304	   0.305	   0.303	   1.478	   5	   14.05	  
Corrected	   0.035	   0.356	   0.354	   0.355	   0.353	   1.464	   5	   0.877	  

Scenario	  4:	  
2	  corrected,	  20%	  

Uncorrected	   0.249	   0.252	   0.301	   0.304	   0.303	   1.422	   5	   14.179	  
Corrected	   0.077	   0.078	   0.410	   0.415	   0.414	   1.407	   5	   0.015	  

Scenario	  4:	  
3	  corrected,	  20%	  

Uncorrected	   0.247	   0.251	   0.250	   0.304	   0.302	   1.360	   5	   14.359	  
Corrected	   0.150	   0.108	   0.104	   0.445	   0.445	   1.222	   5	   0	  

Scenario	  4:	  
4	  corrected,	  20%	  

Uncorrected	   0.247	   0.251	   0.247	   0.250	   0.301	   1.304	   5	   14.679	  
Corrected	   0.113	   0.117	   0.118	   0.113	   0.456	   0.965	   5	   0	  

Scenario	  4:	  
5	  corrected,	  20%	  

Uncorrected	   0.246	   0.250	   0.246	   0.249	   0.247	   1.245	   5	   14.877	  
Corrected	   0.118	   0.122	   0.120	   0.114	   0.115	   0.636	   5	   0	  
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Table 3.3: Aim 2. Sparse solution, large measurement error
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Table 3.4 shows results for non-sparse models and moderate measurement error

(scenarios 5 and 6). For the uncorrected model with all variables measured with

error and without validation data, the MSE for all predictors was 1.225 with mean

number of 40 TP and 34 FP. While there was a reduction in MSE for the individually

corrected predictors, the MSE for all predictors remained relatively consistent. For

scenario 5 with 10% validation data, the overall MSE with one corrected variable

was 1.228 as compared to 1.212 for the uncorrected model with validation data.

For five corrected variables, the overall MSE was 1.147 as compared to 1.181 for

the uncorrected model with validation data. A similar trend is seen for scenario 6

with 20% validation data. For variable selection, correction for one variable using

10% validation data reduces the mean number of FP to 27 and correction for five

variables reduces the mean number of FP to 19. For 20% validation data, correction

for one variable reduces the mean number of FP to 27 and correction for five variables

reduces the mean number of FP to 20. The mean number of TP remained at 39 to

40 for all models.



	  

^	  The	  first	  row	  shows	  results	  for	  the	  error-‐prone	  model	  without	  validation	  data.	  This	  would	  
represent	  the	  model	  with	  only	  multiplex	  data.	  
*	  The	  covariates	  W1-‐W5	  include	  validation	  data	  and	  represent	  the	  5	  of	  100	  covariates	  that	  may	  
be	  corrected.	  These	  columns	  show	  the	  bias	  (MSE)	  for	  each	  of	  the	  individual	  estimates.	  	  
#	  This	  column	  represents	  the	  MSE	  for	  all	  100	  predictors.	  

Scenarios	   Method	   Median	  of	  Squared	  Error	   Variable	  Selection	  
W1*	   W2*	   W3*	   W4*	   W5*	   All	  	  

Predictors#	  
True	  

Positive	  
(mean)	  

False	  
Positive	  
(mean)	  

No	  validation	  
data^	  

Uncorrected	   0.053	   0.053	   0.055	   0.054	   0.053	   1.225	   39.887	   33.700	  

Scenario	  5:	  
1	  corrected,	  10%	  	  

Uncorrected	   0.046	   0.053	   0.055	   0.054	   0.053	   1.212	   39.884	   33.718	  
Corrected	   0.003	   0.054	   0.057	   0.056	   0.055	   1.228	   39.163	   26.495	  

Scenario	  5:	  
2	  corrected,	  10%	  

Uncorrected	   0.047	   0.045	   0.055	   0.054	   0.053	   1.202	   39.897	   33.762	  
Corrected	   0.004	   0.004	   0.058	   0.057	   0.056	   1.206	   39.086	   24.439	  

Scenario	  5:	  
3	  corrected,	  10%	  

Uncorrected	   0.046	   0.045	   0.048	   0.053	   0.053	   1.202	   39.887	   33.715	  
Corrected	   0.004	   0.004	   0.004	   0.059	   0.058	   1.178	   38.998	   22.365	  

Scenario	  5:	  
4	  corrected,	  10%	  

Uncorrected	   0.046	   0.046	   0.048	   0.047	   0.053	   1.189	   39.895	   33.538	  
Corrected	   0.004	   0.005	   0.005	   0.005	   0.059	   1.161	   38.925	   20.472	  

Scenario	  5:	  
5	  corrected,	  10%	  

Uncorrected	   0.046	   0.045	   0.048	   0.047	   0.046	   1.181	   39.897	   33.569	  
Corrected	   0.005	   0.005	   0.005	   0.005	   0.004	   1.147	   38.835	   18.546	  

Scenario	  6:	  
1	  corrected,	  20%	  

Uncorrected	   0.039	   0.053	   0.055	   0.054	   0.053	   1.202	   39.880	   33.635	  
Corrected	   0.003	   0.054	   0.057	   0.055	   0.055	   1.220	   39.170	   26.733	  

Scenario	  6:	  
2	  corrected,	  20%	  

Uncorrected	   0.040	   0.040	   0.056	   0.054	   0.053	   1.189	   39.892	   33.652	  
Corrected	   0.003	   0.003	   0.058	   0.057	   0.056	   1.191	   39.119	   24.897	  

Scenario	  6:	  
3	  corrected,	  20%	  

Uncorrected	   0.040	   0.040	   0.041	   0.053	   0.053	   1.169	   39.887	   33.587	  
Corrected	   0.003	   0.003	   0.003	   0.058	   0.058	   1.158	   39.055	   23.358	  

Scenario	  6:	  
4	  corrected,	  20%	  

Uncorrected	   0.040	   0.040	   0.041	   0.040	   0.053	   1.155	   39.897	   33.67	  
Corrected	   0.003	   0.004	   0.004	   0.003	   0.059	   1.124	   38.998	   21.639	  

Scenario	  6:	  
5	  corrected,	  20%	  

Uncorrected	   0.039	   0.040	   0.041	   0.039	   0.040	   1.136	   39.902	   33.819	  
Corrected	   0.004	   0.004	   0.004	   0.003	   0.004	   1.092	   38.925	   20.140	  

63

Table 3.4: Aim 2. Non-sparse solution, moderate measurement error
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Table 3.5 shows results for non-sparse models and large measurement error (scenarios

7 and 8). For the uncorrected model with all variables measured with error and

without validation data, the MSE for all predictors was 6.093 with a mean number of

38 TP and 31 FP. For both scenarios, again while the individual corrected predictors

showed less bias, the overall MSE was greater for the corrected models. For variable

selection, correction for one variable using 10% validation data reduces the mean

number of FP to 18 and correction for five variables reduces the mean number of FP

to 4. For 20% validation data, correction for one variable reduces the mean number

of FP to 20 and correction for five variables reduces the mean number of FP to 6.

The mean number of TP was 32 to 36 for all corrected models.



	  

^	  The	  first	  row	  shows	  results	  for	  the	  error-‐prone	  model	  without	  validation	  data.	  This	  would	  
represent	  the	  model	  with	  only	  multiplex	  data.	  
*	  The	  covariates	  W1-‐W5	  include	  validation	  data	  and	  represent	  the	  5	  of	  100	  covariates	  that	  may	  
be	  corrected.	  These	  columns	  show	  the	  bias	  (MSE)	  for	  each	  of	  the	  individual	  estimates.	  	  
#	  This	  column	  represents	  the	  MSE	  for	  all	  100	  predictors.	  

Scenarios	   Method	   Median	  of	  Squared	  Error	   Variable	  	  
Selection	  

W1*	   W2*	   W3*	   W4*	   W5*	   All	  	  
Predictors#	  

True	  
Positive	  
(mean)	  

False	  
Positive	  
(mean)	  

No	  validation	  
data^	  

Uncorrected	   0.297	   0.298	   0.299	   0.297	   0.299	   6.093	   38.274	   31.384	  

Scenario	  7:	  
1	  corrected,	  10%	  	  

Uncorrected	   0.273	   0.298	   0.299	   0.299	   0.299	   6.076	   38.289	   31.292	  
Corrected	   0.020	   0.318	   0.315	   0.316	   0.319	   6.229	   36.205	   18.174	  

Scenario	  7:	  
2	  corrected,	  10%	  

Uncorrected	   0.271	   0.271	   0.300	   0.299	   0.297	   6.037	   38.307	   31.482	  
Corrected	   0.027	   0.027	   0.336	   0.336	   0.336	   6.359	   35.036	   12.74	  

Scenario	  7:	  
3	  corrected,	  10%	  

Uncorrected	   0.271	   0.271	   0.272	   0.298	   0.297	   6.012	   38.312	   31.458	  
Corrected	   0.033	   0.036	   0.037	   0.359	   0.356	   6.545	   33.881	   8.931	  

Scenario	  7:	  
4	  corrected,	  10%	  

Uncorrected	   0.270	   0.272	   0.273	   0.273	   0.298	   5.985	   38.300	   31.31	  
Corrected	   0.044	   0.045	   0.040	   0.045	   0.379	   6.754	   32.589	   6.065	  

Scenario	  7:	  
5	  corrected,	  10%	  

Uncorrected	   0.270	   0.270	   0.272	   0.272	   0.273	   5.942	   38.322	   31.609	  
Corrected	   0.055	   0.056	   0.055	   0.057	   0.052	   6.990	   31.481	   4.195	  

Scenario	  8:	  
1	  corrected,	  20%	  

Uncorrected	   0.244	   0.297	   0.298	   0.297	   0.298	   6.032	   38.305	   31.468	  
Corrected	   0.015	   0.312	   0.314	   0.312	   0.314	   6.132	   36.476	   19.591	  

Scenario	  8:	  
2	  corrected,	  20%	  

Uncorrected	   0.244	   0.245	   0.297	   0.297	   0.299	   5.973	   38.310	   31.530	  
Corrected	   0.018	   0.018	   0.327	   0.325	   0.329	   6.166	   35.629	   14.697	  

Scenario	  8:	  
3	  corrected,	  20%	  

Uncorrected	   0.244	   0.245	   0.244	   0.296	   0.297	   5.914	   38.319	   31.551	  
Corrected	   0.021	   0.025	   0.023	   0.342	   0.341	   6.209	   34.877	   11.075	  

Scenario	  8:	  
4	  corrected,	  20%	  

Uncorrected	   0.243	   0.245	   0.243	   0.244	   0.299	   5.855	   38.374	   31.639	  
Corrected	   0.026	   0.031	   0.029	   0.030	   0.357	   6.257	   33.991	   8.135	  

Scenario	  8:	  
5	  corrected,	  20%	  

Uncorrected	   0.242	   0.243	   0.243	   0.243	   0.246	   5.800	   38.371	   31.670	  
Corrected	   0.034	   0.038	   0.034	   0.036	   0.036	   6.277	   32.997	   5.902	  
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Table 3.5: Aim 2. Non-sparse solution, large measurement error
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3.4 Corrected LASSO Procedure with Validation Data Applied to the TESAOD

Study

The corrected LASSO procedure with validation data was then applied to the

TESAOD study’s serum biomarker data. There were a total of 82 serum biomarkers

measured by the multiplex assay for a total of 851 subjects with available infor-

mation for BMI. Although CRP measurements were available for all 851 subjects

by both methods, to evaluate the corrected LASSO method using validation data,

10% of the study sample was randomly selected. This random selection was then

repeated 1,000 times and the median of squared difference (MSD) was calculated

for these 1,000 random samplings. The MSD denotes the difference between the

estimated coefficients from the model with CRP measured by a single biomarker

assay. This procedure is repeated for a 20% validation set. Standardized values

were used for all measurements.

The MSD and the number of non-zero coefficients are shown in Table 3.6.

The uncorrected model with all serum biomarkers measured by the multiplex

assay and without validation data had MSD of 0.137 for CRP. This decreased to

0.108 for the uncorrected model with 10% validation data for CRP and 0.085 with

20% validation data for CRP. The corrected models had MSD of 0.034 with 10%

validation data for CRP and 0.019 with 20% validation data for CRP. The MSD

was lower for the corrected model with 10% validation data for CRP (0.034) as

compared to the uncorrected model with 20% validation data for CRP (0.085).

These results highlight the effectiveness of the bias correction term and suggests

that incorporation of the bias correction method with only 10% validation data,

may lead to more precise estimates than simply obtaining additional measurements

from the single biomarker assay.



	  

	  

	  

	  

	  

	  

	  

*	  Calculated	  as	  the	  difference	  between	  estimates	  from	  the	  model	  with	  CRP	  measured	  by	  a	  
single	  biomarker	  assay	  
^	  Observed	  value	  	  
#	  Calculated	  as	  the	  median	  of	  1000	  random	  samplings	  	  

	  
	  

Scenarios	   Method	   Median	  of	  
Squared	  
Difference*	  

Variable	  Selection	  

CRP	   CRP	  
correctly	  
identified	  

(proportion)	  

Number	  of	  	  
Non-‐Zero	  
Coefficients	  
(mean)	  

	  
CRP	  measured	  by	  
single	  biomarker	  

assay,	  Measurements	  
from	  all	  subjects	  

	  

Single	  
biomarker	  

-‐-‐	   1/1	   17^	  

CRP	  measured	  by	  
multiplex	  assay,	  
No	  validation	  data	  	  

	  

Multiplex	  assay,	  
Uncorrected	  

0.137	   1/1	   18^	  

	  CRP	  corrected,	  10%	  
validation	  data#	  

	  

Uncorrected	   0.108	  
	  

1000/1000	   19.84	  

Corrected	   0.034	  
	  

1000/1000	   22.07	  

CRP	  corrected,	  20%	  
validation	  data#	  

	  

Uncorrected	   0.085	  
	  

1000/1000	   19.42	  

Corrected	   0.019	  
	  

1000/1000	   23.30	  
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Table 3.6: Aim 2. Application to the TESAOD study
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3.5 Discussion

An existing measurement error correction method that subtracts a bias correction

term from the penalized least squares function was adapted using validation data.

The validation data consisted of more precise measurements obtained on a few

serum biomarkers that had been measured in a random 10% and 20% subset of the

study sample. Results show that improvement, particularly in variable selection,

can be achieved even when correcting for only one biomarker in as few as 10% of

the study population.

When the measurement error was assumed to be known or estimated with

replication data, others have shown that subtraction of the bias correction term

reduced bias (Xu and You, 2007; Liang and Li, 2009; Sorensen et al., 2014b).

Similar to these results, when estimating the measurement error distribution

using validation data, a reduction in overall bias was also seen in most situations

(Figure 3.1). For the sparse model with moderate measurement error, there was

a reduction in overall bias regardless of the number of corrected covariates. For

the sparse model with large measurement error and for the non-sparse model with

moderate measurement error, reduction in bias was seen after correction for three

covariates. Reduction in bias was not seen for the non-sparse model with large

measurement error. Observing the bias for each of the individual estimates and

comparing the corrected LASSO to the uncorrected LASSO, bias is reduced only

for each of the corrected estimates and is increased for the remaining uncorrected

estimates (W1-W5 in Table 3.2 - Table 3.5). Given that the corrected LASSO with

validation data only corrects for a subset of covariates, this may partly explain the

increase in overall MSE.

Variable selection was improved, most notably by the reduction in the mean

number of FP (Figure 3.2). This improvement was noted for both sparse and

non-sparse models with both moderate and large measurement error. For the
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non-sparse models, this reduced the number of FP to near zero and for the sparse

models, a clear reduction in FP was seen as the number of corrected covariates

increased. For the models with large measurement error, the mean number of FP

decreased from 14 to less than one for the sparse models and from 31 to 18 for

the non-sparse models. Sorensen, Frigessi, and Thoresen (Sorensen et al., 2014b)

describe similar results. They show that in the presence of measurement error, the

LASSO selects a large number of FP and that after bias correction the number

of FP is greatly reduced. Similar to results for non-sparse models (Table 3.4 and

Table 3.5), they also show the uncorrected LASSO to have slightly higher TP as

compared to the corrected LASSO (Sorensen et al., 2014b).

Following the recommendation to utilize multiplex assays as a screening tool

to identify promising biomarker candidates, then to measure individual candidates

using a single biomarker assay (Leng et al., 2008; Zhou et al., 2010; Djoba Siawaya

et al., 2008), it is reasonable to apply the corrected LASSO procedure using

validation data. In addition to decreased bias and improved variable selection,

utilization of the adapted approach may minimize costs associated with laboratory

measurements and may decrease the need for extra study sample utilization.
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Figure 3.1: Aim 2. Median of squared error for all predictors
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Figure 3.2: Aim 2. Mean number of false positives
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3.6 Recommendations for Selection of Validation Data in the Clinical Research

Setting

Further research is needed towards the development of best practice guidelines for

the selection of validation data. However, results from this study could be used to

initiate recommendations. First, the variability in the serum biomarker measure-

ment obtained by the single biomarker assay could be much less than that obtained

by the multiplex assay. This was formally assessed in the current study for CRP

in the TESAOD data. Replicate data for a small subset of the study sample was

obtained from both assays and CV was shown to be reduced in the single biomarker

assay (2.7% versus 8.7%). In the absence of replicate data, a researcher could uti-

lize documentation available from the assay manufacturer to determine if a specific

serum biomarker would likely meet this criteria for less variability. Second, it is

recommended that a serum biomarker be chosen according to its strength of asso-

ciation with the outcome and after consideration of biological plausibility with the

study investigator. Third, it would be optimal to re-measure as many biomarkers

as possible with a more precise method. The current study showed that reduction

in overall bias was seen for most scenarios with at least three corrected covariates.

It was also shown that FP decreased with at least one corrected covariate and in

general improved as the number of corrected covariates increased. Fourth, particu-

larly when considering improvement in variable selection, results were comparable

when considering either 10% or 20% validation data. This suggests that it would be

more optimal to re-measure multiple serum biomarkers in a subset of the popula-

tion rather than re-measure a smaller number of serum biomarkers using additional

validation data. It is important to note that the optimal percentage of validation

data for smaller sample sizes than what was investigated in the current study needs

further investigation. It is also possible that the absolute sample size of the val-

idation set determines the performance of the method, instead of the percentage.

Lastly, the current study assumed the serum biomarkers were re-measured using the

same 10% study sample. It is worth considering the possibility that additional mea-
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surements could be obtained from different individuals rather than the same 10% of

study subjects. This could be dependent on available serum sample volumes.
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CHAPTER 4

Variable Selection for the L1-Regularized Logistic Regression Model with

Measurement Error

The work presented in this chapter corresponds to the third aim. The manuscript

corresponding to the third aim has been prepared for publication and can be found

in Appendix C.

4.1 Introduction

Methods for penalized regression methods with errors in covariates have been

proposed for the linear regression model (Rosenbaum and Tsybakov, 2010;

Sorensen et al., 2014b; Chen and Caramanis, 2013; Loh and Wainwright, 2012;

Rosenbaum and Tsybakov, 2013; Zhu et al., 2011; Liang and Li, 2009). However,

the methodology cannot be directly applied to the logistic regression model.

In fact, measurement error correction methods for the logistic regression model

are limited in both low and high dimensional settings. In the low dimensional

setting, the conditional-score method for normal error in covariates (Carroll et al.,

2006; Stefanski and Carroll, 1987) has been proposed. An additional approach

for the rare-event logistic model with normal error in covariates has also been

developed (Buzas and Stefanski, 1996). Furthermore, Huang and Wang developed

a consistent correction estimation procedure that can accommodate non-normal

error in covariates (Huang and Wang, 2001).

In the high dimensional setting, penalized approaches to measurement error

correction are more limited. Sorensen, Frigessi, and Thoresen consider the

conditional score method by Stefanski and Carroll (Stefanski and Carroll, 1987)

and use the projected gradient algorithm proposed by Loh and Wainwright (Loh
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and Wainwright, 2012) to obtain corrected LASSO estimates for the logistic

regression model (Sorensen et al., 2014b). While empirical results showed that

this methodology may be useful, the projected gradient algorithm was studied for

linear regression and theoretical results would not necessarily apply to the logistic

regression model (Sorensen et al., 2014b). Based on Rosenbaum and Tsybakov’s

matrix uncertainty selector (Rosenbaum and Tsybakov, 2010), Sorensen, Frigessi,

and Thoresen consider an additional measurement error correction method for

the logistic regression model (Sorensen et al., 2014a). However, this method

focuses on penalized regression methods that do not require an estimate of the

measurement error covariance matrix (Sorensen et al., 2014a). Furthermore,

Zucker et al. proposed a regularized corrected score method that can be applied

to the logistic regression model, however this methodology cannot account for

the correction of more than two covariates measured with error (Zucker et al., 2013).

In the low dimensional setting, Huang and Wang provide a consistent correc-

tion method with general applicability that can handle non-normal errors (Huang

and Wang, 2001) As such, the extension of this methodology to the high dimensional

setting is proposed.

4.2 Methods

4.2.1 Huang and Wang Estimating Equations

For a binary response Y, the logistic regression model postulates that,

Pr(Y = 1|X) =
exp(α + βᵀX)

1 + exp(α + βᵀX)
, (4.1)

where α is a scalar intercept, β is a p-vector of regression parameters, and X rep-

resents the unobserved error-free vector of p serum biomarkers. In the absence of

measurement error, Huang and Wang describe a class of root-consistent estimating

functions for (α,βᵀ)ᵀ:
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Sw(a, b) = Ê

[
w(a+ bᵀX)

{
Y − exp(a+ bᵀX)

1 + exp(a+ bᵀX)

}(
1

X

)]
, (4.2)

where a is the scalar intercept, b is the slope vector, Ê is the empirical mean of the

sample,

S(a, b) = Ê

[{
Y − exp(a+ bᵀX)

1 + exp(a+ bᵀX)

}(
1

X

)]
, (4.3)

is the normalized score function for logistic regression, and w(a+ bᵀX) is a positive

weight function (Huang and Wang, 1999). Huang and Wang consider the weight

function, 1 + exp(−a−bᵀX) and 1 + exp(a+ bᵀX) and obtain the following pair of

estimating equations (Huang and Wang, 1999):

Φ̄−(a, b) = Ê

[
{Y − 1 + Y exp(−a− bᵀX)}

(
1

X

)]
Φ̄+(a, b) = Ê

[
{Y + (Y − 1)exp(a+ bᵀX)}

(
1

X

)]
.

(4.4)

In the presence of measurement error, instead of X we observe W, where

W = X + U, (4.5)

and where W is a surrogate for X that represents the serum biomarker measure-

ments obtained from the multiplex assay and the error vector U represents the

non-differential measurement errors introduced by W. Huang and Wang’s pair of

estimating equations for general error distribution is:
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Φ̄−(a, b) = Ê

[
(Y − 1)

(
1

W − E(U)

)
+
Y exp(−a− bᵀW)

E {exp(−bᵀU)}
×
(

1

W − E{exp(−bᵀU)U}
E{exp(−bᵀU)}

)]

Φ̄+(a, b) = Ê

[
Y

(
1

W − E(U)

)
+

(Y − 1)exp(a+ bᵀW)

E {exp(bᵀU)}
×
(

1

W − E{exp(bᵀU)U}
E{exp(bᵀU)}

)]
(4.6)

where E is the expectation and the distribution of the error U is assumed to be

known.

The consistent estimator is then obtained by minimizing the following quadratic

form:

argmin
β

{
1

N

N∑
i=1

f(xi, β0,β)

}ᵀ

W−1

{
1

N

N∑
i=1

f(xi, β0,β)

}
(4.7)

where W is the weight matrix that has been set to the identity matrix.

4.2.2 Penalized Logistic Regression Based on Huang and Wang’s Estimating Equa-

tions

A measurement error correction method that utilizes validation data is proposed

for the logistic regression model with the L1 penalty. This is first accomplished

by utilizing validation data in which additional measurements are obtained using

a single biomarker assay as described in Chapter 3. The correction method then

extends Huang and Wang’s estimating equations to the high dimensional setting.

In Equation 4.5, X is defined to represent the serum biomarkers measured

by a traditional assay and W to represent the serum biomarkers measured by a

multiplex assay. Now, Z is defined to represent the serum biomarkers measured

by a multiplex assay that are not part of the subset of relevant biomarkers that

are to be re-measured. In other words, both W and Z are measured with error,

however, W is a biomarker chosen to be relevant and one in which will additionally
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be measured using the traditional method and Z is not.

For subjects in the validation set, the accurate X is used if available (for

subjects in the validation set) and the error-prone W is used if X is not available

(for subjects not in the validation set). For the ith subject (i=1, 2, ..., N), define

an indicator for the internal validation set as ξi = 1 if the ith subject is in the

validation set and ξi = 0 otherwise. Let ξ̄i = 1− ξi. The modified Huang and Wang

estimating equations become:

Φ̄∗−(a, b) = Ê

[
(Y − 1)


1

ξiX + ξ̄i(W − E(U))

Z



+
Y exp

(
−a− ξibᵀ

XX− ξ̄ibᵀ
XW − bᵀ

ZZ
)

ξi + ξ̄iE {exp (−bᵀ
XU)}

×


1

ξiX + ξ̄i

(
W − E{exp(−bᵀU)U}

E{exp(−bᵀU)}

)
Z


]

Φ̄∗+(a, b) = Ê

[
Y


1

ξiX + ξ̄i(W − E(U))

Z



+
(Y − 1)exp(a+ ξib

ᵀ
XX + ξ̄ib

ᵀ
XW + bᵀ

ZZ)

ξi + ξ̄iE {exp(bᵀ
XU)}

×


1

ξiX + ξ̄i

(
W − E{exp(bᵀU)U}

E{exp(bᵀU)}

)
Z


]

(4.8)

The consistent estimator is then obtained by minimizing the following quadratic

form:

argmin
β

{
1

N

N∑
i=1

f(xi, β0,β)

}ᵀ

W−1

{
1

N

N∑
i=1

f(xi, β0,β)

}
+N · λ ·

p∑
j=1

|βj| (4.9)
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where W is the weight matrix that has been set to the identity matrix.

In the current study, one to five biomarkers are assumed to have been mea-

sured by a multiplex assay and have been re-measured by a single biomarker assay

in a random 10% and 20% subset of the study population. Values for serum

biomarkers that have been re-measured by the single biomarker assay will replace

the values measured by the multiplex assay as it is assumed they are measured

more precisely.

4.3 Simulation Study

A simulation study was performed to compare the penalized logistic regression

method based on Huang and Wang’s estimating equations with validation data

(validation + corrected) to the uncorrected LASSO with validation data (validation

only) for the binary logistic regression model. A total of 1,000 datasets were

generated for N=1,000 subjects with p=100 serum biomarkers measured with error.

Each error-free biomarker X was generated from a multivariate normal distribution

with mean 0 and standard deviation 1. The prevalence of the study outcome was

set to be approximately 50%. A correlation of 0.2 was generated among the true

signals. The measurement error U was generated from the normal distribution with

mean 0 and standard deviation 0.5 for moderate measurement error and 1.0 for

large measurement error. W was obtained by adding the measurement error U to X.

Table 4.1 describes the four scenarios that were studied. Scenarios 1 and 2

consider models with moderate measurement error with 10% (scenario 1) and

20% (scenario 2) validation data. Scenarios 3 and 4 consider models with

large measurement error with 10% (scenario 3) and 20% (scenario 4) validation

data. All scenarios considered 40 true signals (β1 = β2 = β3 = β4 = β5 =

0.5, β6 = β7 = ... = β40 ∼ Uniform Distribution(0.1, 0.25)) and 60 noise covariates
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(β60 = β61 = ... = β100 = 0). For each scenario, it was assumed that validation data

had been obtained for one to five covariates.

Optimal tuning parameters were estimated using 10-fold cross validation in

order to minimize misclassification error. Estimates for biomarkers that were

considered relevant and had obtained additional validation data were not penalized.

To evaluate the variable selection properties, the mean number of true positives

(TP) and number of false positives (FP) selected by both methods were compared.



	  

	   Data	  Generation	   Measurement	  Error	  Correction	  

Scenario	   Number	  
of	  True	  
Signals	  

Non-‐Zero	  Coefficients	  in	  
Multiple	  Linear	  Regression	  

Models	  
	  

SD	  	  
of	  	  

Error	  

Number	  of	  
Corrected	  
Covariates	  

Validation	  
Data	  

1	   40	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =0.50,	  

β6	  =	  β7	  =	  …	  =	  β40	  ~	  U	  (0.1,	  0.25)	  

	  

0.50	   1,2,3,4,5	   10%	  

2	   40	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =0.50,	  

β6	  =	  β7	  =	  …	  =	  β40	  ~	  U	  (0.1,	  0.25)	  

	  

0.50	   1,2,3,4,5	   20%	  

3	   40	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =0.50,	  

β6	  =	  β7	  =	  …	  =	  β40	  ~	  U	  (0.1,	  0.25)	  

	  

1.00	   1,2,3,4,5	   10%	  

4	   40	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =0.50,	  

β6	  =	  β7	  =	  …	  =	  β40	  ~	  U	  (0.1,	  0.25)	  

	  

1.00	   1,2,3,4,5	   20%	  
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Table 4.1: Aim 3. Simulation scenarios
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Table 4.2 shows results for scenarios 1 and 2 that consider moderate measurement

error. For models with 10% validation data, the mean number of TP was slightly

improved for the validation + corrected models as compared to the validation only

models. Furthermore, there was a greater reduction in the mean number of FP for

the validation + corrected models as compared to the validation only models. When

correcting for one variable, the mean number of FP was 11.7 for the validation only

model and this reduced to 8.5 for the validation + corrected model. After correcting

for five variables, the mean number of FP was 15.9 for the validation only model

and 6.3 for the validation + corrected model. Similar results were seen for models

with 20% validation data.



	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  

	  
	  

	  
^Results	  for	  the	  error-‐prone	  model	  without	  validation	  data.	  This	  would	  represent	  the	  
model	  with	  only	  multiplex	  data.	  

	  
	  

	  
Number	  

of	  
Variables	  
with	  

Validation	  
Data	  

	  
	  
	  

Method	  

10%	  	  
Validation	  Data	  

20%	  	  
Validation	  Data	  

True	  
Positive	  	  
(Mean)	  

False	  
Positive	  
(Mean)	  

True	  
Positive	  	  
(Mean)	  

False	  
Positive	  
(Mean)	  

No	  Validation	  Data^	  
	  

36.241	   11.680	   36.133	   11.466	  

	  
	  
1	  

Validation	  Only	  
	  

36.300	   11.732	   36.170	   11.202	  

Validation	  +	  Corrected	  
	  

37.522	   8.519	   37.513	   8.862	  

No	  Validation	  Data^	  
	  

36.164	   12.803	   36.152	   13.297	  

	  
	  
2	  

Validation	  Only	  
	  

36.173	   13.722	   36.077	   13.034	  

Validation	  +	  Corrected	  
	  

37.261	   8.368	   37.269	   7.857	  

No	  Validation	  Data^	  
	  

36.085	   13.971	   36.098	   14.167	  

	  
	  
3	  

Validation	  Only	  
	  

36.086	   14.433	   35.975	   14.398	  

Validation	  +	  Corrected	  
	  

37.094	   9.988	   36.884	   7.084	  

No	  Validation	  Data^	  
	  

35.788	   15.191	   35.761	   14.699	  

	  
	  
4	  

Validation	  Only	  
	  

35.757	   15.515	   35.741	   15.246	  

Validation	  +	  Corrected	  
	  

36.764	   8.025	   36.204	   6.495	  

No	  Validation	  Data^	  
	  

35.768	   16.177	   35.663	   15.772	  

	  
	  
5	  

Validation	  Only	  
	  

35.647	   15.939	   35.572	   16.052	  

Validation+	  Corrected	   36.270	   6.26	   36.293	   6.931	  
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Table 4.2: Aim 3. Scenarios 1 and 2 (moderate measurement error)
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Table 4.3 shows results for scenarios 3 and 4 that consider large measurement error.

For models with 10% validation data, the mean number of TP had slight improve-

ment for the models correcting for one to three variables, however the mean number

of TP for the validation + corrected models was lower than the validation only

models after correcting for more variables. Similar to the models with moderate

measurement error, there was a greater reduction in the mean number of FP for the

validation + corrected models as compared to the validation only models. When

correcting for one variable, the mean number of FP was 14.2 for the validation only

model and this reduced to 7.1 for the validation + corrected model. After correcting

for five variables, the mean number of FP was 18.5 for the validation only model

and 6.6 for the validation + corrected model. Similar results were seen for models

with 20% validation data.



	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

^Results	for	the	error-prone	model	without	validation	data.	This	would	represent	the	
model	with	only	multiplex	data.	

	
	

	
Number	

of	
Variables		
with		

Validation		
Data	

	
	
	

Method	

10%		
Validation	Data	

20%		
Validation	Data	

True	
Positive		
(Mean)	

False	
Positive	
(Mean)	

True	
Positive		
(Mean)	

False	
Positive	
(Mean)	

No	Validation	Data^	
	

37.603	 14.211	 37.727	 13.871	

	
	
1	

Validation	Only	
	

37.643	 14.508	 37.688	 14.481	

Validation	+	Corrected	
	

38.914	 7.149	 39.014	 8.460	

No	Validation	Data^	
	

37.598	 15.965	 37.749	 15.893	

	
	
2	

	
Validation	Only	

37.576	 15.106	 37.679	 15.966	

Validation	+	Corrected	
	

38.658	 6.426	 38.887	 7.006	

No	Validation	Data^	
	

37.629	 16.594	 37.558	 16.774	

	
	
3	

Validation	Only	
	

37.547	 16.717	 37.407	 16.610	

Validation	+	Corrected	
	

38.079	 5.368	 38.748	 6.405	

No	Validation	Data^	
	

37.515	 17.375	 37.602	 17.764	

	
	
4	

Validation	Only	
	

37.362	 16.743	 37.446	 17.172	

Validation	+	Corrected	
	

36.807	 5.212	 38.453	 5.744	

No	Validation	Data^	
	

37.529	 18.542	 37.448	 18.470	

	
	
5	

Validation	Only	
	

37.382	 18.139	 37.239	 18.131	

Validation	+	Corrected	 35.480	 6.597	 37.964	 6.018	
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Table 4.3: Aim 3. Scenarios 3 and 4 (large measurement error)
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4.4 Penalized Logistic Regression Based on Huang and Wang’s Estimating Equa-

tions Applied to the TESAOD Study

The penalized logistic regression method based on Huang and Wang’s estimating

equations with validation data is applied to the TESAOD study biomarker data.

Overweight and obese subjects are compared to normal weight subjects. A total of

82 serum biomarkers were measured by the multiplex assay on 851 subjects with

available BMI information. Although CRP measurements were available for all 851

subjects by both methods, to evaluate the estimation of the measurement error

distribution by a random subset of the study population, a random 10% subset of

the study sample is first considered, then the proposed method is applied. This

random selection is then repeated 500 times. Standardized values were used for all

measurements.

The methods differentially selected non-zero estimates for 6 of the 82 serum

biomarkers after correction, namely Apolipoprotein A-1 (ApoA1), Apolipoprotein

C-III (ApoC3), C3, Fatty Acid Binding Protein (FABP), Interleukin-16 (IL-16),

and Plasminogen Activator Inhibitor 1 (PAI1). Table 4.4 shows the percent in

which the coefficient for these 6 serum biomarkers were selected as non-zero for the

following four CRP measured approaches: (1) single biomarker assay; (2) multiplex

assay; (3) multiplex assay + 10% validation data (validation only); (4) multiplex

assay + 10% validation data + correction (validation + correction). For ApoA1 and

IL-16, the non-corrected methods frequently resulted in non-zero estimates, however

the corrected method always resulted in zero estimates. For both biomarkers, the

univariate associations with the overweight or obese outcome were not significant.

For ApoC3, FABP, and PAI1, the non-corrected methods always resulted in zero

estimates, however the corrected method resulted in a non-zero estimate. These

biomarkers all had a significant association with the overweight or obese outcome.

Lastly, C3 had a non-zero estimate 100% of the time when CRP was measured by

the non-corrected methods, however a non-zero estimate was achieved only 20%
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of the time after correction. C3 had a significant univariate association with the

outcome. Results for all serum biomarkers are shown in Table 4.5.



Biomarker	 CRP	
Measured	
by	Single	
Biomarker	
Assay	

CRP	
Measured	

by	
Multiplex	
Assay	

CRP	
Measured	

by	
Multiplex	
Assay	+	
Validation	
Data	

CRP	
Measured	

by			
Multiplex	
Assay	+	
Validation	
Data	+		

Correction	

Logistic	
Regression	
Coefficient	
	(p-value)*	

Apolipoprotein	A-1	
	

66	 82	 72	 0	 -0.138	(0.054)	

Apolipoprotein	C-III	
	

0	 0	 0	 82	 0.240	(<0.001)	

Complement	3	
	

100	 100	 100	 20	 0.288	(<0.001)	

Fatty	Acid	Binding	
Protein	
	

0	 0	 0	 76	 0.257	(<0.001)	

Interleukin-16	
	

56	 32	 36	 0	 0.089	(0.210)	

Plasminogen	
Activator	Inhibitor	1	
	

0	 0	 0	 42	 0.258	(<0.001)	

	

*	p-value	for	univariate	association	
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Table 4.4: Aim 3. Percent of non-zero estimates (500 simulations)



Biomarker	

CRP	
Measured	
by	Single	
Biomarker	
Assay	

CRP	
Measured	

by	
Multiplex	
Assay	

CRP	
Measured	

by	
Multiplex	
Assay+	

Validation	
Data	

CRP	
Measured	

by	
Multiplex	
Assay	+	
Validation	
Data	+	

Correction	

Logistic	Regression	
Coefficient	
(p-value)*	

Adiponectin	 100	 100	 100	 100	 -0.450	(<0.001)	
Alpha-1-Antitrypsin	 14	 0	 0	 12	 -0.108	(0.127)	
Alpha-Fetoprotein	 0	 0	 0	 0	 0.129	(0.072)	
Alpha-2-Macroglobulin	 100	 100	 100	 94	 -0.340	(<0.001)	
Apolipoprotein	A-1	 66	 82	 72	 0	 -0.138	(0.054)	
Apolipoprotein	C-III	 0	 0	 0	 82	 0.240	(0.001)	
Apolipoprotein	H	 68	 92	 96	 100	 0.309	(<0.001)	
Beta-2	Microglobulin	 0	 0	 0	 0	 0.196	(0.006)	
Brain	Derived	Neurotrophic	
Factor	

0	 0	 0	 14	 0.104	(0.140)	

Calcitonin	 0	 4	 4	 16	 0.110	(0.116)	
Cancer	Antigen	19-9	 0	 0	 0	 12	 0.018	(0.802)	
Cancer	Antigen	125	 0	 2	 2	 24	 0.095	(0.177)	
Carcinoembryonic	Antigen	 0	 0	 0	 2	 0.008	(0.908)	
CD40	 18	 14	 8	 2	 0.097	(0.167)	

CD40	Ligand	 0	 0	 0	 20	 -0.042	(0.545)	

Complement	3	 100	 100	 100	 20	 0.288	(<0.001)	
C-Reactive	Protein	 100	 100	 100	 100	 0.426	(<0.001)	
Creatine	Kinase-MB	 56	 32	 36	 100	 0.205	(0.004)	
Endothelin-1	 0	 0	 0	 6	 0.009	(0.901)	
Eotaxin	 94	 100	 100	 40	 -0.136	(0.054)	
Epidermal	Growth	Factor	 6	 4	 4	 0	 -0.040	(0.562)	
Epithelial-Derived	Neutrophil-
Activating	Protein-78	

0	 0	 0	 0	 0.058	(0.403)	

Erythropoietin	 0	 0	 2	 14	 0.109	(0.119)	
Extracellular	Newly	Identified	
Rage-binding	protein	

0	 0	 0	 2	 0.030	(0.664)	

Fatty	Acid	Binding	Protein	 0	 0	 0	 76	 0.257	(<0.001)	
Ferritin	 100	 100	 100	 100	 0.393	(<0.001)	
Fibrinogen	 32	 14	 8	 2	 0.112	(0.110)	
Fibroblast	Growth	Factor-Basic	 32	 26	 26	 22	 0.113	(0.105)	
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Table 4.5: Aim 3. Percent of non-zero estimates for all serum biomarkers (500
simulations)



Granulocyte	Colony-
Stimulating	Factor	

76	 38	 42	 14	 -0.004	(0.950)	

Granulocyte-Macrophage	
Colony-Stimulating	Factor	

76	 66	 72	 42	 0.145	(0.037)	

Growth	Hormone	 100	 100	 100	 100	 -0.397	(<0.001)	
Haptoglobin	 0	 6	 4	 20	 0.229	(0.002)	
Immunoglobulin	A	 6	 4	 2	 20	 0.118	(0.093)	
Immunoglobulin	E	 0	 0	 2	 12	 0.072	(0.306)	
Immunoglobulin	M	 96	 100	 100	 100	 -0.188	(0.008)	
Intercellular	Adhesion	
Molecule-1	

0	 0	 0	 8	 0.074	(0.293)	

Interferon-gamma	 32	 6	 6	 14	 0.005	(0.944)	
Interleukin-1	alpha	 32	 20	 16	 28	 -0.077	(0.268)	
Interleukin-1	beta	 44	 38	 42	 22	 0.104	(0.135)	
Interleukin-1	Receptor	
Antagonist	

44	 20	 16	 22	 0.031	(0.657)	

Interleukin-3	 0	 2	 2	 0	 0.055	(0.430)	
Interleukin-4	 18	 20	 12	 20	 -0.084	(0.231)	
Interleukin-5	 36	 14	 8	 22	 -0.026	(0.705)	
Interleukin-6	 0	 0	 2	 0	 0.097	(0.166)	
Interleukin-7	 66	 50	 52	 16	 0.127	(0.068)	
Interleukin-8	 18	 6	 6	 12	 0.069	(0.325)	
Interleukin-10	 0	 2	 2	 6	 0.099	(0.154)	
Interleukin-12	subunit	p40	 56	 32	 36	 32	 -0.068	(0.333)	
Interleukin-13	 0	 0	 2	 20	 -0.027	(0.702)	
Interleukin-15	 0	 0	 0	 14	 -0.035	(0.615)	
Interleukin-16	 56	 32	 36	 0	 0.089	(0.210)	
Interleukin-18	 66	 50	 56	 40	 0.227	(0.002)	
Leptin	 100	 100	 100	 100	 0.334	(<0.001)	
Lipoprotein	(a)	 0	 2	 2	 38	 -0.121	(0.086)	
Macrophage-Derived	
Chemokine	

0	 6	 6	 14	 0087	(0.213)	

Macrophage	Inflammatory	
Protein	1-alpha	

0	 0	 0	 20	 -0.160	(0.025)	

Macrophage	Inflammatory	
Protein	1-beta	

18	 26	 26	 54	 0.188	(0.009)	

Matrix	Metalloproteinase-2	 0	 0	 2	 6	 0.032	(0.642)	
Matrix	Metalloproteinase-3	 0	 0	 0	 6	 0.071	(0.308)	
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		*	p-value	for	univariate	association	

	

Matrix	Metalloproteinase-9	 14	 2	 2	 62	 0.099	(0.157)	
Monocyte	Chemotactic	Protein	
1	

76	 66	 70	 36	 0.169	(0.018)	

Myeloperoxidase	 82	 50	 64	 100	 -0.078	(0.263)	
Myoglobin	 100	 100	 100	 100	 0.433	(<0.001)	
Plasminogen	Activator	
Inhibitor	1	

0	 0	 0	 42	 0.258	(<0.001)	

Pregnancy-Associated	Plasma	
Protein	a	

0	 0	 0	 14	 -0.029	(0.682)	

Prostatic	Acid	Phosphatase	 0	 0	 0	 0	 0.048	(0.490)	
T-Cell	Specific	Protein,	
Regulated	upon	Activation	
Normal	T-Cell	Expressed,	and	
presumably	Secreted	

0	 0	 2	 6	 0.137	(0.051)	

Serum	Amyloid	P	 100	 100	 100	 100	 0.557	(<0.001)	
Serum	Glutamic	Oxaloacetic	
Transminase	

14	 20	 12	 22	 0.048	(0.493)	

Sex	Hormone	Binding	Globulin	 100	 100	 100	 100	 -0.528	(<0.001)	
Stem	Cell	Factor	 0	 2	 2	 10	 0.132	(0.061)	
Thrombopoietin	 0	 0	 2	 28	 0.136	(0.052)	
Thyroxine	Binding	Globulin	 0	 0	 0	 0	 -0.056	(0.422)	
Thyroid	Stimulating	Hormone	 66	 38	 50	 20	 -0.034	(0.625)	
Tissue	Factor	 0	 0	 0	 8	 0.049	(0.478)	
Tissue	Inhibitor	of	
Metalloproteinase	1	

0	 0	 0	 0	 0.177	(0.012)	

Tumor	Necrosis	Factor-alpha	 0	 2	 2	 6	 0.063	(0.368)	
Tumor	Necrosis	Factor-beta	 0	 0	 0	 2	 -0.003	(0.961)	
Tumor	Necrosis	Factor	RII	 0	 0	 0	 2	 0.174	(0.014)	
Vascular	Cell	Adhesion	
Molecule-1	

68	 50	 60	 38	 0.126	(0.071)	

Vascular	Endothelial	Growth	
Factor	

0	 0	 0	 14	 0.159	(0.024)	

von	Willebrand	Factor	 0	 0	 0	 2	 0.077	(0.271)	
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4.5 Discussion

A measurement error correction method that utilizes validation data is proposed

for the logistic regression model with the L1 penalty. This method is based on the

correction estimation procedure proposed by Huang and Wang (Huang and Wang,

2001) and extends their methodology to the high dimensional setting through

regularization. It utilizes validation data in which more accurate measurements

were obtained on a small number of relevant serum biomarkers that were measured

in a randomly selected subset of the study sample.

The proposed method showed an improvement in variable selection, particu-

larly by reducing the number of FP. Bias correction methods for the penalized

linear regression model have shown similar results (Sorensen et al., 2014b; Liang

and Li, 2009; Xu and You, 2007). For models with large measurement error,

correcting for a single variable based on more precise measurements for as few

as 10% of the study sample considerably reduced the number of FP from 14.5 to 7.1.

Additional simulation studies were performed, designed to have either non-

correlated predictors or correlation among all variables and not just the true

signals. Reduction in FP was not seen for these scenarios. In practice, it is not

likely that all serum biomarkers would be uncorrelated, but rather that the true

signals would be correlated. Additionally, prediction as measured by AUC and

net reclassification improvement were assessed for each model. Results show that

the correction method with validation data did not improve prediction by these

measures (data not shown).

In the TESAOD analysis, ApoA1 and IL-16 were consistently identified by

the non-corrected methods as being relevant predictors, but were never identified

as relevant predictors for the corrected method. Given the lack of significant

association with the overweight or obese outcome, it could be justified that the
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non-corrected methods performed sub-optimally as compared to the corrected

method. ApoC3, FABP, and PAI1 were consistently identified by the non-corrected

methods as being non-relevant predictors, while the corrected method quite

consistently identified them as being relevant predictors. These biomarkers all had

a significant association with the overweight or obese outcome and have known

associations with obesity (Xu et al., 2006; Cohn et al., 2004; Onat et al., 2009;

Shi et al., 2012; Juhan-Vague and Alessi, 1997; Alessi et al., 2007; De Taeye et al.,

2005). Thus, potential justification could be made in favor of the corrected method.

Lastly, C3, which has a known association with obesity (Hernandez-Mijares et al.,

2007; De Pergola et al., 2013), was always identified as a relevant predictor by the

non-corrected methods, but was only chosen as a relevant predictor by the corrected

method 20% of the time. This may in part be due to the fact that C3 is correlated

with many serum biomarkers including ApoH (Pearson’s correlation coefficient,

p-value: 0.4470, <0.0001), Serum Amyloid P (0.3281, <0.0001), Immunoglobulin

M (0.3186, <0.0001), and Alpha-2-Macroglobulin (0.2106, <0.0001), which were

consistently chosen as having non-zero estimates by all methods. Additionally,

C3 was associated with FABP (0.1564, <0.0001), PAI1 (0.1338, 0.0001), and

ApoC3 (0.0726, 0.0360), which were never chosen by the non-corrected methods,

but were consistently chosen by the corrected method. It is known that when

variables are highly correlated, that the LASSO method may choose one variable

and not the other (Zou and Hastie, 2005). Thus, correlation of C3 with other

serum biomarkers may justify this biomarker not being chosen by the other methods.

In summary, in scenarios with correlated predictors, the implementation and

further study of the addition of the LASSO penalty to the Huang and Wang

estimating equations with validation data is warranted. Furthermore, to account

for the effects of correlation in these data, as motivated by the TESAOD study

results, different penalty terms such as the EN or WF may be considered.
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CHAPTER 5

Conclusions

The TESAOD data motivated all three specific aims. The first specific aim studied

which LASSO-type method was preferable in scenarios that might be present in high

dimensional serum biomarker research. Scenarios for this simulation study were mo-

tivated and designed based on the data structure of the TESAOD study including

the sample size, correlation of biomarkers, prevalence of each outcome, and associ-

ation of biomarkers with each outcome. Results showed that for the data scenarios

examined, choice of optimal LASSO-type method was data structure dependent and

no method had a clear overall advantage over the others in these settings. Therefore,

it is recommended that choice of optimal LASSO-type method should be guided by

knowledge of the underlying scientific question and by the research objective. For

the second specific aim, an existing measurement error correction method that sub-

tracts a bias correction term from the penalized least squares function was adapted

using validation data. The validation data consisted of more precise measurements

for a few serum biomarkers in a random subset of the study sample. Results showed

that even when a single biomarker is re-measured with a more accurate method in as

few as 10% of the study population, the bias and variable selection can be improved.

For the third specific aim, a measurement error correction method that utilizes val-

idation data was proposed for the high dimensional logistic regression model. This

method extends the correction estimation procedure proposed by Huang and Wang

to the high dimensional setting by incorporating the L1 penalty. The proposed

method showed an improvement in variable selection.
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CHAPTER 6

Future Directions

This dissertation motivates many topics for future research. First, high dimensional

serum biomarker data were considered in which the number of serum biomarkers

was less than the sample size. With evolving technology, the number of serum

biomarkers that are available to be measured is increasing. Hence, it would

be of great interest to study the ideas presented in this dissertation when the

number of covariates exceeds the sample size. Additionally, measurement of serum

biomarkers from the TESAOD study present another interesting challenge, that

undetectable values were present in these data. Biomarkers that had less than

15% of undetectable values were considered as continuous. Biomarkers that had

between 15% and 50% undetectable values were categorized at their median value.

Biomarkers that had between 50% and 90% undetectable values were categorized

at their detection limit. It is unclear how the inclusion of serum biomarkers with

large percentage of undetectable values, along with the utilization of the proposed

categorization scheme, affects variable selection. Best strategies on how to deal

with serum biomarkers with large percentage of undetectable values would be an

interesting topic of future research.

Specific to the first aim, the binary logistic regression model was considered

in the study of serum biomarkers for overweight and obesity. It would be of interest

to compare the LASSO and LASSO-type methodologies in the study of overweight

and obesity using an ordinal or multinomial model. Specific to the second aim,

a linear relationship between the serum biomarker and the BMI outcome was

assumed. However, in real world scenarios a non-linear or U-shaped relationship is

frequently observed and how to correct for measurement error in these data would

need further consideration. Additionally, the second aim recommends the use of
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validation data in which a subset of biomarkers are re-measured in a random subset

of the study sample. Development of best practice guidelines for the selection of

validation data would be of great interest. Specific to the third aim, in addition to

the L1 penalty, it would not only be of interest to study the inclusion of different

penalties, but also the differential penalization on the serum biomarkers in which

additional validation data is obtained.
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Abstract

Background: The study of circulating biomarkers and their association with disease outcomes has become progressively
complex due to advances in the measurement of these biomarkers through multiplex technologies. The Least Absolute
Shrinkage and Selection Operator (LASSO) is a data analysis method that may be utilized for biomarker selection in these
high dimensional data. However, it is unclear which LASSO-type method is preferable when considering data scenarios
that may be present in serum biomarker research, such as high correlation between biomarkers, weak associations with
the outcome, and sparse number of true signals. The goal of this study was to compare the LASSO to five LASSO-type
methods given these scenarios.

Methods: A simulation study was performed to compare the LASSO, Adaptive LASSO, Elastic Net, Iterated LASSO,
Bootstrap-Enhanced LASSO, and Weighted Fusion for the binary logistic regression model. The simulation study was
designed to reflect the data structure of the population-based Tucson Epidemiological Study of Airway Obstructive
Disease (TESAOD), specifically the sample size (N = 1000 for total population, 500 for sub-analyses), correlation of
biomarkers (0.20, 0.50, 0.80), prevalence of overweight (40%) and obese (12%) outcomes, and the association of
outcomes with standardized serum biomarker concentrations (log-odds ratio = 0.05–1.75). Each LASSO-type method
was then applied to the TESAOD data of 306 overweight, 66 obese, and 463 normal-weight subjects with a panel of 86
serum biomarkers.

Results: Based on the simulation study, no method had an overall superior performance. The Weighted Fusion correctly
identified more true signals, but incorrectly included more noise variables. The LASSO and Elastic Net correctly identified
many true signals and excluded more noise variables. In the application study, biomarkers of overweight and obesity
selected by all methods were Adiponectin, Apolipoprotein H, Calcitonin, CD14, Complement 3, C-reactive protein,
Ferritin, Growth Hormone, Immunoglobulin M, Interleukin-18, Leptin, Monocyte Chemotactic Protein-1, Myoglobin, Sex
Hormone Binding Globulin, Surfactant Protein D, and YKL-40.

Conclusions: For the data scenarios examined, choice of optimal LASSO-type method was data structure dependent
and should be guided by the research objective. The LASSO-type methods identified biomarkers that have known
associations with obesity and obesity related conditions.
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Background
The study of circulating biomarkers and their association
with disease outcomes has become progressively com-
plex due to advances in biotechnologies available for the
measurement of these biomarkers, including multiplex
technologies. Although the availability of numerous bio-
markers to study disease outcomes is highly promising,
high dimensional biomarker data present statistical chal-
lenges. The Least Absolute Shrinkage and Selection
Operator (LASSO) [1] is a popular high dimensional
data analysis method that may be utilized for these
biomarker data because it can simultaneously perform
regularization and variable selection, which can improve
both prediction accuracy and interpretation. This
method, originally proposed for the linear regression
model, minimizes the residual sum of squares, subject to
the sum of the absolute value of the coefficients being
less than a tuning parameter [1]. For the binary logistic
regression model, the residual sum of squares is replaced
by the negative log-likelihood [2]. If this tuning parameter
is large, there is no effect on the estimated regression pa-
rameters. However, as the tuning parameter gets smaller,
this may cause some coefficients to be shrunk towards
zero or set to be zero. Still, there has been extensive and
ongoing research towards the improvement of this
method in obtaining a more sparse and consistent solu-
tion. Therefore, the key aim of this study was to evaluate
five extensions that have been proposed to improve the
sparsity and consistency of the original LASSO method. A
simulation study was performed to compare variable se-
lection properties of the original LASSO method with the
Adaptive LASSO (AL), Elastic Net (EN), Iterated LASSO
(IL), Bootstrap-Enhanced LASSO (BL), and Weighted Fu-
sion (WF) for the binary logistic regression model.

LASSO
Details on penalized binomial logistic regression have
been previously described [2]. Let xi = (xi1,…, xip)

⊺ for
i =1,…,N denote p-predictors for N observations.
Assume that responses for the binary logistic regres-
sion model can take values G = 1,2. Then,

Pr G ¼ 1jxð Þ ¼ 1

1þ e− β0þxi⊺βð Þ ; Pr G ¼ 2jxð Þ

¼ 1

1þ e β0þxi⊺βð Þ ;

where β0 is the intercept and β = (β1, β2,…, βp)
⊺ is a p-

vector of regression parameters. This implies

log
Pr G ¼ 1jxð Þ
Pr G ¼ 2jxð Þ ¼ β0 þ xi

⊺β:

The LASSO method then finds parameter values to
minimize

–
1
N

XN

i¼1

yi⋅ β0 þ xi
⊺β

� �
− log 1þ e β0þxi⊺βð Þ� �" #

þ λ⋅
Xp

j¼1

βj

���
���

where

λ ⋅
Xp

j¼1

βj

���
���

is the penalty function for the LASSO.

Adaptive LASSO
The LASSO method has shown to not always provide
consistent variable selection. The LASSO penalizes all
coefficients equally, even when the coefficients are large.
In contrast, the AL uses adaptive weights to penalize co-
efficients differently [3]. AL uses a weighted penalty,

λ ⋅
Xp

j¼1

wj⋅ βj
���

���;

where wj ¼ 1
β̂ jj jv ; β̂ j

���
��� is the maximum likelihood esti-

mate and v > 0. The weighted penalty will allow variables
with larger coefficients to receive smaller penalties and
thus might provide a more consistent solution.

Elastic net
Zou and Hastie proposed the EN to address three issues
related to the LASSO [4]. The first two issues relate to
highly correlated variables in the n > p situation. For
highly correlated variables, the LASSO tends to choose
one variable and not the others. Also, predictive per-
formance for ridge regression was empirically observed
to be better than LASSO [4]. The third issue relates to
the p > n situation in which the LASSO can at most se-
lect n variables. The penalty term for EN incorporates
both the ridge penalty [5] λ ⋅ ∑j = 1

p βj
2 and LASSO penalty

λ ⋅ ∑j = 1
p |βj|:

λ⋅
Xp

j¼1

1
2
⋅ 1−αð Þ⋅βj2 þ α⋅ βj

���
���

� �
;

where α is a value between 0 and 1. The EN penalty is
equal to the LASSO penalty when α = 1 and to the ridge
penalty when α = 0. The EN selects groups of correlated
variables together, shares nice properties of both the
LASSO and ridge regression, and can be considered for
situations with p > n.

Iterated LASSO
The purpose of the IL is to consider the AL where the
weights are based on LASSO estimates of the coefficients
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rather than maximum likelihood estimates [6]. An initial
estimator is obtained by the IL to reduce the dimension of
the model. The IL uses the LASSO to obtain an initial es-
timator and reduce the dimension of the model. The
LASSO estimates are then used for the weighted penalty.

Bootstrap-enhanced LASSO
The bootstrap sample x* = (x1*, x2*, …, xn*) is obtained
by randomly sampling the initial data points x1, x2, …,
xn with replacement. The BL takes several bootstrapped
replications of a sample and then considers the intersec-
tion of these estimates [7]. The motivation behind the
BL is that if there existed several data sets from the same
distribution, relevant variables would appear in all data
sets and by running the LASSO for several bootstrapped
replications would lead to a consistent model. As the BL
may be too strict in intersecting models, it has been rec-
ommended to use a softened version of the BL (BL-S)
[8]. In particular, a BL-S that considered variables that
appeared in at least 90% of the bootstrap samples was
shown to have better performance than the BL [8]. Simi-
larly, for this study rather than considering a strict inter-
section, we a priori considered variables that appeared in
at least 75% of the bootstrap samples (BL-75), consistent
with other application studies [9, 10].

Weighted fusion
The motivation behind WF is to improve the EN by
utilizing additional information from the correlation
structure. In particular, the WF utilizes information from
correlated variables by using correlation driven weights
to penalize for the pairwise differences of these coeffi-
cients [11]. The penalty term is defined as

λ1⋅
Xp

j¼1

βj

���
���þ λ2⋅J βð Þ;

where tuning parameters λ1 ≥ 0, λ2 ≥ 0, and J is a cor-
relation driven penalty function,

J βð Þ ¼ 1
p
⋅
X

i<j

wij⋅ βi−sijβj
� �2

where wij ¼ ρijj jγ
1− ρijj j are the nonnegative weights non-

decreasing in |ρij|, ρij = xi
⊺xj is the sample correlation be-

tween predictors, γ > 0 is a tuning parameter, and sij is
the sign of ρij. The correlation driven weights encourage
correlated variables to be considered together.

Current study
The simulation study utilized the data structure of the
population-based Tucson Epidemiological Study of
Airway Obstructive Disease (TESAOD). This real dataset
presents data scenarios that are likely to be encountered
in serum biomarker research. Examples of such scenar-
ios may include high correlation between biomarkers,
weak to moderate associations with the outcome, and
sparse number of true signals. The current study seeks
to compare the LASSO and LASSO-type methods for
scenarios similar to the TESAOD data with the intent
that findings may be useful for similar biomarker studies.
In the application study, a comparison of methods in-
cluding the application of each LASSO and LASSO-type
method to the TESAOD data was performed for the
identification of serum biomarkers of overweight and
obesity.

Methods
Simulation study
A simulation study was performed to compare the per-
formance of the LASSO, AL, EN, IL, BL-75, and WF
methods for the binary logistic regression model. A total
of five scenarios were considered for the overweight and
obese outcomes as shown in Table 1. Biomarkers for the
simulation study were generated from the multivariate
normal distribution using the R package ‘mnormt’ (ver-
sion 1.5-3) [12] and the outcomes were generated from
the binomial distribution using R package ‘stats’ (version
3.1.0) [13]. Tuning parameters were estimated by using
10-fold cross validation with deviance loss. For EN, the
alpha parameters were also chosen by cross validation

Table 1 Scenarios applied to each LASSO method

Scenario # Non-zero
coefficients

Correlation
among
predictors

Non-zero coefficients in binary logistic regression models

Overweight Obese

1 5 0.2 0.05, -0.05, 0.1, 0.15, 0.2 0.2, 0.4, 0.6, -0.6, 0.8

2 5 0.8 0.05, -0.05, 0.1, 0.15, 0.2 0.2, 0.4, 0.6, -0.6, 0.8

3 5 0.2 0.2, 0.4, 0.6, -0.6, 0.8 1, -1, 1.25, 1.5, 1.75

4 5 0.8 0.2, 0.4, 0.6, -0.6, 0.8 1, -1, 1.25, 1.5, 1.75

5 20 0.5 0.01,0.2 from uniform distribution 0.1,0.99 from uniform distribution
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using the sequence alpha = 0 through alpha = 1 with step
size 0.1. For WF, the gamma parameter was chosen from
the sequence: 0.5, 1, 2.5, 5, and 25 [11].
The data structure of TESAOD was utilized in the simu-

lation study design. A total of 879 subjects had 86 mea-
sured serum biomarkers, thus the choice of N = 1000 with
100 biomarkers was made. Simulations for N = 500 were
also completed as in the case of stratified analyses or a
smaller study population. The first four scenarios consid-
ered five biomarkers with non-zero association with the
outcome (or true signals) out of the 100 biomarkers, while
the fifth scenario considered 20 biomarkers truly associated
with the outcome. Correlation of serum biomarkers ranged
from <0.01 to 0.70 for TESAOD, thus the correlation levels
of 0.20, 0.50, and 0.80 were chosen. In the TESAOD data-
set, 40% of subjects were overweight and 12% were obese.
Thus in the simulation study the proportion of overweight
was set at 40% and that of obesity at 12%. For each scenario
a total of 1000 simulated datasets were generated. Overall,
five scenarios, two outcomes, and two sample sizes were
considered for a total of 20 simulation studies.
To evaluate the variable selection properties of each

method, we first assessed if the solution provided by each
method was sparse. Second, we evaluated how well each
method identified the predictors with correct non-zero
and zero coefficients. In addition, we also evaluated the
area under the Receiver Operating Characteristic curve
(AUC) on an independent validation data set to evaluate
the discriminatory predictive performance of each method.
The independent validation data sets were generated for
each of the 1000 simulations and for each scenario with
similar data structure as the training data set. Depending
on the scenario, the validation data sets had sample size of
either 1000 or 500 per validation data set.

Application study
Study population
TESAOD is a population-based prospective cohort study
initiated in 1972 in Tucson, Arizona [14]. At study initi-
ation, 3805 participants from a stratified cluster of 1655
white Tucson households between the ages of 6 to 95 were
enrolled. At study baseline, participants completed a stan-
dardized questionnaire, had height and weight measured
by a study nurse, and had a sample of their blood col-
lected. For the current study, serum biomarkers were
measured on 879 non-Hispanic white subjects who were
between the ages of 21 to 70 years at the 1972 baseline
survey and for whom a baseline serum sample with suffi-
cient volume was available. The University of Arizona
Institutional Review Board approved the TESAOD study.

Biomarkers
Cryopreserved serum samples were analyzed at the
Myriad-Rules Based Medicine (RBM) facilities (Austin,

TX) using the Human Multi-Analyte Profile panel ver-
sion 1.6, a bead based suspension multiplex assay based
on Luminex immunoassay technology [15]. A total of 87
serum biomarkers were measured for 879 subjects
(Table 8 in the Appendix). Additionally, five serum bio-
markers were analyzed locally at the Arizona Respiratory
Center (ARC) laboratory, namely Soluble CD14 (R&D
Systems Inc., Minneapolis, MN), Club Cell Secretory
Protein (CC16) (BioVendor, Asheville, NC), Surfactant
Protein D (SPD) (Hycult Biotech Inc., Plymouth
Meeting, PA), and YKL-40 (Quantikine Human CHI3L1
immunoassay by R&D, Inc., Minneapolis, MN, USA, and
Abingdon, UK) using commercially available enzyme-
linked immunosorbent assays and C-Reactive Protein
(CRP) (Immulite 2000, Siemens Diagnostics, Tarrytown,
NY) using the commercially available enzymatic solid-
phase chemiluminescent immunometric assay.
A total of 86 biomarkers were considered for the ap-

plication study, of which 81 were measured by Myriad-
RBM and five were measured locally at the ARC. Of the
87 biomarkers measured by Myriad-RBM, six were not
considered. Factor VII, Insulin, and Prostate Specific
Antigen, Free were dropped as we only had measure-
ments for 322 of the 879 subjects. Biomarkers that had
greater than 90% undetectable values (i.e., Interleukin-2,
Interleukin-12p70, and Lymphotactin) were also not
considered. Missing data were present for Alpha-2 Mac-
roglobulin (3 subjects), CC16 (2 subjects), YKL-40 (4
subjects), Eotaxin (1 subject), and SPD (3 subjects).
Missing values were replaced with the median value for
the given biomarker. Biomarker measurements fell into
one of the following categories: undetectable values, nor-
mal values, and high values (Table 10 in the Appendix).
Biomarkers that had less than 15% of undetectable
values were considered as continuous. These biomarkers
were evaluated for normality and were log transformed
to obtain approximate normality when appropriate.
Their concentrations were analyzed in statistical analyses
as standardized values. Samples used to measure the
biomarker concentrations were run using different
batches in the laboratory. Variability in measurement may
be introduced by not running samples in one batch. To
adjust for any batch effects, the ComBat function as part
of the R package ‘sva’ (version 3.10.0) was used [16, 17].
Biomarkers that had between 15 and 50% undetectable
values were categorized at their median value. Biomarkers
that had between 50 and 90% undetectable values were
categorized at their detection limit.

Statistical analysis
For the TESAOD study data with the panel of 86
biomarkers, each LASSO and LASSO-type method was
applied to two separate binary logistic regression models,
one comparing the 306 overweight subjects with the 463
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normal-weight subjects, and the other comparing the 66
obese subjects with the 463 normal-weight subjects. Fur-
thermore, we additionally applied each LASSO-type
method to a binary logistic regression model comparing
the 372 overweight or obese subjects to the 463 normal
weight subjects. In addition, separate univariable binary
logistic regression models were performed to verify that
each biomarker was independently associated with each
outcome. For the BL-75, we report the median values
for the variables that appeared in at least 75% of the
bootstrap samples.
The analyses of simulated and real data were per-

formed using R versions 2.15.1 and 3.0.2 and Stata
version 12.0 (Statacorp LP, College Station, TX, USA).
The R packages glmnet (version 1.9-8) [2, 18], lqa
(version 1.0-3) [19], and ROCR (version 1.0-5) [20, 21]
were used.

Results
Simulation results
Table 2 shows sparsity of results for all methods in each
of the five scenarios. The only method that did not pro-
vide the most sparse solution for either the overweight
or obese outcome across all scenarios was the EN. When
considering scenarios with weak associations of bio-
markers with the outcome (scenarios 1 and 2) and sce-
narios with highly correlated variables (scenarios 2 and
4), the IL provided the most sparse solution for the over-
weight outcome and for the obese outcome, the LASSO,
IL, BL-75, and WF methods provided the most sparse
solution given a particular scenario. For scenario 5 that

considers a moderate number of true signals with mod-
erate correlation, the IL provided the most sparse solu-
tion for the overweight outcome and the BL-75 provided
the most sparse solution for the obese outcome.
Tables 3 and 4 show each method’s ability to correctly

identify the non-zero and zero coefficients for each of
the five scenarios. Considering N = 1000 with 100 bio-
markers (Table 3), for the overweight outcome, the WF
outperformed the other methods in identifying the non-
zero coefficients, but performed the worst in identifying
the zero-coefficients. The IL identified more of the zero-
coefficients correctly. For the obese outcome, one
method did not clearly outperform the other methods.
Results for simulations with N = 500 with 100 bio-
markers are shown in Table 4. For the overweight out-
come, the WF tended to choose more of the non-zero
coefficients correctly and the IL tended to identify more
of the zero-coefficients correctly. For the obese outcome,
the WF outperformed the others at identifying the
correct non-zero coefficients, but tended to incorrectly
include more noise variables.
Table 5 shows median and range of AUC results.

Discriminatory predictive performance increased as the
association with the outcome increased and also with
larger sample size. In general, when considering scenar-
ios with either weak associations of biomarkers with the
outcome (scenarios 1 and 2) or scenarios with highly
correlated variables (scenarios 2 and 4), the LASSO
method showed good predictive ability over the other
methods. The LASSO, EN, and WF performed compar-
ably and outperformed the other methods. The BL-75

Table 2 Median (minimum, maximum) number of selected non-zero coefficients from 1000 simulated data sets

N = 1000 N = 500

Scenario 1 2 3 4 5 1 2 3 4 5

True number 5 5 5 5 20 5 5 5 5 20

Overweight

LASSO 7 (0,38) 5.5 (1,41) 19 (4,61) 9 (2,56) 19 (9,56) 4 (0,37) 5 (0,43) 18 (4,50) 8 (2,49) 16 (5,47)

Adaptive LASSO 16 (1,45) 14 (1,48) 18 (4,49) 19 (2,51) 21 (4,52) 16 (0,46) 12 (1,43) 18 (3,45) 18 (1,45) 19.5 (3,45)

Elastic Net 12 (0,100) 10 (1,100) 23 (4,62) 13 (2,65) 28 (10,100) 12 (0,100) 12 (0,100) 22 (4,84) 11 (2,62) 27 (7,100)

Iterated LASSO 7 (0,41) 5 (1,34) 18 (4,46) 9 (2,43) 16 (5,41) 4 (0,32) 4 (0,35) 16 (2,38) 7 (1,39) 13 (3,37)

Bootstrap-Enhanced LASSO-75 12 (1,28) 10 (1,26) 18 (7,38) 17 (4,40) 20 (10,40) 10 (0,29) 9 (0,28) 16 (5,37) 13 (3,34) 16 (5,35)

Weighted Fusion 27 (0,99) 27 (1,100) 23 (10,76) 21 (10,74) 34 (18,100) 13 (0,100) 13 (0,100) 11 (5,66) 9 (4,100) 56 (9,100)

Obese

LASSO 17 (4,51) 7 (2,59) 26 (8,56) 16 (3,58) 37 (20,59) 15 (2,45) 7 (1,40) 22.5 (5,54) 14 (3,50) 28 (14,52)

Adaptive LASSO 17 (3,50) 17 (1,47) 18 (5,57) 19 (3,47) 35 (14,57) 19 (1,51) 15 (1,48) 19 (4,48) 17 (2,48) 28 (6,48)

Elastic Net 21 (5,74) 11 (2,75) 29 (6,76) 19 (4,77) 47 (22,100) 20 (2,100) 11 (1,100) 26 (5,74) 19 (3,87) 42 (14,100)

Iterated LASSO 16 (4,40) 7 (1,44) 20 (5,40) 13 (3,38) 24 (12,40) 14 (1,39) 6 (1,34) 16 (4,36) 11 (2,40) 17 (7,34)

Bootstrap-Enhanced LASSO-75 17 (5,37) 14 (2,34) 20 (7,39) 16 (5,34) 22 (12,34) 14.5 (5,36) 11 (1,27) 13 (5,24) 10 (3,20) 16 (8,25)

Weighted Fusion 12 (5,68) 10 (2,99) 43 (5,61) 36 (3,53) 39 (22,99) 38 (1,100) 4 (1,100) 26 (12,87) 22 (4,70) 47 (14,100)
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generally outperformed the AL. When considering
scenario 5 with a moderate number of true signals with
moderate correlation, the BL-75 showed the best
predictive ability for the overweight outcome. In most
scenarios, the IL performed poorly.

Application results
A total of 86 biomarkers were considered for the applica-
tion study. We identified the biomarkers that were con-
sistently chosen across the six LASSO and LASSO-type
methods and had a significant univariable association with

Table 3 Median (minimum, maximum) number of correctly identified non-zero and zero coefficients, N = 1000, 1000 simulated datasets

Scenario 1 2 3 4 5

Type Non-Zero Zero Non-Zero Zero Non-Zero Zero Non-Zero Zero Non-Zero Zero

Truth 5 95 5 95 5 95 5 95 20 80

Overweight

LASSO 3 (0,5) 91 (61,95) 3 (1,5) 92 (56,95) 5 (4,5) 81 (39,95) 4 (2,5) 89 (43,95) 13 (8,18) 74.5 (39,80)

Adaptive LASSO 3 (0,5) 82 (54,95) 2 (1,5) 83 (50,95) 5 (4,5) 82 (51,95) 4 (2,5) 81 (48,95) 9 (4,15) 68 (41,80)

Elastic Net 3 (0,5) 86 (0,95) 3 (1,5) 88 (0,95) 5 (4,5) 77 (38,95) 4 (2,5) 86 (34,95) 16 (9,20) 67 (0,80)

Iterated LASSO 2 (0,5) 91 (57,95) 2 (1,5) 93 (64,95) 5 (4,5) 82 (54,95) 3 (2,5) 90 (57,95) 11 (5,16) 76 (50,80)

Bootstrap-Enhanced
LASSO-75

3 (0,5) 86 (70,95) 2 (0,4) 86 (72,95) 5 (4,5) 82 (62,93) 4 (2,5) 81 (60,94) 12 (7,16) 72 (54,80)

Weighted Fusion 4 (0,5) 72 (1,95) 5 (1,5) 72 (0,95) 5 (4,5) 77 (24,90) 4 (2,5) 77 (26,89) 20 (9,20) 65 (0,74)

Obese

LASSO 5 (3,5) 82 (49,95) 3 (2,5) 91 (41,95) 5 (5,5) 74 (44,92) 4 (3,5) 83 (42,95) 19 (14,20) 61 (37,78)

Adaptive LASSO 5 (3,5) 82.5 (50,95) 4 (1,5) 82 (53,95) 5 (5,5) 82 (43,95) 5 (3,5) 81 (53,95) 15 (10,20) 60 (38,79)

Elastic Net 5 (4,5) 79 (26,94) 4 (2,5) 88 (25,95) 5 (5,5) 71 (24,94) 4 (3,5) 80 (23,95) 19 (15,20) 52 (0,75)

Iterated LASSO 5 (3,5) 84 (60,95) 3 (1,5) 91 (56,95) 5 (5,5) 80 (60,95) 4 (3,5) 86 (62,95) 16 (12,20) 72 (56,80)

Bootstrap-Enhanced
LASSO-75

5 (3,5) 83 (63,95) 3 (1,5) 84 (64,95) 5 (5,5) 80 (61,93) 4 (2,5) 83 (66,94) 16 (10,20) 73 (62,80)

Weighted Fusion 5 (3,5) 88 (32,94) 3 (2,5) 89 (1,95) 5 (5,5) 57 (39,95) 4 (3,5) 64 (46,95) 20 (14,20) 61 (1,76)

Table 4 Median (minimum, maximum) number of correctly identified non-zero and zero coefficients, N = 500, 1000 simulated datasets

Scenario 1 2 3 4 5

Type Non-Zero Zero Non-Zero Zero Non-Zero Zero Non-Zero Zero Non-Zero Zero

Truth 5 95 5 95 5 95 5 95 20 80

Overweight

LASSO 1 (0,5) 93 (59,95) 2 (0,5) 92 (54,95) 5 (2,5) 82 (50,95) 3 (2,5) 90 (50,95) 11 (5,16) 75 (46,80)

Adaptive LASSO 2 (0,5) 81 (51,95) 2 (0,4) 84 (55,95) 5 (3,5) 81 (55,95) 4 (1,5) 81 (54,95) 7 (3,14) 68 (45,80)

Elastic Net 2 (0,5) 85 (0,95) 3 (0,5) 86 (0,95) 5 (3,5) 78 (16,95) 4 (2,5) 87 (36,95) 14 (6,20) 66.5 (0,80)

Iterated LASSO 1 (0,5) 93 (66,95) 2 (0,5) 92 (62,95) 5 (2,5) 84 (62,95) 3 (1,5) 91 (60,95) 8 (3,14) 76 (52,80)

Bootstrap-Enhanced
LASSO-75

2 (0,5) 87 (69,95) 1 (0,3) 87 (68,95) 5 (3,5) 84 (62,94) 3 (1,5) 85 (65,95) 8 (4,13) 72 (54,80)

Weighted Fusion 3 (0,5) 85 (0,95) 5 (0,5) 85 (0,95) 5 (3,5) 89 (34,94) 3 (2,5) 89 (0,94) 20 (6,20) 43 (0,80)

Obese

LASSO 4 (1,5) 84 (55,95) 3 (1,5) 91 (57,95) 5 (4,5) 77.5 (46,94) 4 (3,5) 85 (49,95) 16 (10,20) 67 (42,80)

Adaptive LASSO 4 (1,5) 80 (48,95) 3 (1,5) 83 (50,95) 5 (4,5) 81 (52,95) 4 (2,5) 82 (50,95) 11 (6,16) 63 (42,80)

Elastic Net 5 (1,5) 80 (0,95) 3 (1,5) 87 (0,95) 5 (4,5) 74 (26,95) 4 (3,5) 79 (13,95) 17 (10,20) 55 (0,78)

Iterated LASSO 4 (1,5) 86 (60,95) 3 (1,5) 91 (64,95) 5 (4,5) 84 (64,95) 4 (2,5) 88 (59,95) 12 (6,17) 75 (59,80)

Bootstrap-Enhanced
LASSO-75

4 (2,5) 85 (64,94) 2 (1,5) 87 (72,95) 5 (4,5) 87 (76,95) 4 (2,5) 89 (79,95) 12 (7,17) 76 (70,80)

Weighted Fusion 5 (1,5) 62 (0,95) 3 (1,5) 94 (0,95) 5 (4,5) 74 (13,88) 4 (3,5) 77 (30,95) 20 (10,20) 51 (0,80)
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the outcome. For the overweight outcome these were
Adiponectin, Apolipoprotein H (ApoH), Calcitonin, sol-
uble CD14 (sCD14), Complement 3 (C3), CRP, Ferritin,
Growth Hormone (GH), Immunoglobulin M (IgM),
Leptin, Myoglobin, Sex Hormone Binding Globulin
(SHBG), and SPD and for the obese outcome were CRP,
Interleukin-18 (IL-18), Leptin, Monocyte Chemotactic
Protein-1 (MCP-1), SHBG, SPD, von Willebrand Factor
(vWF), and YKL-40 (Table 6).
The combination of both outcomes was also consid-

ered and 16 biomarkers were identified, namely Adipo-
nectin, ApoH, Calcitonin, sCD14, C3, CRP, Ferritin, GH,
IgM, IL-18, Leptin, MCP-1, Myoglobin, SHBG, SPD, and
YKL-40 (Table 7).
Results for all biomarkers, not limited to those chosen

across all 6 LASSO and LASSO-type methods, can be
found in Tables 11–13 in the Appendix.

Discussion
In the simulation study, we compared the variable selec-
tion properties of the LASSO and five LASSO-type
methods for the binary logistic regression model and did
find certain situations in which one method outper-
formed the others. In general, when we considered

scenarios with weak associations of biomarkers with the
outcome and scenarios with high correlation between
biomarkers, the IL tended to provide the most sparse
solution, but had poor discriminatory predictive per-
formance. The WF tended to correctly identify more of
the true signals, but also incorrectly included more noise
variables. Still, we were not able to identify one method
that had an overall superior performance over the
others. In general, our simulation set-up considered
much smaller effects compared to those studied in the
original methodological papers that proposed the
LASSO [1], AL [3], EN [4], IL [6], BL [7], and WF [11]
methods. This more realistic setting for biomarker re-
search may contribute to why we did not see clear
improvements of one method over the other.
Similar to our results, when comparing AL results to

the LASSO, and considering both large and small effect
sizes, Zou found that there was not one single method
that consistently outperformed the others [3]. They
found that in low sample size scenarios the LASSO per-
formed the best with a low signal to noise ratio (SNR),
while the AL outperformed the LASSO when high SNR
was present [3]. In general, the LASSO was able to iden-
tify more of the non-zero coefficients as compared to

Table 5 Median (minimum, maximum) estimated AUC from 1000 simulated data sets

N = 1000 N = 500

Scenario 1 2 3 4 5 1 2 3 4 5

Overweight

LASSO 0.57
(0.47,0.63)

0.61
(0.54,0.67)

0.77
(0.73,0.82)

0.79
(0.73,0.83)

0.77
(0.72,0.82)

0.54
(0.43,0.65)

0.60
(0.48,0.68)

0.77
(0.69,0.83)

0.78
(0.71,0.85)

0.77
(0.68,0.83)

Adaptive LASSO 0.55
(0.47,0.62)

0.58
(0.50,0.66)

0.72
(0.60,0.81)

0.73
(0.57,0.82)

0.76
(0.70,0.82)

0.54
(0.43,0.65)

0.57
(0.47,0.66)

0.72
(0.57,0.82)

0.73
(0.55,0.84)

0.75
(0.66,0.82)

Elastic Net 0.56
(0.47,0.63)

0.60
(0.54,0.67)

0.77
(0.73,0.82)

0.79
(0.73,0.83)

0.77
(0.73,0.82)

0.55
(0.43,0.65)

0.59
(0.49,0.68)

0.76
(0.69,0.83)

0.78
(0.71,0.85)

0.77
(0.68,0.83)

Iterated LASSO 0.52
(0.45,0.63)

0.54
(0.45,0.67)

0.54
(0.46,0.79)

0.57
(0.47,0.83)

0.70
(0.51,0.81)

0.52
(0.40,0.66)

0.54
(0.43,0.67)

0.55
(0.44,0.77)

0.58
(0.45,0.85)

0.70
(0.49,0.82)

Bootstrap-Enhanced
LASSO-75

0.55
(0.48,0.62)

0.58
(0.48,0.65)

0.76
(0.71,0.82)

0.77
(0.71,0.82)

0.84
(0.79,0.88)

0.53
(0.42,0.65)

0.56
(0.44,0.66)

0.74
(0.64,0.82)

0.75
(0.65,0.83)

0.82
(0.73,0.88)

Weighted Fusion 0.56
(0.48,0.62)

0.60
(0.54,0.67)

0.77
(0.72,0.82)

0.78
(0.74,0.83)

0.78
(0.73,0.82)

0.55
(0.44,0.65)

0.59
(0.47,0.68)

0.77
(0.67,0.84)

0.78
(0.71,0.85)

0.77
(0.68,0.84)

Obese

LASSO 0.78
(0.71,0.86)

0.80
(0.71,0.86)

0.94
(0.90,0.96)

0.96
(0.94,0.98)

0.99
(0.98,1.00)

0.76
(0.63,0.86)

0.79
(0.67,0.87)

0.93
(0.85,0.97)

0.96
(0.90,0.99)

0.98
(0.94,0.99)

Adaptive LASSO 0.73
(0.59,0.84)

0.74
(0.58,0.86)

0.88
(0.68,0.96)

0.92
(0.72,0.98)

0.98
(0.92,0.99)

0.72
(0.55,0.84)

0.73
(0.49,0.87)

0.89
(0.66,0.97)

0.93
(0.57,0.98)

0.96
(0.89,0.99)

Elastic Net 0.78
(0.71,0.86)

0.80
(0.71,0.86)

0.94 (0.90,
0.96)

0.96
(0.93,0.98)

0.99
(0.97,1.00)

0.76
(0.60,0.86)

0.79
(0.67,0.87)

0.93
(0.85,0.97)

0.96
(0.89,0.99)

0.98
(0.94,0.99)

Iterated LASSO 0.55
(0.45,0.79)

0.58
(0.43,0.85)

0.63
(0.46,0.96)

0.65
(0.33,0.98)

0.98
(0.76,1.00)

0.57
(0.42,0.80)

0.59
(0.42,0.87)

0.68
(0.44,0.95)

0.71
(0.34,0.98)

0.96
(0.64,0.99)

Bootstrap-Enhanced
LASSO-75

0.76 (0.68,
0.82)

0.77
(0.68,0.85)

0.93
(0.88,0.97)

0.95
(0.91,0.98)

0.99
(0.82,1.00)

0.73
(0.57,0.85)

0.75
(0.62,0.85)

0.92
(0.83,0.97)

0.95
(0.88,0.98)

0.97
(0.79,0.99)

Weighted Fusion 0.78
(0.70,0.86)

0.80
(0.70,0.86)

0.94 (0.90,
0.96)

0.96
(0.64,0.98)

0.99
(0.97,1.00)

0.74
(0.60,0.86)

0.79
(0.66,0.87)

0.93
(0.86,0.97)

0.96
(0.88,0.98)

0.98
(0.96,1.00)
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Table 6 TESAOD analysis, coefficients refer to associations of standardized biomarker values with overweight and obese separately

Overweight Obese

(N = 463 normal-weight, N = 306 overweight) (N = 463 normal-weight, N = 66 obese)

LASSO Adaptive
LASSO

Elastic
Net

Iterated
LASSO

Bootstrap-Enhanced
LASSO-75

Weighted
Fusion

p^ LASSO Adaptive
LASSO

Elastic
Net

Iterated
LASSO

Bootstrap-Enhanced
LASSO-75

Weighted
Fusion

p^

Adiponectin −0.2511 −0.3500 −0.2498 −0.3297 −0.3226 −0.2440 ** −0.0101 0 −0.0006 0 0 −0.0853 *

Apolipoprotein H 0.0571 0.0838 0.0762 0.1479 0.1309 0.0512 ** 0.0881 0.1642 0.0346 0 0.2160 0.1277 **

Calcitonina 0.0469 0.0765 0.0668 0.1681 0.0895 0.0352 * 0 0 0 0 0 0.0624

Soluble CD14 −0.1133 −0.1679 −0.1296 −0.2492 −0.1923 −0.0994 * −0.1020 −0.1706 −0.0488 0 −0.2272 −0.0965

Complement 3 0.0847 0.1238 0.1183 0.2080 0.1483 0.0767 ** 0.0899 0 0.0761 0 0 0.1306 **

C-Reactive Protein 0.2105 0.3150 0.2188 0.3791 0.2901 0.1923 ** 0.5213 0.7636 0.4765 0.6802 0.6052 0.2526 **

Ferritin 0.1131 0.0969 0.1120 0.1431 0.1055 0.1115 ** 0.0753 0 0.0469 0 0 0.0671 *

Growth Hormone −0.1163 −0.1238 −0.1259 −0.1737 −0.1566 −0.1144 ** 0 0 0 0 0 −0.0888 *

Immunoglobulin M −0.0410 −0.0288 −0.0569 −0.1228 −0.0949 −0.0320 * −0.1014 0 −0.0450 0 0 −0.1120

Interleukin-18 0.0073 0.0047 0.0348 0.1515 0 0 ** 0.1214 0.0653 0.0804 0.0774 0.2373 0.0870 *

Leptin 0.2057 0.3263 0.2102 0.3690 0.3177 0.1829 ** 0.9186 1.1286 0.8548 1.2502 1.1551 0.3792 **

Monocyte Chemotactic
Protein-1

0 0 0 0 0 0 0.1628 0.1471 0.1269 0.1792 0.2546 0.1275 **

Myoglobin 0.2323 0.3468 0.2300 0.3341 0.2856 0.2162 ** 0.0391 0 0.0316 0 0 0.0829 *

Sex Hormone Binding
Globulin

−0.2130 −0.2033 −0.1979 −0.2220 −0.2046 −0.2009 ** −0.4768 −0.6470 −0.4499 −0.7274 −0.4767 −0.2334 **

Surfactant Protein D −0.1053 −0.1518 −0.1250 −0.2361 −0.2089 −0.0924 * −0.3136 −0.4086 −0.2351 −0.3848 −0.4663 −0.2820 **

von Willebrand Factor 0 0 0 0 0 0 0.1980 0.0683 0.1737 0.2571 0.2694 0.1364 **

YKL-40 0 0 0.0108 0 0 0 0.1095 0.0847 0.0733 0.0314 0.1979 0.1151 **
aCategorized at median; ^: p-value for univariate association from binary logistic regression; *: p < 0.05; **: p < 0.01
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the AL. In identifying the correct zero coefficients, both
methods performed comparably with the exception of
scenario 5 in which the LASSO outperformed the AL.
Both the LASSO and AL methods have been shown to
have good prediction accuracy [3], however the LASSO
did show better discrimination than the AL in our simu-
lation study. The EN has been shown to outperform the
LASSO when collinearity is present. However, the EN
typically chooses more variables than the LASSO, creat-
ing a less sparse solution [4]. For scenarios with high
correlation (scenarios 2, 4, and 5), our results show that
the EN correctly identified the true signals either com-
parably or better than the LASSO (Tables 3 and 4). As
expected, the EN included more noise variables for all
scenarios. Similarly, in our simulation study the LASSO
provided a more sparse solution as compared to the EN
(Table 2). The IL has been shown to provide a more
sparse solution than the LASSO [6]. We confirmed in
our simulation study that the IL tended to provide the
most sparse solution as compared to the others, but it
also demonstrated poor predictive ability. With sparse
data-generating models, the BL has been shown to out-
perform the LASSO [8]. However, the BL has also been
shown to be too stringent [8]. In the present study, in
order to minimize the exclusion of any potentially im-
portant biomarkers, we a priori considered the BL-75.
We found that when considering a moderate number of
true signals with moderate correlation, the BL-75
showed the best predictive ability. WF has been shown

to outperform the LASSO and EN [11]. Similar to the
EN, WF also tends to over select variables and thus cre-
ates a less sparse solution. In our simulation study, we
found that the WF correctly identified more true signals,
but incorrectly included more noise variables.
Given these biomarker data, choice of optimal LASSO-

type method was dependent on the characteristics of how
the data were generated and should be guided by the re-
search objectives. For objectives that aim to identify the
maximal number of true signals, the WF was most opti-
mal and the IL and AL the least. While identifying the
greatest number of true signals, the WF also included
more noise variables. The LASSO and EN performed well
in the identification of many true signals and exclusion of
more noise variables. For objectives that aim to maximize
prediction, the LASSO, EN, and WF would also be opti-
mal. While we found that no method had a clear overall
advantage over the others, the IL was outperformed by
the other methods in both variable selection and predic-
tion. Additionally, while the BL showed the best predictive
ability when considering a moderate number of true sig-
nals with moderate correlation, it was outperformed in
variable selection. Given that the original LASSO method
was not outperformed by the other methods, this method
would be the most ideal method since it is the most direct
and efficient method to implement. However, in general
we recommend that the choice of optimal LASSO-type
method should be guided by the underlying scientific
question and by the research objectives.

Table 7 TESAOD analysis, coefficients refer to associations of standardized biomarker values with overweight and obese combined

Overweight and Obese
(N = 463 normal-weight, N = 372 overweight and obese)

Lasso Adaptive LASSO Elastic Net Iterated LASSO Bootstrap-Enhanced LASSO-75 Weighted Fusion p^

Adiponectin −0.2143 −0.2770 −0.2210 −0.2827 −0.2334 −0.1985 **

Apolipoprotein H 0.0759 0.1047 0.0965 0.1028 0.1201 0.0628 **

Calcitonina 0.0461 0.0647 0.0657 0.0782 0.1076 0.0236 *

Soluble CD14 −0.1439 −0.2052 −0.1598 −0.2411 −0.1681 −0.1143 *

Complement 3 0.1094 0.1174 0.1313 0.1307 0.1337 0.0923 **

C-Reactive Protein 0.2968 0.4064 0.3015 0.4235 0.3485 0.2630 **

Ferritin 0.1036 0.0834 0.1068 0.1397 0.0701 0.0988 **

Growth Hormone −0.1155 −0.0898 −0.1181 −0.1430 −0.1529 −0.1158 **

Immunoglobulin M −0.0883 −0.1068 −0.0940 −0.1568 −0.0982 −0.0715 *

Interleukin-18 0.0404 0.0379 0.0588 0.0677 0.0798 0.0223 **

Leptin 0.3312 0.4337 0.3499 0.4554 0.4052 0.2861 **

Monocyte Chemotactic Protein-1 0.0283 0.0829 0.0451 0.0572 0.0927 0.0030 *

Myoglobin 0.2267 0.3195 0.2286 0.2983 0.2587 0.2115 **

Sex Hormone Binding Globulin −0.2827 −0.3609 −0.2739 −0.3612 −0.2703 −0.2593 **

Surfactant Protein D −0.1612 −0.2086 −0.1794 −0.2439 −0.2401 −0.1328 **

YKL-40 0.0284 0.0278 0.0434 0.0222 0.0654 0.0152 *
aCategorized at median ^: p-value for univariate association from binary logistic regression; *: p < 0.05; **: p < 0.01
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When applying the methods to the TESAOD dataset,
we considered three different outcomes, namely over-
weight, obese, and overweight or obese. We had ex-
pected similar biomarkers for both conditions and
possibly stronger associations with obesity. We chose to
combine overweight and obesity in a separate analysis as
this would provide the highest power for most bio-
markers as well as provide a summary measure. Consid-
ering overweight and obesity in separate models would
allow us to estimate biomarker association levels specific
to each condition. Not all biomarkers were chosen
consistently across all methods when considering the
overweight and obese outcomes separately. ApoH and
sCD14 were consistently chosen across all methods for
the overweight outcome and across all methods except
for the IL for the obese outcome. Similarly, Adiponectin,
C3, Ferritin, IgM and Myoglobin were consistently
chosen across all methods for the overweight outcome
and across all methods for the obese outcome except for
AL, IL, and BL-75. Results from the simulation study
suggest that the IL might not always choose the true sig-
nal and that the LASSO, EN, and WF might be more
likely to identify the true signal as compared to AL and
BL-75. Other biomarkers such as Calcitonin and GH
were consistently chosen for the overweight outcome,
but never chosen for the obese outcome. In contrast,
MCP-1 and vWF were never chosen for the overweight
outcome, but always chosen for the obese outcome.
These differences may in part be due to the method-
ology and different sample sizes in the overweight and
obese categories, but they also might be due to biological
differences between the two outcomes.
Overall, in addition to the well-known effects of

Adiponectin, CRP, and Leptin, the LASSO methods
identified multiple biomarkers that have been reported
to be associated with obesity and/or obesity related con-
ditions [22–45] and that were largely classified into ei-
ther a group of hormones or hormone related proteins
(Adiponectin, Calcitonin, GH, Leptin, SHBG), or into a
group of positive acute phase reactants and other bio-
markers of inflammation (C3, CRP, Ferritin, IL-18,
MCP-1, vWF, and YKL-40). The LASSO-type methods
shrink coefficients and set other coefficients to 0, thus
producing biased estimates. Of note, Tables 6 and 7
show biased estimates and the magnitude of the estima-
tion differences could be noted. The tuning parameter
chosen by cross validation affects the amount of shrink-
age and this tuning parameter may differ between
LASSO-type methods.

Strengths and limitations
A strength of this study is that real-world data were used
in the development of the simulation study parameters. In
particular, the scenarios that were considered represent a

more realistic setting that might be present in high dimen-
sional serum biomarker research such as sparse number
of true signals, weak to moderate association of the bio-
markers with the outcomes, and high correlation between
biomarkers. In the application study we confirmed poten-
tially important biomarkers of overweight and obesity
using results that were consistent across six LASSO and
LASSO-type methods.
A limitation to this study is that although we found that

in general the IL tended to provide the most sparse solu-
tion and the WF tended to correctly identify the most
number of true signals, the choice of optimal LASSO
method is data structure dependent and results from this
study may not be generalizable to other biomarker studies.
Furthermore, for the BL method, rather than consider a
strict intersection, we considered the BL-75. We acknow-
ledge that this may not fully optimize results and a differ-
ent frequency threshold may outperform the BL-75. In
addition, the primary goal of this research was to study
the binary logistic regression model. Particularly, we were
interested in how the LASSO-type models would compare
when considering a common (40% overweight) or less
common (12% obese) outcome. Considering both out-
comes together as a single ordinal or as a multinomial re-
sponse might have been more efficient than to consider
them as separate binary responses and performance of
LASSO-type approaches for such outcome measures will
be a future research topic.
In this paper we focus on situations where the number

of variables p is smaller than the sample size N. As
shown in Fan and Fan [46], Fan and Liv [47], and Fan,
Samworth, and Wu [48], when p > N, performance of
the LASSO-type methods is inferior to that of certain
two-stage methods, which first apply a screening proced-
ure to reduce the number of important variables below
the sample size, then apply methods like LASSO to the
selected subset of variables. Comparison of such two-
stage methods for the p > N situation is beyond the
scope of this paper and will be the topic of future
investigation.

Conclusions
For the data scenarios examined, the LASSO method was
overall not outperformed by any of the other methods.
Choice of optimal LASSO-type method was dependent on
characteristics of how the data were generated. In general,
these characteristics are unknown and can only to some
extent be estimated. Nevertheless, choice of optimal
LASSO-type method should be guided by knowledge of
the underlying scientific question and by the research ob-
jectives. The LASSO-type methods were able to identify
biomarkers that were known to be associated with obesity
and obesity related conditions, demonstrating the promise
of such methods in future investigations.
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Appendix

Table 8 HumanMAP version 1.6 biomarkers

Adiponectin Granulocyte-Macrophage
Colony-Stimulating Factor

Macrophage-Derived Chemokine

Alpha-1-Antitrypsin Growth Hormone Macrophage Inflammatory Protein 1-alpha

Alpha-Fetoprotein Haptoglobin Macrophage Inflammatory Protein-1 beta

Alpha-2-Macroglobulin Immunoglobulin A Matrix Metalloproteinase-2

Apolipoprotein A-1 Immunoglobulin E Matrix Metalloproteinase-3

Apolipoprotein C-III Immunoglobulin M Matrix Metalloproteinase-9

Apolipoprotein H Insulin Monocyte Chemotactic Protein 1

Beta-2 Microglobulin Intercellular Adhesion Molecule-1 Myeloperoxidase

Brain Derived Neurotrophic Factor Interferon-gamma Myoglobin

Calcitonin Interleukin-1 alpha Plasminogen Activator Inhibitor 1

Cancer Antigen 19-9 Interleukin-1 beta Pregnancy-Associated Plasma Protein a

Cancer Antigen 125 Interleukin-1 Receptor Antagonist Prostate Specific Antigen, Free

Carcinoembryonic Antigen Interleukin-2 Prostatic Acid Phosphatase

CD40 Interleukin-3 T-Cell Specific Protein, Regulated upon
Activation Normal T-cell Expressed, and
presumably Secreted

CD40 Ligand Interleukin-4 Serum Amyloid P

Complement 3 Interleukin-5 Serum Glutamic Oxaloacetic Transminase

Creatine Kinase-MB Interleukin-6 Sex Hormone Binding Globulin

Endothelin-1 Interleukin-7 Stem Cell Factor

Eotaxin Interleukin-8 Thrombopoietin

Epidermal Growth Factor Interleukin-10 Thyroxine Binding Globulin

Epithelial-Derived Neutrophil-Activating Protein-78 Interleukin-12 subunit p40 Thyroid Stimulating Hormone

Erythropoietin Interleukin-12 subunit p70 Tissue Factor

Extracellular Newly Identified RAGE-binding protein Interleukin-13 Tissue Inhibitor of Metalloproteinase 1

Factor VII Interleukin-15 Tumor Necrosis Factor-alpha

Fatty Acid Binding Protein Interleukin-16 Tumor Necrosis Factor-beta

Ferritin Interleukin-18 Tumor Necrosis Factor RII

Fibrinogen Leptin Vascular Cell Adhesion Molecule-1

Fibroblast Growth Factor-Basic Lipoprotein (a) Vascular Endothelial Growth Factor

Granulocyte Colony-Stimulating Factor Lymphotactin von Willebrand Factor

Table 9 Biomarkers measured at the Arizona Respiratory Center

Soluble CD14

Club (Clara) Cell Secretory Protein

C-Reactive Protein

Surfactant Protein D

YKL-40

Table 10 Measurements of biomarker concentrations

Category
description

Reported from lab Decision on how to use data

Undetectable
values

Reflect samples below
the lowest standard

The lowest observed value for
each biomarker was identified
and all low values for that
biomarker were recorded as ½
that value (Myriad-RBM) or ½
the lowest standard (ARC)

Normal values Normal values Normal Values

High values Reflect samples above
the highest standard

Value equals twice the highest
value (Myriad-RBM) or twice
the highest standard (ARC)
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Table 11 TESAOD application, overweight subjects (N = 463 normal-weight, N = 306 overweight)

Lasso Adaptive
LASSO

Elastic
Net

Iterated
LASSO

Bootstrap-Enhanced
LASSO-75

Weighted
Fusion

Logistic Regression,
Coefficient (p-value)

Adiponectin −0.2511 −0.3500 −0.2498 −0.3297 −0.3226 −0.2440 −0.5188 (<0.001)

Alpha-1 Antitrypsin −0.0283 −0.0283 −0.0554 −0.1381 0 −0.0210 −0.1552 (0.038)

Alpha-Fetoprotein 0 0 0 0 0 0 0.1012 (0.178)

Alpha-2 Macroglobulin −0.0005 0 −0.0214 0 0 −0.0014 −0.3183 (<0.001)

Apolipoprotein A-1 0 0 0 0 0 0 −0.0502 (0.497)

Apolipoprotein C-III 0 0 0 0 0 0 0.2049 (0.006)

Apolipoprotein H 0.0571 0.0838 0.0762 0.1479 0.1309 0.0512 0.3348 (<0.001)

Beta-2 Microglobulin 0 0 0 0 0 0 0.1495 (0.044)

Brain Derived Neurotrophic Factor 0 0 0 0 0 0 0.0412 (0.576)

Calcitonina 0.0469 0.0765 0.0668 0.1681 0.0895 0.0352 0.3435 (0.020)

Cancer Antigen 19-9 0 0 0 0 0 0 −0.0007 (0.992)

Cancer Antigen 125 0 0 0 0 0 0 0.0724 (0.329)

Carcinoembryonic Antigen 0 0 0 0 0 0 0.0157 (0.831)

Soluble CD14 −0.1133 −0.1679 −0.1296 −0.2492 −0.1923 −0.0994 −0.1716 (0.023)

CD40 0 0 0 0 0 0 0.0302 (0.682)

CD40Ligand 0 0 0 0 0 0 −0.0096 (0.896)

Club Cell Secretory Protein 0 0 0 0 0 0 0.0107 (0.885)

Complement 3 0.0847 0.1238 0.1183 0.2080 0.1483 0.0767 0.3855 (<0.001)

C-Reactive Protein 0.2105 0.3150 0.2188 0.3791 0.2902 0.1923 0.3537 (<0.001)

Creatine Kinase-MB 0 0 0.0062 0 0 0 0.2130 (0.005)

Endothelin-1b 0 0 0 0 0 0 −0.0262 (0.874)

Eotaxin −0.0451 −0.0904 −0.0693 −0.1443 −0.1277 −0.0335 −0.0946 (0.206)

Epidermal Growth Factor −0.0140 −0.0591 −0.0396 −0.1180 −0.0689 −0.0041 −0.1000 (0.174)

Epithelial-Derived Neutrophil-Activating Protein-78 0 0 0 0 0 0 −0.0065 (0.930)

Erythropoietina 0 0 0 0 0 0 0.0914 (0.535)

Extracellular Newly Identified RAGE-Binding Protein 0 0 0 0 0 0 0.0347 (0.637)

Fatty Acid Binding Protein 0 0 0 0 0 0 0.2592 (0.001)

Ferritin 0.1131 0.0969 0.1120 0.1431 0.1055 0.1115 0.4215 (<0.001)

Fibrinogen 0 0 0 0 0 0 0.1263 (0.087)

Fibroblast Growth Factor-Basicb 0 0 0 0 0 0 0.1792 (0.251)

Granulocyte Colony-Stimulating Factor −0.0713 −0.1647 −0.0879 −0.2319 −0.1709 −0.0547 −0.1155 (0.117)

Granulocyte-Macrophage Colony-Stimulating Factorb 0.0255 0 0.0445 0.1224 0 0.0153 0.4067 (0.036)

Growth Hormone −0.1163 −0.1238 −0.1259 −0.1737 −0.1566 −0.1144 −0.4159 (<0.001)

Haptoglobin 0 0 0 0 0 0 0.1710 (0.023)

Immunoglobulin A 0 0 0 0 0 0 0.1227 (0.094)

Immunoglobulin E 0 0 0 0 0 0 0.1331 (0.074)

Immunoglobulin M −0.0410 −0.0288 −0.0569 −0.1228 −0.0949 −0.0320 −0.1509 (0.041)

Intercellular Adhesion Molecule-1 0 0 0 0 0 0 0.0608 (0.411)

Interferon-Gammaa 0 0 0 0 0 0 −0.0739 (0.616)

Interleukin-1alphab 0 0 −0.0097 0 0 0 −0.2350 (0.134)

Interleukin-1betaa 0 0 0 0 0 0 0.1519 (0.303)

Interleukin-1 Receptor Antagonist 0 0 0 0 0 0 0.0141 (0.849)

Interleukin-3b 0 0 0.0027 0 0.0167 0 0.0991 (0.504)
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Table 11 TESAOD application, overweight subjects (N = 463 normal-weight, N = 306 overweight) (Continued)

Interleukin-4b 0 0 −0.0022 0 0 0 −0.2057 (0.172)

Interleukin-5a 0 0 0 0 0 0 −0.0003 (0.998)

Interleukin-6a 0 0 0 0 0 0 0.1995 (0.176)

Interleukin-7b 0 0 0.0014 0 0 0 0.1563 (0.292)

Interleukin-8 0 0.0155 0.0089 0 0 0 0.0810 (0.269)

Interleukin-10b 0 0 0 0 0 0 0.1657 (0.316)

Interleukin-12p40b −0.0089 0 −0.0351 −0.1216 0 0 −0.2502 (0.146)

Interleukin-13 0 0 0 0 0 0 −0.0110 (0.881)

Interleukin-15a 0 0 0 0 0 0 −0.1304 (0.376)

Interleukin-16 0 −0.0597 0 0 0 0 0.0584 (0.433)

Interleukin-18 0.0073 0.0047 0.0348 0.1515 0 0 0.2131 (0.005)

Leptin 0.2057 0.3263 0.2102 0.3690 0.3177 0.1829 0.2062 (0.008)

Lipoprotein (a) 0 0 0 0 0 0 −0.1247 (0.094)

Macrophage-Derived Chemokine 0 0 0 0 0 0 0.0477 (0.517)

Macrophage Inflammatory Protein-1alpha 0 0 0 0 0 0 0.1057 (0.156)

Macrophage Inflammatory Protein-1beta 0.0002 0 0.0307 0 0 0 0.1679 (0.026)

Matrix Metalloproteinase-2a 0 0 0 0 0 0 0.0212 (0.886)

Matrix Metalloproteinase-3 0 0 0 0 0 0 0.1937 (0.010)

Matrix Metalloproteinase-9a 0 0 0 0 0 0 0.1040 (0.480)

Monocyte Chemotactic Protein-1 0 0 0 0 0 0 0.1189 (0.110)

Myeloperoxidase −0.0222 0 −0.0378 −0.1046 0 −0.0113 −0.0582 (0.430)

Myoglobin 0.2323 0.3468 0.2300 0.3341 0.2856 0.2162 0.4412 (<0.001)

Plasminogen Activator Inhibitor 1 0 0 0 0 0 0 0.1848 (0.014)

Pregnancy-Associated Plasma Protein a 0 0 0 0 0 0 −0.0047 (0.949)

Prostatic Acid Phosphatasea 0 0 0 0 0 0 0.2134 (0.148)

T-Cell Specific Protein RANTES 0 0 0 0 0 0 0.0804 (0.278)

Serum Amyloid P 0.1352 0 0.1196 0.0851 0.1133 0.1346 0.5442 (<0.001)

Serum Glutamic Oxaloacetic Transminase 0 0 0.0206 0 0 0 0.0672 (0.364)

Sex Hormone Binding Globulin −0.2130 −0.2033 −0.1979 −0.2220 −0.2046 −0.2009 −0.5329 (<0.001)

Stem Cell Factor 0 0 0 0 0 0 0.0395 (0.591)

Surfactant Protein D −0.1053 −0.1518 −0.1250 −0.2361 −0.2089 −0.0924 −0.1774 (0.020)

Thrombopoietin 0 0 0 0 0 0 0.0218 (0.767)

Thyroid Stimulating Hormone 0 0 −0.0080 0 0 0 −0.0191 (0.795)

Thyroxine Binding Globulin 0 0 0 0 0 0 −0.1083 (0.150)

Tissue Factorb 0 0 0 0 0 0 −0.0137 (0.945)

Tissue Inhibitor of Metalloproteinase 1 0 0 0 0 0 0 0.1395 (0.059)

Tumor Necrosis Factor-alpha 0 0 0 0 0 0 0.0616 (0.407)

Tumor Necrosis Factor-betab 0 0 0 0 0 0 −0.0666 (0.682)

Tumor Necrosis Factor RII 0 0 0 0 0 0 0.1413 (0.056)

Vascular Cell Adhesion Molecule-1 0 0 0 0 0 0 0.0698 (0.344)

Vascular Endothelial Growth Factor 0 0 0 0 0 0 0.1098 (0.138)

von Willebrand Factor 0 0 0 0 0 0 0.0579 (0.430)

YKL-40 0 0 0.0108 0 0 0 0.1184 (0.108)
aCategorized at median; bCategorized at detection limit
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Table 12 TESAOD application, obese subjects (N = 463 normal-weight, N = 66 obese)

Lasso Adaptive
LASSO

Elastic
Net

Iterated
LASSO

Bootstrap-Enhanced
LASSO-75

Weighted
Fusion

Logistic Regression,
Coefficient (p-value)

Adiponectin −0.0101 0 −0.0006 0 0 −0.0853 −0.3089 (0.018)

Alpha-1 Antitrypsin 0 0 0 0 0 −0.0320 −0.0748 (0.573)

Alpha-Fetoprotein −0.0256 0 0 0 0 −0.0730 0.0009 (0.994)

Alpha-2 Macroglobulin −0.0187 0 −0.0065 0 0 −0.1110 −0.3163 (0.022)

Apolipoprotein A-1 −0.2167 −0.3546 −0.1691 −0.3127 −0.2627 −0.1011 −0.1488 (0.260)

Apolipoprotein C-III 0 0 0 0 0 0 0.1865 (0.121)

Apolipoprotein H 0.0881 0.1642 0.0346 0 0.2160 0.1277 0.5315 (<0.001)

Beta-2 Microglobulin 0 0 0 0 0 0.0417 0.3586 (0.005)

Brain Derived Neurotrophic Factor 0 0 0 0 0 0 0.2784 (0.024)

Calcitonina 0 0 0 0 0 0.0624 0.2469 (0.349)

Cancer Antigen 19-9 −0.1216 −0.1226 −0.0633 0 −0.3059 −0.1439 −0.1357 (0.269)

Cancer Antigen 125 0 0 0 0 0 −0.0081 0.0942 (0.484)

Carcinoembryonic Antigen −0.0516 0 0 0 −0.1779 −0.1107 −0.1338 (0.301)

Soluble CD14 −0.1020 −0.1706 −0.0488 0 −0.2272 −0.0965 −0.0801 (0.544)

CD40 0 0 0 0 0 −0.0167 0.2122 (0.109)

CD40Ligand −0.0176 0 0 0 0 −0.0808 −0.0731 (0.580)

Club Cell Secretory Protein 0 0 0 0 0 −0.0705 −0.1442 (0.263)

Complement 3 0.0899 0 0.0761 0 0 0.1306 0.5991 (<0.001)

C-Reactive Protein 0.5213 0.7636 0.4765 0.6802 0.6052 0.2526 0.7864 (<0.001)

Creatine Kinase-MB 0.0818 0.1652 0.0423 0 0.1442 0.0957 0.2967 (0.045)

Endothelin-1b 0 0 0 0 0 0.0487 0.2000 (0.481)

Eotaxin −0.0965 −0.1557 −0.0581 0 −0.2893 −0.1414 −0.2317 (0.111)

Epidermal Growth Factor 0 0 0 0 0 0.0190 0.1794 (0.198)

Epithelial-Derived Neutrophil-Activating Protein-78 0 0 0 0 0 0.0353 0.2525 (0.024)

Erythropoietina 0 0 0 0 0 −0.0174 0.0736 (0.780)

Extracellular Newly Identified RAGE-Binding Protein 0 0 0 0 0 0.0092 0.0324 (0.803)

Fatty Acid Binding Protein 0 0 0 0 0 0 0.3317 (0.029)

Ferritin 0.0753 0 0.0469 0 0 0.0671 0.2900 (0.038)

Fibrinogen 0 0 0 0 0 0.0168 0.1290 (0.320)

Fibroblast Growth Factor-Basicb 0 0 0 0 0 0.0518 0.4799 (0.074)

Granulocyte Colony-Stimulating Factor 0 0 0 0 0 0.0705 0.3130 (0.027)

Granulocyte-Macrophage Colony-Stimulating Factorb 0 0 0 0 0 0.0086 0.2726 (0.430)

Growth Hormone 0 0 0 0 0 −0.0888 −0.2576 (0.049)

Haptoglobin 0 0 0 0 0 0.0107 0.2537 (0.027)

Immunoglobulin A 0 0 0 0 0 −0.0046 0.1143 (0.358)

Immunoglobulin E 0 0 0 0 0 0 −0.0469 (0.720)

Immunoglobulin M −0.1014 0 −0.0450 0 0 −0.1120 −0.1411 (0.278)

Intercellular Adhesion Molecule-1 0 0 0 0 0 0 0.1826 (0.167)

Interferon-Gammaa 0.0820 0.0300 0.0245 0 0.1199 0.1218 0.3461 (0.195)

Interleukin-1alphab 0 0 0 0 0 0.0154 0.1322 (0.624)

Interleukin-1betaa 0 0 0 0 0 0.0535 0.2558 (0.333)

Interleukin-1 Receptor Antagonist 0 −0.0844 0 0 0 −0.0275 0.1284 (0.353)

Interleukin-3b 0 0 0 0 0 −0.0185 0.1956 (0.458)
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Table 12 TESAOD application, obese subjects (N = 463 normal-weight, N = 66 obese) (Continued)

Interleukin-4b 0 0 0 0 0 0 −0.0315 (0.906)

Interleukin-5a 0 0 0 0 0 −0.0203 −0.0217 (0.934)

Interleukin-6a 0 0 0 0 0 −0.0069 0.4395 (0.098)

Interleukin-7b 0.1132 0 0.0761 0.012 0 0.1345 0.6057 (0.023)

Interleukin-8 −0.0407 0 0 0 0 −0.0765 −0.0588 (0.665)

Interleukin-10b 0 0 0 0 0 0.0124 0.4472 (0.110)

Interleukin-12p40b 0 0 0 0 0 0.0103 0.2217 (0.435)

Interleukin-13 0 0 0 0 0 −0.0653 −0.0841 (0.533)

Interleukin-15a 0 0 0 0 0 −0.0037 0.1434 (0.587)

Interleukin-16 0 0 0 0 0 0.0531 0.1822 (0.175)

Interleukin-18 0.1214 0.0653 0.0804 0.0774 0.2373 0.0870 0.3215 (0.015)

Leptin 0.9186 1.1286 0.8548 1.2502 1.1505 0.3792 1.3928 (<0.001)

Lipoprotein (a) 0 0 0 0 0 0 −0.0010 (0.994)

Macrophage-Derived Chemokine 0 0 0 0 0 0.0476 0.2533 (0.042)

Macrophage Inflammatory Protein-1alpha 0 0 0 0 0 0.0531 0.2623 (0.057)

Macrophage Inflammatory Protein-1beta 0 0 0 0 0 0.0241 0.2934 (0.022)

Matrix Metalloproteinase-2a 0.1090 0 0.0776 0.0443 0.1443 0.1242 0.6992 (0.011)

Matrix Metalloproteinase-3 0 0 0 0 0 −0.0308 −0.0218 (0.868)

Matrix Metalloproteinase-9a 0.0101 0.0832 0 0 0 0.0606 0.3084 (0.244)

Monocyte Chemotactic Protein-1 0.1628 0.1471 0.1269 0.1792 0.2546 0.1275 0.4521 (0.001)

Myeloperoxidase 0 −0.0542 0 0 0 −0.0927 −0.1054 (0.425)

Myoglobin 0.0391 0 0.0316 0 0 0.0829 0.3239 (0.011)

Plasminogen Activator Inhibitor 1 0 0 0 0 0 0.0454 0.4603 (0.001)

Pregnancy-Associated Plasma Protein a 0 0 0 0 0 −0.0995 −0.1306 (0.306)

Prostatic Acid Phosphatasea 0 0 0 0 0 −0.0477 −0.0652 (0.805)

T-Cell Specific Protein RANTES 0 0 0 0 0 0.0444 0.4370 (0.002)

Serum Amyloid P 0 0 0.0019 0 0 0.0836 0.6526 (<0.001)

Serum Glutamic Oxaloacetic Transminase 0.0340 0.0234 0 0 0 0.0851 0.0350 (0.791)

Sex Hormone Binding Globulin −0.4768 −0.6470 −0.4499 −0.7274 −0.4767 −0.2334 −0.5552 (<0.001)

Stem Cell Factor 0 0 0 0 0 0.0212 0.3146 (0.008)

Surfactant Protein D −0.3136 −0.4086 −0.2351 −0.3848 −0.4663 −0.2820 −0.4833 (0.002)

Thrombopoietin 0.0243 0 0.0147 0 0 0.0933 0.3849 (0.002)

Thyroid Stimulating Hormone −0.0264 −0.0034 0 0 0 −0.0515 −0.1010 (0.424)

Thyroxine Binding Globulin 0 0 0 0 0 0 0.0722 (0.570)

Tissue Factorb 0 0 0 0 0 0.0788 0.6627 (0.029)

Tissue Inhibitor of Metalloproteinase 1 0 0 0 0 0 −0.0023 0.2617 (0.031)

Tumor Necrosis Factor-alpha 0 0 0 0 0 0.0380 0.2958 (0.044)

Tumor Necrosis Factor-betab 0.0165 0 0 0 0 0.0848 0.2309 (0.406)

Tumor Necrosis Factor RII 0 0 0 0 0 0.0287 0.3291 (0.011)

Vascular Cell Adhesion Molecule-1 0 0.1194 0 0 0 0.0828 0.2680 (0.043)

Vascular Endothelial Growth Factor 0 0 0 0 0 0 0.3250 (0.015)

von Willebrand Factor 0.1980 0.0683 0.1737 0.2571 0.2694 0.1364 0.4185 (<0.001)

YKL-40 0.1095 0.0847 0.0733 0.0314 0.1979 0.1151 0.3671 (0.005)
aCategorized at median; bCategorized at detection limit
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Table 13 TESAOD application, overweight and obese subjects combined (N = 463 normal-weight, N = 372 overweight and obese)

Lasso Adaptive
LASSO

Elastic
Net

Iterated
LASSO

Bootstrap-Enhanced
LASSO-75

Weighted
Fusion

Logistic Regression,
Coefficient (p-value)

Adiponectin −0.2143 −0.2770 −0.2210 −0.2827 −0.2334 −0.1985 −0.4799 (<0.001)

Alpha-1 Antitrypsin −0.0311 0 −0.0464 0 0 −0.0199 −0.1415 (0.045)

Alpha-Fetoprotein 0 0 0 0 0 0 0.0833 (0.238)

Alpha-2 Macroglobulin −0.0435 0 −0.0580 −0.0276 −0.0705 −0.0348 −0.3158 (<0.001)

Apolipoprotein A-1 −0.0105 −0.0257 −0.0324 0 0 0 −0.0684 (0.328)

Apolipoprotein C-III 0 0 0 0 0 0 0.2077 (0.003)

Apolipoprotein H 0.0759 0.1047 0.0965 0.1028 0.1201 0.0628 0.3683 (<0.001)

Beta-2 Microglobulin 0 0 0 0 0 0 0.1925 (0.007)

Brain Derived Neurotrophic Factor 0 0 0 0 0 0 0.0886 (0.206)

Calcitonina 0.0461 0.0647 0.0657 0.0782 0.1076 0.0236 0.3263 (0.020)

Cancer Antigen 19-9 0 0 0 0 0 0 −0.0265 (0.703)

Cancer Antigen 125 0 0 0 0 0 0 0.0769 (0.272)

Carcinoembryonic Antigen 0 0 0 0 0 0 −0.0118 (0.866)

Soluble CD14 −0.1439 −0.2052 −0.1598 −0.2411 −0.1681 −0.1143 −0.1542 (0.030)

CD40 0 −0.0075 −0.0085 0 0 0 0.0618 (0.376)

CD40Ligand 0 0 0 0 0 0 −0.0206 (0.768)

Club Cell Secretory Protein 0 0 −0.0009 0 0 0 −0.0177 (0.799)

Complement 3 0.1094 0.1174 0.1313 0.1307 0.1337 0.0923 0.4334 (<0.001)

C-Reactive Protein 0.2968 0.4064 0.3015 0.4235 0.3485 0.2630 0.4345 (<0.001)

Creatine Kinase-MB 0.0200 0 0.0344 0 0 0.0087 0.2235 (0.002)

Endothelin-1b 0 0 0 0 0 0 0.0155 (0.921)

Eotaxin −0.1066 −0.1808 −0.1291 −0.2042 −0.1816 −0.0717 −0.1164 (0.099)

Epidermal Growth Factor 0 0 0 0 0 0 −0.0540 (0.438)

Epithelial-Derived Neutrophil-Activating Protein-78 0 0 0 0 0 0 0.0507 (0.466)

Erythropoietina 0 0 0 0 0 0 0.0883 (0.526)

Extracellular Newly Identified RAGE-Binding Protein 0 0 0 0 0 0 0.0343 (0.622)

Fatty Acid Binding Protein 0 0 0 0 0 0 0.2676 (<0.001)

Ferritin 0.1036 0.0834 0.1068 0.1397 0.0701 0.0988 0.3946 (<0.001)

Fibrinogen 0 0 0 0 0 0 0.1273 (0.069)

Fibroblast Growth Factor-Basicb 0 0 0.0100 0 0 0 0.2341 (0.111)

Granulocyte Colony-Stimulating Factor −0.0564 −0.1372 −0.0756 −0.1276 −0.1268 −0.0252 −0.0437 (0.530)

Granulocyte-Macrophage Colony-Stimulating Factorb 0.0175 0 0.0320 0 0.0604 0.0066 0.3837 (0.038)

Growth Hormone −0.1155 −0.0898 −0.1181 −0.1430 −0.1529 −0.1158 −0.3918 (<0.001)

Haptoglobin 0 0 0 0 0 0 0.1949 (0.007)

Immunoglobulin A 0 0 0 0 0 0 0.1245 (0.075)

Immunoglobulin E 0 0 0 0 0 0 0.1028 (0.142)

Immunoglobulin M −0.0883 −0.1068 −0.0940 −0.1568 −0.0982 −0.0715 −0.1486 (0.034)

Intercellular Adhesion Molecule-1 0 0 0 0 0 0 0.0842 (0.229)

Interferon-Gammaa 0 0 0 0 0 0 −0.0001 (0.999)

Interleukin-1alphab 0 0 0 0 0 0 −0.1667 (0.257)

Interleukin-1betaa 0 0 0.0022 0 0 0 0.1703 (0.222)

Interleukin-1 Receptor Antagonist −0.0026 0 −0.0219 0 0 0 0.0328 (0.638)

Interleukin-3b 0 0 0 0 0 0 0.1162 (0.406)

Vasquez et al. BMC Medical Research Methodology  (2016) 16:154 Page 16 of 19
120



Table 13 TESAOD application, overweight and obese subjects combined (N = 463 normal-weight, N = 372 overweight and obese)
(Continued)

Interleukin-4b 0 0 0 0 0 0 −0.1744 (0.219)

Interleukin-5a 0 0 0 0 0 0 −0.0041 (0.976)

Interleukin-6a 0 0 0 0 0 0 0.2417 (0.083)

Interleukin-7b 0.0157 0 0.0348 0 0 0 0.2358 (0.092)

Interleukin-8 0 0 0 0 0 0 0.0582 (0.403)

Interleukin-10b 0 0 0 0 0 0 0.2179 (0.161)

Interleukin-12p40b 0 0 −0.0170 0 0 0 −0.1583 (0.322)

Interleukin-13 −0.0057 0 −0.0236 0 0 0 −0.0239 (0.732)

Interleukin-15a 0 0 0 0 0 0 −0.0819 (0.557)

Interleukin-16 0 −0.0243 0 0 0 0 0.0790 (0.263)

Interleukin-18 0.0404 0.0379 0.0588 0.0677 0.0798 0.0223 0.2362 (0.001)

Leptin 0.3312 0.4337 0.3499 0.4554 0.4052 0.2861 0.3234 (<0.001)

Lipoprotein (a) 0 0 0 0 0 0 −0.1016 (0.147)

Macrophage-Derived Chemokine 0 0 0 0 0 0 0.0860 (0.217)

Macrophage Inflammatory Protein-1alpha 0 0 0 0 0 0 0.1323 (0.061)

Macrophage Inflammatory Protein-1beta 0 0 0.0115 0 0 0 0.1924 (0.008)

Matrix Metalloproteinase -2a 0 0 0 0 0 0 0.1380 (0.322)

Matrix Metalloproteinase-3 0 0 0 0 0 0 0.1560 (0.027)

Matrix Metalloproteinase-9a 0 0 0 0 0 0 0.1401 (0.315)

Monocyte Chemotactic Protein-1 0.0283 0.0829 0.0451 0.0572 0.0927 0.0030 0.1757 (0.013)

Myeloperoxidase −0.0543 −0.0728 −0.0713 −0.1149 −0.0469 −0.0239 −0.0670 (0.337)

Myoglobin 0.2267 0.3195 0.2286 0.2983 0.2587 0.2115 0.4299 (<0.001)

Plasminogen Activator Inhibitor 1 0 0 0 0 0 0 0.2314 (0.001)

Pregnancy-Associated Plasma Protein a 0 0 0 0 0 0 −0.0279 (0.689)

Prostatic Acid Phosphatasea 0 0 0 0 0 0 0.1638 (0.240)

T-Cell Specific Protein RANTES 0 0 0 0 0 0 0.1368 (0.052)

Serum Amyloid P 0.1028 0 0.0961 0.0668 0 0.1157 0.5657 (<0.001)

Serum Glutamic Oxaloacetic Transminase 0.0380 0 0.0561 0.0795 0 0.0122 0.0617 (0.378)

Sex Hormone Binding Globulin −0.2827 −0.3609 −0.2739 −0.3612 −0.2703 −0.2593 −0.5321 (<0.001)

Stem Cell Factor 0 0 0 0 0 0 0.0931 (0.182)

Surfactant Protein D −0.1612 −0.2086 −0.1794 −0.2439 −0.2401 −0.1328 −0.2215 (0.002)

Thrombopoietin 0 0 0 0 0 0 0.0924 (0.186)

Thyroid Stimulating Hormone −0.0207 −0.0430 −0.0379 −0.0273 0 0 −0.0352 (0.613)

Thyroxine Binding Globulin 0 0 0 0 0 0 −0.0751 (0.285)

Tissue Factorb 0 0 0 0 0 0 0.1279 (0.489)

Tissue Inhibitor of Metalloproteinase 1 0 0 0 0 0 0 0.1665 (0.018)

Tumor Necrosis Factor-alpha 0 0 0 0 0 0 0.0982 (0.162)

Tumor Necrosis Factor-betab 0 0 0 0 0 0 −0.0113 (0.941)

Tumor Necrosis Factor RII 0 0 0 0 0 0 0.1797 (0.011)

Vascular Cell Adhesion Molecule-1 0.0333 0.0473 0.0502 0.0654 0 0.0103 0.1073 (0.125)

Vascular Endothelial Growth Factor 0 0 0 0 0 0 0.1468 (0.036)

von Willebrand Factor 0 0 0.0039 0 0 0 0.1308 (0.061)

YKL-40 0.0284 0.0278 0.0434 0.0222 0.0654 0.0152 0.1619 (0.021)
aCategorized at median; bCategorized at detection limit
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ABSTRACT 

 

Measurement of serum biomarkers by multiplex assays may be more variable as compared 

to single biomarker assays. Measurement error in these data may bias parameter estimates 

in regression analysis, which could mask true associations of serum biomarkers with an 

outcome. The Least Absolute Shrinkage and Selection Operator (LASSO) can be used for 

variable selection in these high dimensional data. Furthermore, when the distribution of 

measurement error is assumed to be known or estimated with replication data, a simple 

measurement error correction method can be applied to the LASSO method. However, in 

practice the distribution of the measurement error is unknown and is expensive to 

estimate through replication both in monetary cost and need for greater amount of sample 

which is often limited in quantity. We adapt an existing bias correction approach by 

estimating the measurement error using validation data in which a subset of serum 

biomarkers are re-measured on a random subset of the study sample. We evaluate this 

method using simulated data and data from the Tucson Epidemiological Study of Airway 

Obstructive Disease (TESAOD). We show that the bias in parameter estimation is reduced 

and variable selection is improved. 
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1.  INTRODUCTION 

 

Technology to measure concentrations of circulating biomarkers has evolved from single 

biomarker to multiplex assays, the latter of which are now available on multiple platforms. 

Multiplex technologies have many critical advantages over single biomarker assays in that 

they have the ability to measure multiple serum biomarkers at a given time, require less 

sample volume, and are efficient in time and cost. However, precision and validation of 

measurements from multiplex assays have not yet been well assessed and remain under 

investigation.1, 2 Measurements of serum biomarkers from multiplex assays may have high 

intra- and inter-assay variability3 and the corresponding coefficient of variation (CV) may 

be greater as compared to single biomarker assays.4 Although this variability may be 

biomarker and platform dependent5, 6 and, in some cases CV measured for specific serum 

biomarkers by single biomarker assays may yield greater variability as compared to a 

multiplex platform5, single biomarker assays continue to be the best validated approach for 

serum biomarker measurement. Accordingly, it is recommended to confirm results 

obtained by multiplex assays with a single biomarker assay.1, 7, 8 Yet, this strategy can be 

expensive both in monetary cost and sample volume. The development and 

implementation of statistical methods that account for this added variability in multiplex 

assay measurements has also been recommended,2, 3 since variability or measurement 

error in these data may bias parameter estimates in regression models, which could distort 

true associations of biomarkers with an outcome9 and can have unpredictable 

consequences in the variable selection process.  
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The Least Absolute Shrinkage and Selection Operator (LASSO) is a popular penalized 

regression method that may be used for variable selection of these high dimensional data.10 

The LASSO method minimizes the residual sum of squares and places a bound on the sum 

of the absolute value of the coefficients.10 This bound is controlled by a shrinkage 

parameter that might cause some coefficients to be shrunk towards zero or set to be zero. 

The shrinking process might produce biased estimates, but it may improve both variable 

selection and interpretation.10 Nevertheless, when the covariates are subject to 

measurement error, variable selection by the LASSO method has been shown to be 

unstable.11 

 

A simple measurement error correction method for penalized methods has previously been 

proposed. For the linear regression model with covariates measured with error, Xu and 

You studied a simple correction method that subtracts a bias correction term from the least 

squares function which has been penalized by the smoothly clipped absolute deviation 

(SCAD) penalty.12 This method was shown to perform well at eliminating false positives.12 

Similarly, Liang and Li proposed a correction method for the partially linear model with 

measurement error using the SCAD penalty.13 They demonstrated an improvement in both 

estimation accuracy and variable selection.13 Furthermore, Sorensen, Frigessi, and 

Thoresen showed that the bias correction term applied with the LASSO penalty improved 

estimation accuracy and reduced the number of false positives.14  

 

For the previously proposed error correction method, the subtraction of the bias correction 

term is simple to implement, can reduce bias, and improve variable selection. However, it is 
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usually assumed that the distribution of the measurement error for the bias correction 

term is completely known or has been estimated with replication data. In the Tucson 

Epidemiological Study of Airway Obstructive Disease (TESAOD; details to be introduced in 

Section 4), a potentially important serum biomarker was re-measured using a single 

biomarker assay, which was believed to be more precise, and to examine whether results of 

a multiplex assay were comparable. Motivated by the TESAOD study, we adapt the existing 

approach to correct for the measurement error in the LASSO model using validation data, 

in which a subset of serum biomarkers are re-measured on a random subset of the study 

sample. Utilization of such an approach would have limited impact on the budget and 

sample utilization, while possibly improving variable selection and parameter estimation.  

 

The remainder of this article is organized as follows. In section 2, we review the LASSO 

method and the existing corrected least squares method (corrected LASSO). We then 

present details on the error correction method based on validation data. In section 3, we 

evaluate the corrected LASSO method based on validation data through a simulation study 

with the validation data consisting of one to five biomarkers for 10% and 20% of the full 

study sample. In section 4 we illustrate the proposed procedure on data from TESAOD, in 

which a large panel of biomarkers were measured by multiplex assays and one of them was 

also re-measured using a “gold standard” single biomarker assay. 

 

2. CORRECTED LASSO PROCEDURE 

 

2.1. Measurement Error Model with Serum Biomarkers  
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We consider the linear regression model. For the ith subject, 

Yi = β0 +  𝐗i
⊺𝛃 + εi , for i = 1, … , n, 

where Yi  represents a continuous response, 𝐗i = (xi1, xi2, … , xip)⊺ represents the 

unobserved error-free vector of p biomarkers,  𝛃 = (β1, β2, … , βp)
⊺ is a p-vector of 

regression parameters, and ε𝑖  is the model error with E(εi| 𝐗i) = 0. Instead of Xi we 

observe Wi, an error-prone version of Xi that were actually measured by the multiplex 

assay. We assume the classical error model, Wi = Xi + Ui, where the p-vector Ui represents 

the non-differential measurement errors with mean 0 and covariance matrix Σuu. 

Furthermore, we assume Ui and Xi are independent. 

 

Ignoring measurement error in these data could lead to biased estimates and loss of 

power.9 First, consider the simple linear regression model where only one error-prone 

explanatory variable Wi is observed instead of Xi, where Xi has variance σX
2 , and Ui = Wi - 

Xi has variance σu
2. Further consider that the error about the regression line has variance 

σε
2. For simple linear regression where a single covariate Wi is observed instead of Xi, 

rather than estimating βx, an attenuated slope λβx is estimated where λ = 
σX
2

σX
2+σu

2 < 1. This 

attenuating factor produces estimates that are biased toward zero.9 Furthermore, the 

residual variance of the observed data is σε
2 + λ βX

2 σu
2. This introduces additional noise and 

increased error about the line, thus power is decreased.9 Extending beyond simple linear 

regression, linear regression with multiple covariates measured with error presents 

increased challenges. In addition to attenuation, effects of these measurement errors may 
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introduce bias away from zero, may change the sign of the estimate, and can lead to invalid 

hypothesis testing procedures.9   

 

2.2. Review of the Corrected LASSO Procedure 

 

The motivation for the corrected LASSO procedure is that the least squares loss function 

that includes the error prone covariates Wi instead of Xi is biased. That is,  

E[(Yi- β0- 𝛃
⊺𝐖i)

2| 𝐗i] = 

                                           = E[[Yi- β0- 𝛃
⊺(𝐗i+ 𝐔i)]

2|𝐗i] 

= E[(Yi- β0- 𝛃
⊺𝐗i – 𝛃

⊺𝐔i)
2|𝐗i] 

= E[(Yi- β0- 𝛃
⊺𝐗i)

2- 2𝛃⊺𝐔i(Yi- β0- 𝛃
⊺𝐗i)+𝛃⊺U𝐔⊺𝛃| Xi] 

                                           = E[(Yi- β0- 𝛃⊺𝐗i)
2|Xi] + 𝛃⊺Σuu𝛃. 

 When the covariance matrix Σuu is known, the penalized least squares correction method12-

14 simply subtracts the bias correction term from the penalized least squares function and 

minimizes the corrected function:  

1

2
∙ ∑(Y𝑖 − β0 − 𝐖i

⊺𝛃)2

n

i=1

− 
n

2
∙ 𝛃⊺Σuu𝛃 + n ∙ λ ∙ ∑|βj| 

p

j=1

,  

where the second term is the bias correction and the third term is the LASSO penalty.  

 

2.3. Corrected LASSO Procedure with Validation Data 

 

We adapt the correction approach reviewed above to the analysis of multiplex serum 

biomarker data. The corrected LASSO procedure assumes that the error-prone serum 
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biomarkers are measured on all study subjects and that Σuu is known or is estimated from 

replicate data. For this study, we assume that all biomarkers are measured by the multiplex 

assay for the full study sample, and that a subset of biomarkers are measured using a more 

precise method (the gold standard) for a randomly selected subset of the study sample (the 

internal validation set), and consider that these biomarkers are selected based on prior 

knowledge and budget of the investigation. We then calculate the error corrected penalized 

least squares function based on data from the validation set.  

 

In deriving the corrected penalized least squares function, we use the accurate X if it is 

available (for subjects in the validation set) and use the error-prone W if X is not available 

(for subjects not in the validation set). For the ith subject (i=1, …, n), we define an indicator 

for the internal validation set: 𝜉𝑖 = 1 if the ith subject is in the validation set and 𝜉𝑖 = 0 

otherwise. Let 𝜉�̅� = 1 − 𝜉𝑖 . Then we consider a modification to the corrected LASSO,  

1

2
∙ ∑[Yi − β0 − (ξi 𝐗i

⊺𝛃X + ξ̅i𝐖i
⊺𝛃W)]

2
n

i=1

− ξi̅ (
n

2
∙ 𝛃X

⊺ Σ̂uu𝛃X) + n ∙ λ ∙ ∑|βj|

p

j=1

, 

where the covariance matrix Σ̂uu is an estimate of the unknown covariance matrix Σuu and is 

estimated by the internal validation set. The subtraction of the bias correction term is only 

implemented for subjects not in the validation set.   

 

Coordinate descent is an efficient algorithm that has been used to obtain the LASSO 

estimates and has previously been described.15 Briefly, this iterative method minimizes a 

function over one parameter at a time, keeping all other parameters fixed. We derive a 

132



 

modified coordinate descent algorithm that accounts for the bias correction term and have 

included details in the online appendix.  

 

3. SIMULATION STUDY 

 

A simulation study was performed to compare the corrected LASSO with validation data to 

the uncorrected LASSO with validation data. The former approach includes the bias 

correction term that is estimated from the validation data. For both methods, Wi is replaced 

by Xi measured in the validation set. We generate 1,000 datasets, each with a sample size of 

N=1,000 and with p=100 serum biomarkers measured with error. The error-free 

biomarker vector Xi is generated from a multivariate normal distribution with 0 as the 

mean and the identity matrix as the variance-covariance matrix, so all biomarkers are 

uncorrelated. We consider both moderate and large measurement error for each 

biomarker, where the error is generated from a normal distribution with mean 0 and 

standard deviation 0.5 for moderate measurement error and 1.0 for large measurement 

error. Wi is obtained by adding the measurement error vector to Xi. 

 

Table 1 shows results from eight different scenarios. Scenarios 1-4 involve sparse models 

with a small number of true signals, i.e. only a small number of biomarkers have non-zero 

coefficients, and scenarios 5-8 involve non-sparse models with a moderate number of true 

signals. For sparse models, we consider five true signals (β1 = β2 = β3 = β4 = β5 = 1) and 95 

noise covariates (β6 = β7 = … = β100 = 0). For the non-sparse models, we consider 40 true 
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signals (β1 = β2 = β3 = β4 = β5 = 1, β6 = β7 = … = β40 ~ Uniform Distribution (0.1,1)) and 60 

noise covariates (β60 = β61 = … = β100 = 0).  

 

We compare the corrected LASSO with validation data to the uncorrected LASSO with 

validation data. The LASSO shrinkage parameters were estimated using 10-fold cross 

validation in order to minimize model mean squared error. The optimal shrinkage 

parameter λ found by cross validation was used to penalize all coefficients equally. 

We consider estimation accuracy as the median of squared error (MSE) over the 1,000 

simulations. The error is the difference between the estimated coefficient from the error-

prone models and that from the true values. We present the MSE for each of the first five 

non-zero coefficients and the MSE across all 100 predictors. We also consider variable 

selection performance measures as the mean number of true positives (TP) and false 

positives (FP) selected by each model.   

 

Table 2 shows results for Scenarios 1 and 2, which represent sparse models and moderate 

measurement error. For the uncorrected model without validation data, the overall MSE for 

all predictors is 0.299 with mean number of five TP and 14 FP. As expected, the MSE 

decreases with increased number of corrected variables and with increased validation 

data. For Scenario 1 with 10% validation data, after correcting for one variable the overall 

MSE is 0.258, which decreases to 0.147 after correcting for five variables. Results for 

Scenario 2 with 20% validation show similar results, albeit with less bias. Using 10% 

validation data, correction for one variable reduces the mean number of FP to six and 
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correction for five variables reduces the mean number of FP to almost zero. The mean 

number of TP remains at five for all models.  

 

Table 3 shows results for Scenarios 3 and 4, which represent sparse models and large 

measurement error. Similar results are seen as compared to the models with moderate 

measurement error, though with greater bias. For the uncorrected model without 

validation data, the MSE for all predictors is 1.537 with a mean number of five TP and 14 

FP. For Scenario 3 with 10% validation data, after correcting for one variable the overall 

MSE is 1.525, which decreases to 0.694 after correcting for five variables. Scenario 4 with 

20% validation data shows similar results, again with less bias. For variable selection, 

correction for one variable using 10% validation data reduces the mean number of FP to 

less than one and correction for five variables reduces the mean number of FP to almost 

zero. The mean number of TP again remains at five for all models. 

 

Table 4 shows results for Scenarios 5 and 6, which represent non-sparse models and 

moderate measurement error. For the uncorrected model without validation data, the MSE 

for all predictors is 1.225 with a mean number of 40 TP and 34 FP. While there was a 

reduction in MSE for the individually corrected predictors, the MSE for all predictors 

remain relatively similar. For Scenario 5 with 10% validation data, the overall MSE with 

one corrected variable is 1.228 as compared to 1.212 for the uncorrected model with 

validation data. For five corrected variables, the overall MSE is 1.147 as compared to 1.181 

for the uncorrected model with validation data. A similar trend is seen for scenario 6 with 

20% validation data. For variable selection, correction for one variable using 10% 
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validation data reduces the mean number of FP to 26.5 and correction for five variables 

reduces the mean number of FP to18.5. The mean number of TP remains at 39 to 40 for all 

models. 

 

Table 5 shows results for Scenarios 7 and 8, which represent non-sparse models and large 

measurement error. For the uncorrected model without validation data, the MSE for all 

predictors was 6.093 with a mean number of 38 TP and 31 FP. For both scenarios, again 

while the individual corrected predictors showed less bias, the overall MSE was greater for 

the corrected models. For variable selection, correction for one variable using 10% 

validation data reduces the mean number of FP to18 and correction for five variables 

reduces the mean number of FP to four. The mean number of TP is reduced for the 

corrected models at 31.5 when correcting for five variables using 10% validation data. 

 

4. APPLICATION STUDY 

 

TESAOD is a population-based prospective cohort study initiated in 1972 in Tucson, 

Arizona. Details of the study have been previously reported.16 For the current study, serum 

biomarkers were measured by a multiplex assay on 879 non-Hispanic white participants 

who were between the ages of 21 and 70 years at study enrollment. Cryopreserved serum 

samples were analyzed at the Myriad-Rules Based Medicine (RBM) facilities (Austin, TX) 

using the Human Multi-Analyte Profile panel version 1.6, a bead based suspension 

multiplex assay based on Luminex immunoassay technology. One biomarker measured by 

this multiplex panel, C-Reactive Protein (CRP) was additionally measured by a single 
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biomarker assay, namely an enzymatic solid-phase chemiluminescent immunometric assay 

(Immulite 2000, Siemens Diagnostics, Tarrytown, NY). These additional CRP 

measurements were obtained for all study subjects who had samples measured by the 

multiplex assay. The mean coefficient of variation computed from these samples was 8.7% 

and 2.7% for CRP levels obtained by multiplex and single-biomarker assays, respectively. 

There was strong correlation between CRP levels measured by the two assays (Pearson’s 

correlation coefficient: 0.80, p<0.0001). 

 

CRP has a known association with body mass index (BMI). The goal of the current study is 

to investigate the estimation of the association between CRP and body mass index (BMI) 

when a subset of single-biomarker measurements of CRP is available to use for correction 

of multiplex-derived CRP measurements. The University of Arizona Institutional Review 

Board (IRB) approved the TESAOD study (IRB approval 08-0741-01). Written informed 

consent was obtained from all study participants. 

 

Using these data, we consider the penalized linear regression model using the LASSO 

penalty. There are a total of 82 serum biomarkers measured by the multiplex assay on 851 

subjects with available BMI information. Although CRP measurements were available for 

all 851 subjects by both methods, to evaluate the corrected LASSO method using internal 

validation data, we first randomly select 10% of the study sample and apply the proposed 

method. We then repeat this random selection 1,000 times and consider the median of 

squared difference (MSD) for these 1,000 random samplings, where MSD describes the 

difference between the estimated coefficients from the model with CRP measured by a 
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single biomarker assay. This procedure is repeated for a 20% validation set. Standardized 

values were used for all measurements. 

 

Table 6 shows the MSD and the number of non-zero coefficients for the application study. 

The uncorrected model without validation data had MSD of 0.137 for CRP. This decreased 

to 0.108 for the uncorrected model with 10% validation data for CRP and 0.085 with 20% 

validation data for CRP. The corrected models had MSD of 0.034 with 10% validation data 

for CRP and 0.019 with 20% validation data for CRP. Of note, MSD was lower for the 

corrected model with 10% validation data for CRP (0.034) as compared to the uncorrected 

model with 20% validation data for CRP (0.085). This suggests that incorporation of the 

correction method with as little as 10% validation data, may lead to more precise estimates 

than simply obtaining additional measurements from the single biomarker assay. 

 

5. DISCUSSION 

 

We considered two adaptations to the penalized corrected least squares method for the 

linear regression model with validation data. First, we considered obtaining more precise 

measurements on a small number of serum biomarkers that were likely associated with the 

outcome and then applying bias correction to this subset of important markers. Second, we 

estimated the measurement error distribution based on a random subset of the study 

sample (either 10 or 20% of the samples). Using this internal validation data to estimate 

the measurement error distribution, we adapted the existing methods to get a simple 

statistical measurement correction. Utilizing such an approach greatly reduces the costs 
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associated with serum biomarker measurement. In addition to the financial and time 

saving aspects, it would also decrease the minimum size of the samples obtained or 

eliminate the necessity to obtain additional serum samples on study subjects. 

 

Most notably, what this study shows is that improvement in variable selection (Figure 1) 

can be achieved even when we correct for only one biomarker using as few as 10% 

validation data. For the models with large measurement error, these scenarios reduced the 

mean number of FP from 14 to less than one for the sparse models and from 31 to 18 for 

the non-sparse models. Furthermore, the mean number of TP remains relatively 

unchanged, with the exception of models with non-sparse solution and large measurement 

error. This is analogous to results shown by Sorensen et al.14 They show that in the 

presence of measurement error, the LASSO selects a large number of FP and that after bias 

correction the number of FP is greatly reduced.14 Similar to our results for non-sparse 

models (Tables 4-5), they show the uncorrected LASSO to have slightly higher TP as 

compared to the corrected LASSO.14  

 

As shown previously by others12-14, we also show a decrease in bias in most situations 

(Figure 2) with the exception of the non-sparse model with large measurement error, albeit 

still with reduction in FP. Results indicate that while bias is reduced for each of the 

corrected estimates, bias for the remaining uncorrected estimates are slightly larger for the 

corrected LASSO as compared to the uncorrected LASSO (W1-W5 in Table 5). Given that the 

corrected LASSO with validation data only corrects for a subset of covariates, this may in 

part explain the increase in overall MSE. 
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Following the recommendation to utilize multiplex assays as a screening tool to identify 

promising biomarker candidates, then to measure individual candidates using single 

biomarker assays,8 it may be reasonable to consider applying the corrected LASSO 

procedure using validation data. When a small group of biomarkers of interest are 

identified (or known a priori), they could be re-measured by a more precise method in a 

small randomly selected subset of patients and then used in the error correction method to 

fit the LASSO model. In addition to decreased bias and improved variable selection, 

utilization of the adapted penalized least squares method may improve efficiency and 

reduce costs of laboratory measurements.
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Table 1. Simulation Scenarios (N=1,000 with 1,000 simulated data sets) 

 Data Generation Measurement Error Correction 

Scenario Number 
of True 
Signals 

Non-Zero Coefficients in Multiple 
Linear Regression Models 

SD of  
Error 

Number of 
Corrected 
Covariates 

Validation 
Data 

1 5 β1 = β2 = β3 = β4 = β5 = 1 0.50 1,2,3,4,5 10% 

2 5 β1 = β2 = β3 = β4 = β5 =1 0.50 1,2,3,4,5 20% 

3 5 β1 = β2 = β3 = β4 = β5 = 1 1.00 1,2,3,4,5 10% 

4 5 β1 = β2 = β3 = β4 = β5 = 1 1.00 1,2,3,4,5 20% 

5 40 β1 = β2 = β3 = β4 = β5 = 1, 
β6 = β7 = … = β40 ~ U (0.1, 1) 

0.50 1,2,3,4,5 10% 

6 40 β1 = β2 = β3 = β4 = β5 = 1, 
β6 = β7 = … = β40 ~ U (0.1, 1) 

0.50 1,2,3,4,5 20% 

7 40 β1 = β2 = β3 = β4 = β5 = 1, 
β6 = β7 = … = β40 ~ U (0.1, 1) 

1.00 1,2,3,4,5 10% 

8 40 β1 = β2 = β3 = β4 = β5 = 1, 
β6 = β7 = … = β40 ~U (0.1, 1) 

1.00 1,2,3,4,5 20% 
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 Table 2. Sparse solution, moderate measurement error 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

^ The first row shows results for the error-prone model without validation data. This would represent the model with only 
multiplex data. 
* The covariates W1-W5 include validation data and represent the five of 100 covariates that may be corrected. These columns 
show the bias (MSE) for each of the individual estimates.  
# This column represents the MSE for all 100 predictors 
 
 

Scenarios Method Median of Squared Error Variable Selection 

W1* W2* W3* W4* W5* All Predictors# True 
Positive 
(mean) 

False 
Positive 
(mean) 

No validation data^ Uncorrected 0.058 0.059 0.058 0.059 0.057 0.299 5 13.995 
Scenario 1: 

1 corrected, 10%  
Uncorrected 0.050 0.059 0.058 0.059 0.057 0.291 5 14.063 

Corrected 0.003 0.062 0.061 0.063 0.061 0.258 5 5.543 
Scenario 1: 

2 corrected, 10% 
Uncorrected 0.050 0.051 0.058 0.058 0.057 0.283 5 14.150 

Corrected 0.007 0.007 0.072 0.073 0.072 0.237 5 1.139 
Scenario 1: 

3 corrected, 10% 
Uncorrected 0.050 0.051 0.050 0.059 0.057 0.274 5 14.142 

Corrected 0.013 0.013 0.013 0.086 0.085 0.217 5 0.126 
Scenario 1: 

4 corrected, 10% 
Uncorrected 0.050 0.051 0.050 0.051 0.057 0.267 5 14.13 

Corrected 0.020 0.020 0.020 0.020 0.099 0.187 5 0.014 

Scenario 1: 
5 corrected, 10% 

Uncorrected 0.049 0.051 0.050 0.051 0.050 0.258 5 13.912 
Corrected 0.027 0.026 0.027 0.028 0.028 0.147 5 0.002 

Scenario 2: 
1 corrected, 20% 

Uncorrected 0.043 0.058 0.058 0.059 0.057 0.283 5 14.18 

Corrected 0.003 0.062 0.061 0.062 0.060 0.253 5 6.265 
Scenario 2: 

2 corrected, 20% 
Uncorrected 0.043 0.044 0.057 0.058 0.057 0.267 5 14.063 

Corrected 0.006 0.006 0.068 0.069 0.068 0.221 5 1.685 
Scenario 2: 

3 corrected, 20% 
Uncorrected 0.043 0.044 0.044 0.058 0.057 0.252 5 13.867 

Corrected 0.010 0.011 0.010 0.080 0.080 0.197 5 0.215 
Scenario 2: 

4 corrected, 20% 
Uncorrected 0.042 0.043 0.042 0.043 0.057 0.235 5 14.075 

Corrected 0.016 0.016 0.016 0.016 0.092 0.161 5 0.018 
Scenario 2: 

5 corrected, 20% 
Uncorrected 0.042 0.043 0.042 0.042 0.042 0.218 5 14.186 

Corrected 0.022 0.022 0.022 0.021 0.022 0.116 5 0.001 
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Table 3. Sparse solution, large measurement error 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

^ The first row shows results for the error-prone model without validation data. This would represent the model with only 
multiplex data. 
* The covariates W1-W5 include validation data and represent the five of 100 covariates that may be corrected. These columns 
show the bias (MSE) for each of the individual estimates.  
# This column represents the MSE for all 100 covariates. 
 
 

Scenarios Method Median of Squared Error Variable Selection 
W1* W2* W3* W4* W5* All Predictors# True 

Positive 
(mean) 

False 
Positive 
(mean) 

No validation data^ Uncorrected 0.303 0.306 0.303 0.307 0.304 1.537 5 13.897 
Scenario 3: 

1 corrected, 10% 
Uncorrected 0.277 0.306 0.303 0.307 0.303 1.507 5 14.159 

Corrected 0.042 0.370 0.365 0.371 0.365 1.525 5 0.76 
Scenario 3: 

2 corrected, 10% 
Uncorrected 0.277 0.279 0.302 0.306 0.302 1.479 5 14.397 

Corrected 0.086 0.090 0.426 0.429 0.424 1.474 5 0.034 
Scenario 3: 

3 corrected, 10% 
Uncorrected 0.277 0.280 0.277 0.307 0.303 1.452 5 14.085 

Corrected 0.107 0.110 0.114 0.450 0.450 1.272 5 0.002 
Scenario 3: 

4 corrected, 10% 
Uncorrected 0.276 0.279 0.276 0.280 0.303 1.423 5 14.302 

Corrected 0.113 0.115 0.116 0.116 0.457 0.999 5 0 

Scenario 3: 
5 corrected, 10% 

Uncorrected 0.275 0.278 0.276 0.279 0.276 1.398 5 14.337 
Corrected 0.114 0.113 0.116 0.116 0.116 0.694 4.999 0 

Scenario 4: 
1 corrected, 20% 

Uncorrected 0.250 0.305 0.304 0.305 0.303 1.478 5 14.05 

Corrected 0.035 0.356 0.354 0.355 0.353 1.464 5 0.877 
Scenario 4: 

2 corrected, 20% 
Uncorrected 0.249 0.252 0.301 0.304 0.303 1.422 5 14.179 

Corrected 0.077 0.078 0.410 0.415 0.414 1.407 5 0.015 
Scenario 4: 

3 corrected, 20% 
Uncorrected 0.247 0.251 0.250 0.304 0.302 1.360 5 14.359 

Corrected 0.150 0.108 0.104 0.445 0.445 1.222 5 0 
Scenario 4: 

4 corrected, 20% 
Uncorrected 0.247 0.251 0.247 0.250 0.301 1.304 5 14.679 

Corrected 0.113 0.117 0.118 0.113 0.456 0.965 5 0 
Scenario 4: 

5 corrected, 20% 
Uncorrected 0.246 0.250 0.246 0.249 0.247 1.245 5 14.877 

Corrected 0.118 0.122 0.120 0.114 0.115 0.636 5 0 
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Table 4. Non-sparse solution, moderate measurement error 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

^ The first row shows results for the error-prone model without validation data. This would represent the model with only 
multiplex data. 
* The covariates W1-W5 include validation data and represent the five of 100 covariates that may be corrected. These columns 
show the bias (MSE) for each of the individual estimates.  
# This column represents the MSE for all 100 covariates 
 
 

Scenarios Method Median of Squared Error Variable Selection 
W1* W2* W3* W4* W5* All Predictors# True 

Positive 
(mean) 

False 
Positive 
(mean) 

No validation data^ Uncorrected 0.053 0.053 0.055 0.054 0.053 1.225 39.887 33.700 
Scenario 5: 

1 corrected, 10% 
Uncorrected 0.046 0.053 0.055 0.054 0.053 1.212 39.884 33.718 

Corrected 0.003 0.054 0.057 0.056 0.055 1.228 39.163 26.495 
Scenario 5: 

2 corrected, 10% 
Uncorrected 0.047 0.045 0.055 0.054 0.053 1.202 39.897 33.762 

Corrected 0.004 0.004 0.058 0.057 0.056 1.206 39.086 24.439 
Scenario 5: 

3 corrected, 10% 
Uncorrected 0.046 0.045 0.048 0.053 0.053 1.202 39.887 33.715 

Corrected 0.004 0.004 0.004 0.059 0.058 1.178 38.998 22.365 
Scenario 5: 

4 corrected, 10% 
Uncorrected 0.046 0.046 0.048 0.047 0.053 1.189 39.895 33.538 

Corrected 0.004 0.005 0.005 0.005 0.059 1.161 38.925 20.472 

Scenario 5: 
5 corrected, 10% 

Uncorrected 0.046 0.045 0.048 0.047 0.046 1.181 39.897 33.569 
Corrected 0.005 0.005 0.005 0.005 0.004 1.147 38.835 18.546 

Scenario 6: 
1 corrected, 20% 

Uncorrected 0.039 0.053 0.055 0.054 0.053 1.202 39.880 33.635 

Corrected 0.003 0.054 0.057 0.055 0.055 1.220 39.170 26.733 
Scenario 6: 

2 corrected, 20% 
Uncorrected 0.040 0.040 0.056 0.054 0.053 1.189 39.892 33.652 

Corrected 0.003 0.003 0.058 0.057 0.056 1.191 39.119 24.897 
Scenario 6: 

3 corrected, 20% 
Uncorrected 0.040 0.040 0.041 0.053 0.053 1.169 39.887 33.587 

Corrected 0.003 0.003 0.003 0.058 0.058 1.158 39.055 23.358 
Scenario 6: 

4 corrected, 20% 
Uncorrected 0.040 0.040 0.041 0.040 0.053 1.155 39.897 33.67 

Corrected 0.003 0.004 0.004 0.003 0.059 1.124 38.998 21.639 
Scenario 6: 

5 corrected, 20% 
Uncorrected 0.039 0.040 0.041 0.039 0.040 1.136 39.902 33.819 

Corrected 0.004 0.004 0.004 0.003 0.004 1.092 38.925 20.140 
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Table 5. Non-sparse solution, large measurement error 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
^ The first row shows results for the error-prone model without validation data. This would represent the model with only 
multiplex data. 
* The covariates W1-W5 include validation data and represent the five of 100 covariates that may be corrected. These columns 
show the bias (MSE) for each of the individual estimates.  
# This column represents the MSE for all 100 covariates. 
 
 

Scenarios Method Median of Squared Error Variable Selection 
W1* W2* W3* W4* W5* All Predictors# True 

Positive 
(mean) 

False 
Positive 
(mean) 

No validation data^ Uncorrected 0.297 0.298 0.299 0.297 0.299 6.093 38.274 31.384 

Scenario 7: 
1 corrected, 10% 

Uncorrected 0.273 0.298 0.299 0.299 0.299 6.076 38.289 31.292 
Corrected 0.020 0.318 0.315 0.316 0.319 6.229 36.205 18.174 

Scenario 7: 
2 corrected, 10% 

Uncorrected 0.271 0.271 0.300 0.299 0.297 6.037 38.307 31.482 
Corrected 0.027 0.027 0.336 0.336 0.336 6.359 35.036 12.74 

Scenario 7: 
3 corrected, 10% 

Uncorrected 0.271 0.271 0.272 0.298 0.297 6.012 38.312 31.458 
Corrected 0.033 0.036 0.037 0.359 0.356 6.545 33.881 8.931 

Scenario 7: 
4 corrected, 10% 

Uncorrected 0.270 0.272 0.273 0.273 0.298 5.985 38.300 31.31 
Corrected 0.044 0.045 0.040 0.045 0.379 6.754 32.589 6.065 

Scenario 7: 
5 corrected, 10% 

Uncorrected 0.270 0.270 0.272 0.272 0.273 5.942 38.322 31.609 
Corrected 0.055 0.056 0.055 0.057 0.052 6.990 31.481 4.195 

Scenario 8: 
1 corrected, 20% 

Uncorrected 0.244 0.297 0.298 0.297 0.298 6.032 38.305 31.468 

Corrected 0.015 0.312 0.314 0.312 0.314 6.132 36.476 19.591 
Scenario 8: 

2 corrected, 20% 
Uncorrected 0.244 0.245 0.297 0.297 0.299 5.973 38.310 31.530 

Corrected 0.018 0.018 0.327 0.325 0.329 6.166 35.629 14.697 
Scenario 8: 

3 corrected, 20% 
Uncorrected 0.244 0.245 0.244 0.296 0.297 5.914 38.319 31.551 

Corrected 0.021 0.025 0.023 0.342 0.341 6.209 34.877 11.075 
Scenario 8: 

4 corrected, 20% 
Uncorrected 0.243 0.245 0.243 0.244 0.299 5.855 38.374 31.639 

Corrected 0.026 0.031 0.029 0.030 0.357 6.257 33.991 8.135 
Scenario 8: 

5 corrected, 20% 
Uncorrected 0.242 0.243 0.243 0.243 0.246 5.800 38.371 31.670 

Corrected 0.034 0.038 0.034 0.036 0.036 6.277 32.997 5.902 
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Figure 1. Mean Number of False Positives 
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Figure 2. Median of Squared Error for All Predictors 
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Table 6.  Application 
 

 

 

 

 

 

 

* Calculated as the difference between estimates from the model with CRP measured by a single biomarker assay 
^ Observed value  
# Calculated as the median of 1,000 random samplings 

Scenarios Method Median of 
Squared 

Difference* 

Variable Selection 

CRP CRP correctly identified 
 (proportion) 

Number of  
Non-Zero Coefficients 

(mean) 
CRP measured by single biomarker assay, 

Measurements from all subjects 
Single biomarker -- 1/1 17^ 

CRP measured by multiplex assay, 
Validation data not used 

Multiplex assay, 
Uncorrected 

0.137 1/1 18^ 

 CRP corrected, 10% validation data# Uncorrected 0.108 1,000/1,000 19.84 
Corrected 0.034 1,000/1,000 22.07 

CRP corrected, 20% validation data# Uncorrected 0.085 1,000/1,000 19.42 
Corrected 0.019 1,000/1,000 23.30 
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ONLINE APPENDIX 

 

Modified Coordinate Descent Algorithm 

 

Let sik denote the set of error-prone covariates consisting of covariates with validation data, 

(x1, x2, … , xd) and without validation data (wd+1, wp+2, … , wp) for i = 1, … , n and k = 1, … , p.  

We consider an iterative algorithm that applies soft thresholding with a partial residual as 

a response variable1 that also accounts for the bias correction term: 

𝑓𝑐 = 
1

2𝑛
 ∑

[
 
 
 

(𝑌𝑖 − ∑ 𝑠𝑖𝑘 ∙ 𝛽𝑘

𝑝

𝑘=1
𝑘≠𝑗

− 𝑠𝑖𝑗 ∙ 𝛽𝑗)

2

− 𝛽𝑋
⊺ Σ̂𝑢𝑢 β𝑋

]
 
 
 𝑁

𝑖=1

+ 𝜆 ∑|𝛽𝑗| +  𝜆

𝑝

𝑘=1
𝑘≠𝑗

|𝛽𝑗|. 

We take the derivative with respect to βj: 

∂f𝑐
∂β𝑗

= 
1

𝑛
 ∑

[
 
 
 
(−𝑠𝑖𝑗)(𝑌𝑖 − ∑ 𝑠𝑖𝑘 ∙ 𝛽𝑘

𝑝

𝑘=1
𝑘≠𝑗

− 𝑠𝑖𝑗 ∙ 𝛽𝑗) − (∑ 𝛽𝑘

𝑑

𝑘=1
𝑘≠𝑗

∙ 𝜎𝑗𝑘 + 𝐼(𝑗 ≤ 𝑑)𝛽𝑗 ∙ 𝜎𝑗𝑗)

]
 
 
 𝑛

𝑖=1

+ sign(𝛽𝑗) ∙ 𝜆. 

This can be rewritten as: 

∂f𝑐
∂β𝑗

=  
1

𝑛
∑(𝑠𝑖𝑗

2 − 𝐼(𝑗 ≤ 𝑑)𝜎𝑗𝑗) ∙ 𝛽𝑗 − 
1

𝑛
∑

[
 
 
 
𝑠𝑖𝑗 ∙ (𝑌𝑖 − ∑ 𝑠𝑖𝑘 ∙ 𝛽𝑘

𝑝

𝑘=1
𝑘≠𝑗

) +  𝐼(𝑗 ≤ 𝑑)∑ 𝛽𝑘

𝑑

𝑘≠𝑗

∙ 𝜎𝑗𝑘

]
 
 
 𝑛

𝑖=1

𝑛

𝑖=1

+ sign(𝛽𝑗) ∙ 𝜆. 
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Let 

𝑎𝑗 =
1

𝑛
∑(𝑠𝑖𝑗

2 − 𝐼(𝑗 ≤ 𝑑)𝜎𝑗𝑗)

𝑛

𝑖=1

, 

𝑐𝑗 = 
1

𝑛
∑

[
 
 
 
𝑠𝑖𝑗 ∙ (𝑌𝑖 − ∑ 𝑠𝑖𝑘 ∙ 𝛽𝑘

𝑝

𝑘=1
𝑘≠𝑗

) +  𝐼(𝑗 ≤ 𝑑)∑𝛽𝑘

𝑑

𝑘≠𝑗

∙ 𝜎𝑗𝑘

]
 
 
 𝑛

𝑖=1

. 

For 𝛽𝑗 ≠ 0, 

∂f𝑐
∂β𝑗

= 𝑎𝑗 ∙ 𝛽𝑗 − 𝑐𝑗 +  sign(𝛽𝑗) ∙ 𝜆 = [
𝑎𝑗 ∙ 𝛽𝑗 − 𝑐𝑗 − 𝜆 if 𝛽𝑗 < 0 

𝑎𝑗 ∙ 𝛽𝑗 − 𝑐𝑗 + 𝜆 if 𝛽𝑗 > 0
 . 

Then, 

𝛽�̂� = 

[
 
 
 
 
𝑐𝑗 + 𝜆

𝑎𝑗
 if 𝑐𝑗 < −𝜆 

𝑐𝑗 − 𝜆

𝑎𝑗
if 𝑐𝑗 > +𝜆

. 

When 𝑐𝑗 ∈  [−𝜆, 𝜆], the left-hand-side derivative for fc at βj=0 is –cj - λ, which is negative and 

the right-hand-side derivative at βj=0 is –cj+ λ which is positive, so  

βj=0 gives a minimum of the function. 

 

The coordinate wise update accounting for the bias correction has the form: 

𝛽�̂� ← 

𝑆 (
1
𝑛

∑ [𝑠𝑖𝑗 ∙ (𝑌𝑖 − ∑ 𝑠𝑖𝑘 ∙ 𝛽𝑘
𝑝
𝑘=1
𝑘≠𝑗

) +  𝐼(𝑗 ≤ 𝑑)∑ 𝛽𝑘
𝑑
𝑘≠𝑗 ∙ 𝜎𝑗𝑘]

𝑛
𝑖=1 , 𝜆)

1
𝑛

∑ (𝑠𝑖𝑗
2 − 𝐼(𝑗 ≤ 𝑑)𝜎𝑗𝑗)

𝑛
𝑖=1

 

 

 

1. Friedman J, Hastie T, Hofling H, et al. Pathwise Coordinate Optimization. Ann Appl 
Stat 2007; 1: 302-32. 
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Variable	  selection	  for	  the	  L1-‐regularized	  logistic	  regression	  model	  	  

with	  measurement	  error	  

	  

ABSTRACT	  

	  

We	  consider	  the	  high	  dimensional	  logistic	  regression	  model	  with	  covariates	  measured	  with	  

error.	  	  To	  correct	  for	  bias	  in	  these	  high	  dimensional	  data,	  we	  propose	  the	  inclusion	  of	  the	  L1	  

penalty	  to	  the	  correction	  estimation	  procedure	  for	  general	  error	  distribution	  proposed	  by	  

Huang	  and	  Wang	  for	  the	  binary	  logistic	  regression	  model.	  To	  estimate	  the	  measurement	  error,	  

we	  consider	  internal	  validation	  data	  in	  which	  only	  a	  subset	  of	  covariates	  are	  measured	  for	  a	  

subset	  of	  the	  study	  population.	  We	  show	  that	  the	  penalized	  correction	  method	  using	  internal	  

validation	  data	  improves	  variable	  selection.	  We	  then	  demonstrate	  the	  proposed	  procedure	  in	  

an	  application	  study.	  

	  

KEY	  WORDS:	  LASSO;	  Biomarkers;	  High-‐Dimensional;	  Measurement	  Error	  
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1.	   INTRODUCTION	  

	  

The	  study	  of	  circulating	  biomarkers	  and	  their	  association	  with	  a	  binary	  disease	  outcome	  is	  

common	  in	  epidemiological	  research.	  Traditionally,	  concentrations	  of	  serum	  biomarkers	  have	  

been	  measured	  independently	  by	  single	  biomarker	  assays.	  Technology	  has	  since	  evolved	  from	  

single	  biomarker	  to	  multiplex	  assays,	  which	  allow	  for	  the	  simultaneous	  measurement	  of	  

numerous	  serum	  biomarkers.	  Multiplex	  technologies	  have	  the	  potential	  to	  transform	  serum	  

biomarker	  research	  and	  have	  many	  advantages	  over	  single	  biomarker	  assays	  in	  that	  they	  have	  

the	  ability	  to	  measure	  multiple	  serum	  biomarkers	  at	  a	  given	  time,	  require	  less	  sample	  volume,	  

and	  are	  efficient	  in	  time	  and	  cost.	  	  Although	  multiplex	  assays	  have	  many	  advantages	  over	  

single	  biomarker	  assays,	  these	  data	  present	  statistical	  challenges.	  

	  

Measurements	  of	  serum	  biomarkers	  by	  multiplex	  assays	  have	  been	  shown	  to	  have	  high	  

variability	  within	  and	  between	  assays	  [1].	  This	  variability	  has	  been	  shown	  to	  be	  greater	  than	  

the	  variability	  encountered	  by	  traditional	  single	  biomarker	  assays	  [2].	  Single	  biomarker	  assays	  

continue	  to	  be	  the	  best-‐validated	  method	  for	  serum	  biomarker	  measurement	  and	  it	  is	  

currently	  recommended	  to	  confirm	  results	  obtained	  by	  multiplex	  assays	  with	  single	  biomarker	  

assays	  [3,	  4].	  Additionally,	  the	  development	  and	  implementation	  of	  statistical	  methods	  that	  

account	  for	  this	  added	  variability	  in	  multiplex	  assay	  measurements	  is	  also	  recommended	  [1,	  5].	  

Added	  variability	  or	  measurement	  error	  in	  these	  data	  is	  a	  concern	  because	  it	  may	  bias	  

parameter	  estimates	  either	  towards	  or	  away	  from	  the	  null,	  it	  may	  change	  the	  directionality	  of	  

the	  association,	  and	  it	  may	  lead	  to	  invalid	  hypothesis	  testing	  [6].	  Thus	  measurement	  error	  may	  
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add	  to	  the	  complexity	  of	  uncovering	  the	  true	  relationship	  of	  a	  serum	  biomarker	  with	  an	  

outcome.	  

	  

Multiplex	  assays	  introduce	  another	  statistical	  challenge	  due	  to	  the	  high	  dimensionality	  of	  data	  

that	  they	  generate.	  The	  Least	  Absolute	  Shrinkage	  and	  Selection	  Operator	  (LASSO)	  is	  a	  

penalized	  regression	  method	  that	  may	  be	  utilized	  for	  these	  data.	  	  For	  the	  binary	  logistic	  

regression	  model,	  the	  LASSO	  method	  minimizes	  the	  negative	  log-‐likelihood,	  subject	  to	  the	  

constraint	  that	  the	  sum	  of	  the	  absolute	  value	  of	  the	  coefficients	  are	  less	  than	  a	  tuning	  

parameter	  [7].	  If	  this	  tuning	  parameter	  is	  large,	  there	  is	  no	  effect	  on	  the	  estimated	  regression	  

parameters.	  	  However,	  as	  the	  tuning	  parameter	  gets	  smaller,	  some	  coefficients	  might	  be	  

shrunk	  towards	  zero	  or	  set	  to	  be	  zero.	  Although	  the	  shrinking	  process	  produces	  biased	  

estimates,	  it	  may	  also	  improve	  variable	  selection	  and	  interpretation.	  Nonetheless,	  when	  

covariates	  are	  subject	  to	  measurement	  error,	  variable	  selection	  by	  the	  LASSO	  has	  been	  shown	  

to	  incorrectly	  include	  too	  many	  covariates	  [8,	  9].	  	  

	  

Measurement	  error	  correction	  methods	  for	  penalized	  regression	  methods	  have	  been	  proposed,	  

however	  most	  focus	  on	  the	  linear	  regression	  model	  [8-‐14]	  and	  the	  methodology	  cannot	  be	  

directly	  applied	  to	  the	  logistic	  regression	  model.	  In	  fact,	  for	  both	  low	  and	  high	  dimensional	  

settings,	  measurement	  error	  correction	  methods	  for	  the	  logistic	  regression	  model	  with	  error	  in	  

covariates	  are	  limited.	  In	  the	  low	  dimensional	  setting,	  the	  conditional-‐score	  method	  for	  normal	  

error	  in	  covariates	  [15]	  has	  been	  proposed.	  An	  additional	  approach	  for	  the	  rare-‐event	  logistic	  

model	  with	  normal	  error	  in	  covariates	  has	  also	  been	  developed	  [16].	  Furthermore,	  Huang	  and	  

Wang	  developed	  a	  consistent	  estimation	  procedure	  that	  can	  accommodate	  non-‐normal	  error	  
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in	  covariates	  [17].	  	  In	  the	  high	  dimensional	  setting,	  penalized	  approaches	  to	  measurement	  

error	  correction	  are	  more	  limited.	  	  Sorensen,	  Frigessi,	  and	  Thoresen	  consider	  the	  conditional	  

score	  method	  by	  Stefanski	  and	  Carroll	  [15]	  and	  use	  the	  projected	  gradient	  algorithm	  proposed	  

by	  Loh	  and	  Wainwright	  [11]	  to	  obtain	  corrected	  LASSO	  estimates	  for	  the	  logistic	  regression	  

model	  [9].	  While	  empirical	  results	  showed	  that	  this	  methodology	  may	  be	  useful,	  the	  projected	  

gradient	  algorithm	  was	  studied	  for	  linear	  regression	  and	  theoretical	  results	  would	  not	  

necessarily	  apply	  to	  the	  logistic	  regression	  model	  [9].	  Based	  on	  Rosenbaum	  and	  Tsybakov’s	  

matrix	  uncertainty	  selector	  [8],	  Sorensen,	  Frigessi,	  and	  Thoresen	  consider	  an	  additional	  

measurement	  error	  correction	  method	  for	  the	  logistic	  regression	  model	  [18].	  However,	  this	  

method	  focuses	  on	  penalized	  regression	  methods	  that	  do	  not	  require	  an	  estimate	  of	  the	  

measurement	  error	  covariance	  matrix	  [18].	  	  Furthermore,	  Zucker	  et	  al.	  proposed	  a	  regularized	  

corrected	  score	  method	  that	  can	  be	  applied	  to	  the	  logistic	  regression	  model,	  however	  this	  

methodology	  cannot	  account	  for	  the	  correction	  of	  more	  than	  two	  covariates	  measured	  with	  

error	  [19].	  	  

	  

In	  the	  low	  dimensional	  setting,	  Huang	  and	  Wang	  provide	  a	  consistent	  correction	  method	  with	  

general	  applicability	  that	  can	  handle	  non-‐normal	  errors	  [17].	  As	  such,	  we	  propose	  the	  

extension	  of	  this	  methodology	  to	  the	  high	  dimensional	  setting.	  The	  goal	  of	  the	  current	  study	  is	  

to	  investigate	  if	  measurement	  error	  correction	  of	  these	  data	  improves	  variable	  selection	  for	  

the	  L1	  regularized	  logistic	  regression	  model	  based	  on	  Huang	  and	  Wang’s	  estimating	  equations	  

[17].	  In	  addition,	  we	  utilize	  internal	  validation	  data	  in	  which	  more	  accurate	  measurements	  are	  

obtained	  using	  a	  single	  biomarker	  assay.	  Due	  to	  budget	  constraints	  and	  availability	  of	  serum	  

samples,	  it	  may	  not	  be	  practical	  to	  obtain	  additional	  measurements	  for	  all	  serum	  biomarkers	  
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using	  a	  single	  biomarker	  assay	  in	  all	  study	  subjects.	  Therefore,	  we	  propose	  to	  correct	  only	  a	  

few	  promising	  biomarker	  candidates	  for	  a	  subset	  of	  the	  study	  sample.	  	  

	  

The	  remainder	  of	  this	  article	  is	  organized	  as	  follows.	  In	  section	  2,	  we	  introduce	  Huang	  and	  

Wang’s	  correction	  estimation	  procedure	  for	  general	  error	  distribution	  for	  the	  binary	  logistic	  

regression	  model.	  We	  then	  present	  details	  in	  section	  3	  on	  the	  inclusion	  of	  the	  L1	  penalty	  and	  

the	  estimation	  and	  correction	  of	  measurement	  error	  using	  validation	  data	  when	  the	  validation	  

data	  consists	  of	  only	  a	  subset	  of	  serum	  biomarkers	  that	  have	  been	  measured	  in	  a	  randomly	  

selected	  subset	  of	  the	  study	  sample.	  In	  section	  4,	  we	  evaluate	  the	  penalized	  logistic	  regression	  

method	  based	  on	  Huang	  and	  Wang’s	  estimating	  equations	  with	  validation	  data	  through	  a	  

simulation	  study	  with	  the	  validation	  data	  consisting	  of	  one	  to	  five	  biomarkers	  for	  10%	  and	  

20%	  of	  the	  full	  study	  sample.	  Primary	  interest	  is	  in	  the	  variable	  selection	  properties	  of	  this	  

method	  as	  compared	  to	  the	  uncorrected	  LASSO	  model	  with	  validation	  data.	  In	  section	  5,	  we	  

illustrate	  the	  proposed	  procedure	  on	  a	  real	  dataset	  that	  has	  one	  biomarker	  measured	  by	  both	  a	  

multiplex	  and	  single	  biomarker	  assay.	  	  

	  

2.	  Huang	  and	  Wang	  Estimating	  Equations	  

	  

For	  a	  binary	  response	  Y,	  the	  logistic	  regression	  model	  postulates	  that	  

Pr Y = 1 𝐗 =   
exp  (α+   𝛃⊺𝐗)

1+ exp  (α+ 𝛃⊺𝐗)  	  
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where	  α	  is	  a	  scalar	  intercept,	  β	  is	  a	  p-‐vector	  of	  regression	  parameters,	  and	  X	  represents	  the	  

unobserved	  error-‐free	  vector	  of	  p	  serum	  biomarkers.	  In	  the	  absence	  of	  measurement	  error,	  

Huang	  and	  Wang	  describe	  a	  class	  of	  root-‐consistent	  estimating	  functions	  for	  (𝛼,𝛃⊺)⊺:	  

S! a, b =   Ê w(a+   𝐛⊺𝐗) Y−
exp  (a+   𝐛⊺𝐗)

1+ exp  (a+   𝐛⊺𝐗)  
1
𝐗 	  

where	  	  a	  is	  the	  scalar	  intercept,	  b	  is	  the	  slope	  vector,	  Ê	  is	  the	  empirical	  mean	  of	  the	  sample,	  	  

S a, b =   Ê Y− !"#  (!!  𝐛⊺𝐗)
!!!"#  (!!  𝐛⊺𝐗)  

1
𝐗 	  is	  the	  normalized	  score	  function	  for	  logistic	  regression,	  

and	  w(a+   𝐛⊺𝐗)	  is	  a	  positive	  weight	  function	  [20].	  Huang	  and	  Wang	  consider	  the	  weight	  

functions,	  1+ exp  (−a−   𝐛⊺𝐗)	  and	  1+ exp  (a+   𝐛⊺𝐗)	  and	  obtain	  the	  following	  pair	  of	  

estimating	  equations	  [20]:	  

Φ! a, b =   Ê {Y− 1+ Yexp −a−   𝐛⊺𝐗 } 1
𝐗 	  

Φ! a, b =   Ê {Y+ (Y− 1)exp a+   𝐛⊺𝐗 } 1
𝐗 .	  

In	  the	  presence	  of	  measurement	  error,	  instead	  of	  X	  we	  observe	  W,	  where	  

W	  =	  X	  +	  ε,	  	  

and	  where	  W	  is	  a	  surrogate	  for	  X	  that	  represents	  the	  serum	  biomarker	  measurements	  

obtained	  from	  the	  multiplex	  assay	  and	  the	  error	  vector	  ε	  represents	  the	  non-‐differential	  

measurement	  errors	  introduced	  by	  W.	  Huang	  and	  Wang’s	  pair	  of	  estimating	  equations	  for	  

general	  error	  distribution	  is:	  

	  

Φ! a, b =   Ê Y− 1
1

𝐖− E ε +
Yexp −a−   𝐛⊺𝐖
E exp −𝐛⊺ε   ×   

1

𝐖−
E exp −𝐛⊺ε ε
E exp −𝐛⊺ε

, 
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Φ! a, b =   Ê 𝑌
1

𝐖− E ε +
Y− 1 exp a+   𝐛⊺𝐖

E exp 𝐛⊺ε   ×   
1

𝐖−
E exp 𝐛⊺ε ε
E exp 𝐛⊺ε

,   

where	  E	  is	  the	  expectation	  and	  the	  distribution	  of	  the	  error	  ε	  is	  assumed	  to	  be	  known.	  	  

	  

The	  consistent	  estimator	  is	  then	  obtained	  by	  minimizing	  the	  following	  quadratic	  form:	  

argmin
!

1
N f x!, β!,𝛃

!

!!!

⊺

W!!   
1
N f x!, β!,𝛃

!

!!!

,	  

where	  W	  is	  the	  weight	  matrix	  that	  has	  been	  set	  to	  the	  identity	  matrix.	  

	  

3.	  Penalized	  Logistic	  Regression	  Based	  on	  Huang	  and	  Wang’s	  Estimating	  Equations	  

	  

A	  measurement	  error	  correction	  method	  that	  utilizes	  validation	  data	  is	  proposed	  for	  the	  

logistic	  regression	  model	  with	  the	  L1	  penalty.	  First,	  the	  distribution	  of	  the	  error	  for	  the	  

aforementioned	  Huang	  and	  Wang	  equations	  is	  assumed	  to	  be	  known.	  In	  real	  world	  scenarios,	  

the	  distribution	  of	  the	  error	  for	  the	  multiplex	  biomarker	  data	  may	  not	  be	  known	  and	  

impractical	  to	  estimate.	  	  However,	  it	  may	  be	  feasible	  to	  measure	  a	  subset	  of	  relevant	  serum	  

biomarkers	  that	  were	  measured	  using	  the	  multiplex	  assay	  with	  a	  single	  biomarker	  assay	  in	  a	  

random	  subset	  of	  the	  study	  population.	  Therefore,	  we	  estimate	  the	  measurement	  error	  

distribution	  using	  a	  subset	  of	  internal	  validation	  data.	  We	  then	  extend	  these	  equations	  to	  the	  

high	  dimensional	  setting	  by	  incorporating	  the	  L1	  penalty.	  

	  

Previously	  we	  defined	  X	  to	  represent	  the	  serum	  biomarkers	  measured	  by	  a	  traditional	  assay	  

and	  W	  to	  represent	  the	  serum	  biomarkers	  measured	  by	  a	  multiplex	  assay.	  We	  now	  define	  Z	  to	  

160



	  
	  

	  

represent	  the	  serum	  biomarkers	  measured	  by	  a	  multiplex	  assay	  that	  is	  not	  part	  of	  our	  subset	  

of	  relevant	  biomarkers	  that	  are	  going	  to	  be	  additionally	  measured.	  In	  other	  words,	  both	  W	  and	  

Z	  are	  measured	  with	  error,	  however,	  W	  is	  a	  biomarker	  chosen	  to	  be	  relevant	  and	  one	  in	  which	  

will	  additionally	  be	  measured	  using	  the	  traditional	  method	  and	  Z	  is	  not.	  	  

	  

For	  the	  randomly	  selected	  subset	  of	  subjects,	  let	  𝜉! = 1	  if	  the	  subject	  is	  in	  the	  validation	  set	  and	  

𝜉! = 0	  otherwise.	  	  Let	  𝜉! = 1−   𝜉! .	  The	  modified	  Huang	  and	  Wang	  pair	  of	  estimating	  equations	  

becomes:	  

Φ!
∗ a, b =   Ê Y− 1

1
ξ!X+   ξ! 𝐖− E ε

𝐙

+
Yexp −a−   ξ!𝐛!⊺ 𝐗− ξ!𝐛!⊺𝐖− 𝐛!⊺ 𝐙

ξ! + ξ!E exp −𝐛!⊺ ε
  ×   

1

ξ!𝐗+ ξ! 𝐖−
E exp −𝐛!⊺ ε ε
E exp −𝐛!⊺ ε
𝐙

	  

	  

Φ!
∗ a, b =   Ê Y

1
ξ!X+   ξ! 𝐖− E ε

𝐙

+       
Y− 1 exp a+   ξ!𝐛!⊺ 𝐗+ ξ!𝐛!⊺𝐖+ 𝐛!⊺ 𝐙

ξ! + ξ!E exp 𝐛!⊺ ε
×   

1

ξ!𝐗+ ξ! 𝐖−
E exp 𝐛!⊺ ε ε
E exp 𝐛!⊺ ε
𝐙

.	  

The	  consistent	  estimator	  is	  then	  obtained	  by	  minimizing	  the	  following	  quadratic	  form	  with	  the	  

inclusion	  of	  the	  L1	  penalty:	  

argmin
!

1
N f x!, β!,𝛃

!

!!!

⊺

W!!   
1
N f x!, β!,𝛃

!

!!!

+ n ∙ λ ∙ θ!   
!

!!!
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In	  the	  current	  study,	  we	  assume	  that	  one	  to	  five	  biomarkers	  have	  been	  measured	  by	  a	  

multiplex	  assay	  as	  well	  as	  by	  a	  single	  biomarker	  assay.	  Also,	  we	  estimate	  the	  measurement	  

error	  distribution	  for	  these	  biomarkers	  by	  considering	  validation	  data	  using	  a	  subset	  of	  the	  

total	  study	  sample	  that	  were	  measured	  by	  both	  a	  multiplex	  and	  single	  biomarker	  assay.	  We	  

estimate	  the	  error	  distribution	  with	  a	  10%	  and	  20%	  random	  subset	  of	  the	  total	  study	  sample.	  

Values	  for	  serum	  biomarkers	  that	  have	  been	  additionally	  measured	  by	  the	  single	  biomarker	  

assay	  will	  replace	  the	  values	  measured	  by	  the	  multiplex	  assay	  as	  it	  is	  assumed	  they	  are	  

measured	  with	  less	  error.	  	  The	  goal	  of	  the	  current	  study	  is	  to	  investigate	  the	  variable	  selection	  

properties	  when	  we	  include	  the	  L1	  penalty	  for	  dimension	  reduction	  and	  place	  less	  restrictions	  

on	  the	  assumption	  of	  a	  known	  error	  distribution	  by	  correcting	  for	  only	  a	  subset	  of	  the	  total	  

number	  of	  variables	  and	  estimating	  the	  error	  distribution	  using	  only	  a	  subset	  of	  the	  total	  

population.	  

	  

4.	   Simulation	  Study	  

	  

A	  simulation	  study	  was	  performed	  to	  compare	  the	  penalized	  logistic	  regression	  method	  based	  

on	  Huang	  and	  Wang’s	  estimating	  equations	  with	  validation	  data	  (validation	  +	  corrected)	  to	  the	  

uncorrected	  LASSO	  with	  validation	  data	  (validation	  only)	  for	  the	  binary	  logistic	  regression	  

model.	  A	  total	  of	  1,000	  datasets	  were	  generated	  that	  considered	  N=1,000	  subjects	  with	  p=100	  

serum	  biomarkers	  measured	  with	  error.	  Each	  error-‐free	  biomarker	  X	  was	  generated	  from	  a	  

multivariate	  normal	  distribution	  with	  mean	  0	  and	  standard	  deviation	  1.	  The	  prevalence	  of	  the	  

outcome	  was	  considered	  to	  be	  approximately	  50%.	  A	  correlation	  of	  0.2	  was	  generated	  among	  
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the	  true	  signals.	  We	  considered	  both	  moderate	  and	  large	  measurement	  error	  U,	  where	  U	  is	  

generated	  from	  the	  normal	  distribution	  with	  mean	  0	  and	  standard	  deviation	  0.5	  for	  moderate	  

measurement	  error	  and	  1.0	  for	  large	  measurement	  error.	  	  W	  is	  obtained	  by	  adding	  the	  

measurement	  error	  U	  to	  X.	  	  

	  

Table	  1	  shows	  the	  four	  scenarios	  that	  were	  studied.	  Scenarios	  1	  and	  2	  consider	  models	  with	  

moderate	  measurement	  error	  with	  10%	  (Scenario	  1)	  and	  20%	  (Scenario	  2)	  validation	  data.	  

Scenarios	  3	  and	  4	  consider	  models	  with	  large	  measurement	  error	  with	  10%	  (Scenario	  3)	  and	  

20%	  (Scenario	  4)	  validation	  data.	  All	  scenarios	  considered	  40	  true	  signals	  (β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  

=	  0.5,	  β6	  =	  β7	  =…	  =β40	  ~	  Uniform	  Distribution	  (0.1,0.25))	  and	  60	  noise	  covariates	  (β60	  =	  β61	  =	  …	  

=	  β100	  =	  0).	  	  For	  each	  scenario,	  we	  assumed	  validation	  data	  had	  been	  obtained	  for	  one	  to	  five	  

biomarkers.	  	  

	  

Optimal	  tuning	  parameters	  were	  estimated	  using	  10-‐fold	  cross	  validation	  in	  order	  to	  minimize	  

model	  misclassification	  error.	  The	  tuning	  parameter	  found	  by	  cross	  validation	  was	  used	  to	  

penalize	  all	  non-‐corrected	  biomarkers.	  Estimates	  for	  biomarkers	  that	  were	  considered	  

relevant	  and	  had	  additional	  validation	  data	  obtained	  were	  not	  penalized.	  For	  the	  uncorrected	  

LASSO	  models	  with	  validation	  data,	  the	  R	  package	  ‘glmnet’	  was	  used	  for	  both	  parameter	  

estimation	  and	  cross	  validation	  [21].	  The	  R	  package	  ‘lbfgs’	  (version	  1.2.1)	  [22]	  was	  utilized	  for	  

optimization.	  This	  package	  implements	  the	  Orthant-‐Wise	  Quasi-‐Newton	  Limited-‐Memory	  

optimization	  algorithm,	  which	  finds	  the	  optimum	  of	  an	  objective	  function	  while	  incorporating	  

the	  L1	  penalty.	  To	  evaluate	  the	  variable	  selection	  properties,	  we	  evaluated	  the	  number	  of	  true	  

positives	  (TP)	  and	  number	  of	  false	  positives	  (FP)	  that	  were	  selected	  by	  both	  methods.	  
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Table	  2	  shows	  results	  for	  Scenarios	  1	  and	  2	  that	  consider	  moderate	  measurement	  error.	  For	  

models	  with	  10%	  validation	  data,	  the	  mean	  number	  of	  TP	  was	  slightly	  improved	  for	  the	  

validation	  +	  corrected	  models	  as	  compared	  to	  the	  validation	  only	  models.	  Furthermore,	  there	  

was	  a	  greater	  reduction	  in	  the	  mean	  number	  of	  FP	  for	  the	  validation	  +	  corrected	  models	  as	  

compared	  to	  the	  validation	  only	  models.	  When	  correcting	  for	  one	  variable,	  the	  mean	  number	  of	  

FP	  was	  11.7	  for	  the	  validation	  only	  model	  which	  reduced	  to	  8.5	  for	  the	  validation	  +	  corrected	  

model.	  After	  correcting	  for	  five	  variables,	  the	  mean	  number	  of	  FP	  was	  16.2	  for	  the	  validation	  

only	  model	  and	  6.3	  for	  the	  validation	  +	  corrected	  model.	  Similar	  results	  were	  seen	  for	  models	  

with	  20%	  validation	  data.	  

	  

Table	  3	  shows	  results	  for	  Scenarios	  3	  and	  4	  that	  consider	  large	  measurement	  error.	  For	  models	  

with	  10%	  validation	  data,	  the	  mean	  number	  of	  TP	  had	  slight	  improvement	  for	  the	  models	  

correcting	  for	  one	  to	  three	  variables,	  however	  the	  mean	  number	  of	  TP	  for	  the	  validation	  +	  

corrected	  models	  was	  lower	  than	  the	  validation	  only	  models	  after	  correcting	  for	  more	  

variables.	  Similar	  to	  the	  models	  with	  moderate	  measurement	  error,	  there	  was	  a	  greater	  

reduction	  in	  the	  mean	  number	  of	  FP	  for	  the	  validation	  +	  corrected	  models	  as	  compared	  to	  the	  

validation	  only	  models.	  When	  correcting	  for	  one	  variable,	  the	  mean	  number	  of	  FP	  was	  14.2	  for	  

the	  validation	  only	  model	  and	  this	  reduced	  to	  7.1	  for	  the	  validation	  +	  corrected	  model.	  After	  

correcting	  for	  five	  variables,	  the	  mean	  number	  of	  FP	  was	  18.5	  for	  the	  validation	  only	  model	  

and	  6.6	  for	  the	  validation	  +	  corrected	  model.	  Similar	  results	  were	  seen	  for	  models	  with	  20%	  

validation	  data.	  
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Additionally,	  prediction	  as	  measured	  by	  the	  Area	  under	  the	  Receiver	  Operating	  Characteristic	  

Curve	  and	  Net	  Reclassification	  was	  assessed	  for	  each	  model.	  Results	  for	  the	  validation	  +	  

corrected	  models	  did	  not	  improve	  prediction	  by	  these	  measures	  (data	  not	  shown).	  	  

	  

5.	   Application	  Study	  

	  

TESAOD	  is	  a	  population-‐based	  prospective	  cohort	  study	  initiated	  in	  1972	  in	  Tucson,	  Arizona.	  

Details	  of	  this	  study	  have	  been	  previously	  described	  [23].	  Cryopreserved	  serum	  samples	  were	  

measured	  on	  879	  subjects	  at	  the	  Myriad-‐Rules	  Based	  Medicine	  facilities	  (Austin,	  TX)	  using	  the	  

Human	  Multi-‐Analyte	  Profile	  panel	  version	  1.6.	  This	  is	  a	  bead	  based	  suspension	  multiplex	  

assay	  based	  on	  Luminex	  immunoassay	  technology.	  A	  subset	  of	  samples	  was	  run	  in	  duplicate	  

for	  this	  assay	  and	  the	  mean	  coefficient	  of	  variation	  (CV)	  was	  8.7%.	  	  C-‐Reactive	  Protein	  (CRP),	  a	  

serum	  biomarker	  that	  was	  measured	  by	  the	  multiplex	  assay,	  was	  additionally	  measured	  on	  the	  

879	  subjects	  at	  the	  Asthma	  and	  Airway	  Disease	  Research	  Center	  laboratory	  by	  an	  enzymatic	  

solid-‐phase	  chemiluminescent	  immunometric	  assay	  (Immulite	  2000,	  Siemens	  Diagnostics,	  

Tarrytown,	  NY).	  A	  subset	  of	  samples	  was	  also	  run	  in	  duplicate	  and	  the	  mean	  CV	  for	  this	  single	  

biomarker	  assay	  was	  2.7%.	  Correlation	  of	  CRP	  measured	  by	  both	  assays	  was	  0.80,	  p<0.0001.	  

The	  University	  of	  Arizona	  Institutional	  Review	  Board	  approved	  the	  TESAOD	  study.	  

	  

For	  the	  current	  study,	  we	  apply	  the	  penalized	  method	  based	  on	  Huang	  and	  Wang’s	  estimating	  

equations	  with	  validation	  data	  to	  these	  data	  and	  correct	  for	  CRP.	  Since	  CRP	  has	  a	  known	  

association	  with	  body	  mass	  index	  (BMI),	  we	  investigate	  the	  effect	  of	  correcting	  for	  CRP	  on	  the	  

binary	  outcome	  of	  overweight	  or	  obese	  subjects	  (BMI	  >	  25)	  as	  compared	  to	  normal	  weight	  
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subjects	  (18.5	  <	  BMI	  <	  25).	  There	  were	  a	  total	  of	  82	  serum	  biomarkers	  measured	  by	  the	  

multiplex	  assay	  on	  851	  subjects	  with	  available	  BMI	  information.	  Although	  CRP	  measurements	  

were	  available	  for	  all	  851	  subjects	  by	  both	  methods,	  to	  evaluate	  the	  estimation	  of	  the	  

measurement	  error	  distribution	  by	  a	  random	  subset	  of	  the	  study	  population,	  we	  first	  randomly	  

select	  10%	  of	  the	  study	  sample	  and	  apply	  the	  proposed	  method.	  We	  then	  repeat	  this	  random	  

selection	  500	  times.	  We	  then	  investigate	  variable	  selection	  improvement	  of	  the	  corrected	  

method.	  Standardized	  values	  were	  used	  for	  all	  measurements.	  	  

	  

Dissimilarity	  in	  how	  methods	  selected	  non-‐zero	  estimates	  were	  observed	  for	  6	  of	  the	  82	  serum	  

biomarkers	  after	  correction,	  specifically	  Apolipoprotein	  A-‐1,	  Apolipoprotein	  C-‐III,	  Complement	  

3,	  Fatty	  Acid	  Binding	  Protein,	  IL-‐16,	  and	  Plasminogen	  Activator	  Inhibitor	  1.	  Table	  4	  shows	  the	  

percent	  in	  which	  the	  coefficient	  for	  these	  6	  serum	  biomarkers	  were	  selected	  as	  non-‐zero	  for	  

the	  following	  four	  CRP	  measured	  approaches:	  (1)	  single	  biomarker	  assay;	  (2)	  multiplex	  assay;	  

(3)	  multiplex	  assay	  +	  10%	  validation	  data	  (validation	  only);	  (4)	  multiplex	  assay	  +	  10%	  

validation	  data	  +	  correction	  (validation	  +	  correction).	  First,	  for	  Apolipoprotein	  A-‐1	  and	  

Interleukin-‐16,	  the	  non-‐corrected	  methods	  frequently	  resulted	  in	  non-‐zero	  estimates,	  however	  

the	  corrected	  method	  always	  resulted	  in	  zero	  estimates.	  For	  both	  biomarkers,	  the	  univariate	  

association	  with	  the	  overweight	  or	  obese	  outcome	  was	  not	  significant.	  Conversely	  for	  

Apilopoprotein	  C-‐III,	  Fatty	  Acid	  Binding	  Protein,	  and	  Plasminogen	  Activator	  Inhibitor	  1,	  the	  

non-‐corrected	  methods	  resulted	  in	  zero	  estimates,	  however	  the	  corrected	  method	  resulted	  in	  a	  

non-‐zero	  estimate.	  These	  biomarkers	  all	  had	  a	  significant	  association	  with	  the	  overweight	  or	  

obese	  outcome	  and	  have	  known	  associations	  with	  obesity[24-‐30].	  Thus,	  potential	  justification	  

could	  be	  made	  in	  favor	  of	  the	  corrected	  methods.	  Lastly,	  Complement	  3,	  which	  has	  a	  known	  
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association	  with	  obesity[31,	  32]	  had	  a	  non-‐zero	  estimate	  100%	  of	  the	  time	  when	  CRP	  was	  

measured	  by	  the	  non-‐corrected	  methods,	  however	  a	  non-‐zero	  estimate	  was	  achieved	  only	  20%	  

of	  the	  time	  after	  correction.	  Complement	  3	  is	  correlated	  with	  many	  serum	  biomarkers	  

including	  Apolipoprotein	  H	  (Pearson’s	  correlation	  coefficient,	  p-‐value:	  0.4470,	  <0.0001),	  

Serum	  Amyloid	  P	  (0.3281,	  <0.0001),	  Immunoglobulin	  M	  (0.3186,	  <0.0001),	  and	  Alpha-‐2-‐

Macroglobulin	  (0.2106,	  <0.0001),	  which	  were	  consistently	  chosen	  as	  having	  non-‐zero	  

estimates	  by	  all	  methods.	  Additionally,	  Complement	  3	  was	  associated	  with	  Fatty	  Acid	  Binding	  

Protein	  (0.1564,	  <0.0001),	  Plasminogen	  Activator	  Inhibitor	  1	  (0.1338,	  0.0001),	  and	  

Apolipoprotein	  C-‐III	  (0.0726,	  0.0360),	  which	  were	  never	  chosen	  by	  the	  non-‐corrected	  methods,	  

but	  were	  consistently	  chosen	  the	  corrected	  method.	  It	  is	  known	  that	  when	  variables	  are	  highly	  

correlated,	  that	  the	  LASSO	  method	  may	  choose	  one	  variable	  and	  not	  the	  other	  [33].	  Thus,	  

correlation	  of	  Complement	  3	  with	  other	  serum	  biomarkers	  may	  justify	  this	  biomarker	  not	  

being	  chosen	  by	  the	  other	  methods.	  Results	  for	  all	  serum	  biomarkers	  are	  included	  in	  the	  

Appendix.	  

	  

5.	   DISCUSSION	  

	  

We	  proposed	  a	  measurement	  error	  correction	  method	  that	  utilizes	  validation	  data	  for	  the	  

logistic	  regression	  model	  with	  the	  L1	  penalty.	  This	  method	  is	  based	  on	  the	  correction	  

estimation	  procedure	  proposed	  by	  Huang	  and	  Wang	  [17]	  and	  extends	  their	  methodology	  to	  

the	  high	  dimensional	  setting.	  This	  method	  utilizes	  validation	  data	  in	  which	  more	  accurate	  

measurements	  were	  obtained	  on	  a	  small	  number	  of	  relevant	  serum	  biomarkers	  that	  were	  

likely	  associated	  with	  the	  outcome	  in	  a	  randomly	  selected	  subset	  of	  the	  study	  sample.	  
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The	  proposed	  method	  showed	  an	  improvement	  in	  variable	  selection,	  particularly	  by	  reducing	  

the	  number	  of	  FP.	  Similar	  bias	  correction	  methods	  proposed	  for	  the	  penalized	  linear	  

regression	  model	  have	  shown	  similar	  results	  [9,	  14,	  34].	  For	  models	  with	  large	  measurement	  

error,	  correcting	  for	  a	  single	  variable	  and	  estimating	  the	  measurement	  error	  by	  re-‐measuring	  

this	  single	  variable	  in	  as	  few	  as	  10%	  of	  the	  study	  sample,	  considerably	  reduced	  the	  number	  of	  

FP	  from	  14.5	  to	  7.1.	  It	  is	  important	  to	  note	  that	  two	  additional	  simulation	  studies	  were	  

performed	  and	  designed	  to	  have	  either	  non-‐correlated	  predictors	  or	  correlation	  among	  all	  

variables	  (and	  not	  just	  the	  true	  signals).	  The	  reduction	  in	  FP	  was	  not	  seen	  in	  these	  scenarios.	  

Nevertheless,	  in	  scenarios	  with	  correlated	  predictors,	  implementation	  and	  further	  study	  of	  the	  

LASSO	  penalty	  to	  the	  Huang	  and	  Wang	  estimating	  equations	  is	  warranted.	  
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Table	  1.	  Simulation	  Scenarios	  (N=1,000	  with	  1,000	  simulated	  data	  sets)	  

	   Data	  Generation	   Measurement	  Error	  Correction	  

Scenario	   Number	  
of	  True	  
Signals	  

Non-‐Zero	  Coefficients	  in	  Multiple	  
Linear	  Regression	  Models	  

SD	  of	  	  
Error	  

Number	  of	  
Corrected	  
Covariates	  

Validation	  
Data	  

1	   40	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =0.50,	  
β6	  =	  β7	  =	  …	  =	  β40	  ~	  U	  (0.1,	  0.25)	  

	  

0.50	   1,2,3,4,5	   10%	  

2	   40	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =0.50,	  
β6	  =	  β7	  =	  …	  =	  β40	  ~	  U	  (0.1,	  0.25)	  

	  

0.50	   1,2,3,4,5	   20%	  

3	   40	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =0.50,	  
β6	  =	  β7	  =	  …	  =	  β40	  ~	  U	  (0.1,	  0.25)	  

	  

1.00	   1,2,3,4,5	   10%	  

4	   40	   β1	  =	  β2	  =	  β3	  =	  β4	  =	  β5	  =0.50,	  
β6	  =	  β7	  =	  …	  =	  β40	  ~	  U	  (0.1,	  0.25)	  

	  

1.00	   1,2,3,4,5	   20%	  
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Table	  2.	  Scenarios	  1	  and	  2	  (Moderate	  Measurement	  Error)	  	  
	  
	  
	  

	  
^	  Results	  for	  the	  error-‐prone	  model	  without	  validation	  data.	  This	  would	  represent	  
the	  model	  with	  only	  multiplex	  data.	  
	  
	  
	  
	  
	  
	  
	  

	  
Number	  of	  
Variables	  
with	  

Validation	  
Data	  

	  
	  
	  

Method	  

10%	  Validation	  Data	   20%	  Validation	  Data	  

True	  Positive	  	  
(Mean)	  

False	  Positive	  
(Mean)	  

True	  Positive	  	  
(Mean)	  

False	  Positive	  
(Mean)	  

	  
No	  Validation	  Data^	   36.241	   11.680	   36.133	   11.466	  

	  
	  
1	  

	  
Validation	  Only	   36.300	   11.732	   36.170	   11.202	  

	  
Validation	  +	  Corrected	   37.522	   8.519	   37.513	   8.862	  

	  
No	  validation	  data^	   36.164	   12.803	   36.152	   13.297	  

	  
	  
2	  

	  
Validation	  Only	   36.173	   13.722	   36.077	   13.034	  

	  
Validation	  +	  Corrected	   37.261	   8.368	   37.269	   7.857	  

	  
No	  validation	  data^	   36.085	   13.971	   36.098	   14.167	  

	  
	  
3	  

	  
Validation	  Only	   36.086	   14.433	   35.975	   14.398	  

	  
Validation	  +	  Corrected	   37.094	   9.988	   36.884	   7.084	  

	  
No	  validation	  data^	   35.788	   15.191	   35.761	   14.699	  

	  
	  
4	  

	  
Validation	  Only	   35.757	   15.515	   35.741	   15.246	  

	  
Validation	  +	  Corrected	   36.764	   8.025	   36.204	   6.495	  

	  
No	  validation	  data^	   35.768	   16.177	   35.663	   15.772	  

	  
	  
5	  

	  
Validation	  Only	   35.647	   15.939	   35.572	   16.052	  

	  
Validation	  +	  Corrected	   36.270	   6.26	   36.293	   6.931	  
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Table	  3.	  Scenarios	  3	  and	  4	  (Large	  Measurement	  Error)	  	  
	  
	  

	  
^	  Results	  for	  the	  error-‐prone	  model	  without	  validation	  data.	  This	  would	  represent	  
the	  model	  with	  only	  multiplex	  data.	  
	  
	  
	  
	  

	  
Number	  of	  
Variables	  
with	  

Validation	  
Data	  

	  
	  
	  

Method	  

10%	  Validation	  Data	   20%	  Validation	  Data	  

True	  Positive	  	  
(Mean)	  

False	  Positive	  
(Mean)	  

True	  Positive	  	  
(Mean)	  

False	  Positive	  
(Mean)	  

	  
No	  Validation	  Data^	   37.603	   14.211	   37.727	   13.871	  

	  
	  
1	  

	  
Validation	  Only	   37.643	   14.508	   37.688	   14.481	  

	  
Validation	  +	  Corrected	   38.914	   7.149	   39.014	   8.460	  

	  
No	  validation	  data^	   37.598	   15.965	   37.749	   15.893	  

	  
	  
2	  

	  
Validation	  Only	   37.576	   15.106	   37.679	   15.966	  

	  
Validation	  +	  Corrected	   38.658	   6.426	   38.887	   7.006	  

	  
No	  validation	  data^	   37.629	   16.594	   37.558	   16.774	  

	  
	  
3	  

	  
Validation	  Only	   37.547	   16.717	   37.407	   16.610	  

	  
Validation	  +	  Corrected	   38.079	   5.368	   38.748	   6.405	  

	  
No	  validation	  data^	   37.515	   17.375	   37.602	   17.764	  

	  
	  
4	  

	  
Validation	  Only	   37.362	   16.743	   37.446	   17.172	  

	  
Validation	  +	  Corrected	   36.807	   5.212	   38.453	   5.744	  

	  
No	  validation	  data^	   37.529	   18.542	   37.448	   18.470	  

	  
	  
5	  

	  
Validation	  Only	   37.382	   18.139	   37.239	   18.131	  

	  
Validation	  +	  Corrected	   35.480	   6.597	   37.964	   6.018	  
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Table	  4.	  	  Percent	  of	  Non-‐Zero	  Estimates	  (500	  Simulations)	  
	  

Biomarker	   CRP	  
Measured	  
by	  Single	  
Biomarker	  
Assay	  

CRP	  
Measured	  

by	  
Multiplex	  
Assay	  

CRP	  
Measured	  
by	  Multiplex	  
Assay	  +	  
Validation	  
Data	  

CRP	  
Measured	  by	  	  	  
Multiplex	  
Assay	  +	  
Validation	  
Data	  +	  	  

Correction	  

Logistic	  
Regression	  
Coefficient	  
	  (p-‐value)*	  

Apolipoprotein	  A-‐1	   	  	   66	   82	   72	   0	   -‐0.138	  (0.054)	  
Apolipoprotein	  C-‐III	   	  	   0	   0	   0	   82	   0.240	  (<0.001)	  
Complement	  3	  	   100	   100	   100	   20	   0.288	  (<0.001)	  
Fatty	  Acid	  Binding	  
Protein	   	  0	   0	   0	   76	   0.257	  (<0.001)	  
Interleukin-‐16	   56	   32	   36	   0	   0.089	  (0.210)	  
Plasminogen	  Activator	  
Inhibitor	  1	  	   0	   0	   0	   42	   0.258	  (<0.001)	  

	  

*	  p-‐value	  for	  univariate	  association	  
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APPENDIX	  

	  

Table	  E1.	  	  Percent	  of	  Non-‐Zero	  Estimates	  (500	  Simulations)	  
	  

Biomarker	   CRP	  
Measured	  
by	  Single	  
Biomarker	  
Assay	  

CRP	  
Measured	  

by	  	  
Multiplex	  
Assay	  

CRP	  
Measured	  

by	  
Multiplex	  
Assay+	  

Validation	  
Data	  

CRP	  
Measured	  

by	  
Multiplex	  
Assay	  +	  
Validation	  
Data	  +	  

Correction	  

Logistic	  
Regression	  
Coefficient	  
	  (p-‐value)*	  

Adiponectin	   100	   100	   100	   100	   -‐0.450	  (<0.001)	  
Alpha-‐1-‐Antitrypsin	   14	   0	   0	   12	   -‐0.108	  (0.127)	  
Alpha-‐Fetoprotein	   0	   0	   0	   0	   0.129	  (0.072)	  
Alpha-‐2-‐
Macroglobulin	   100	   100	   100	   94	   -‐0.340	  (<0.001)	  
Apolipoprotein	  A-‐1	   66	   82	   72	   0	   -‐0.138	  (0.054)	  
Apolipoprotein	  C-‐III	   0	   0	   0	   82	   0.240	  (0.001)	  
Apolipoprotein	  H	   68	   92	   96	   100	   0.309	  (<0.001)	  
Beta-‐2	  Microglobulin	   0	   0	   0	   0	   0.196	  (0.006)	  
Brain	  Derived	  
Neurotrophic	  Factor	   0	   0	   0	   14	   0.104	  (0.140)	  
Calcitonin	   0	   4	   4	   16	   0.110	  (0.116)	  
Cancer	  Antigen	  19-‐9	   0	   0	   0	   12	   0.018	  (0.802)	  
Cancer	  Antigen	  125	   0	   2	   2	   24	   0.095	  (0.177)	  
Carcinoembryonic	  
Antigen	   0	   0	   0	   2	   0.008	  (0.908)	  
CD40	   18	   14	   8	   2	   0.097	  (0.167)	  
CD40	  Ligand	   0	   0	   0	   20	   -‐0.042	  (0.545)	  
Complement	  3	  	   100	   100	   100	   20	   0.288	  (<0.001)	  
C-‐Reactive	  Protein	   100	   100	   100	   100	   0.426	  (<0.001)	  
Creatine	  Kinase-‐MB	  	   56	   32	   36	   100	   0.205	  (0.004)	  
Endothelin-‐1	   0	   0	   0	   6	   0.009	  (0.901)	  
Eotaxin	  	   94	   100	   100	   40	   -‐0.136	  (0.054)	  
Epidermal	  Growth	  
Factor	   6	   4	   4	   0	   -‐0.040	  (0.562)	  
Epithelial-‐Derived	  
Neutrophil-‐ 0	   0	   0	   0	   0.058	  (0.403)	  
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Activating	  Protein-‐78	  
Erythropoietin	   0	   0	   2	   14	   0.109	  (0.119)	  
Extracellular	  Newly	  
Identified	  Rage-‐
binding	  protein	   0	   0	   0	   2	   0.030	  (0.664)	  
Fatty	  Acid	  Binding	  
Protein	   	  0	   0	   0	   76	   0.257	  (<0.001)	  
Ferritin	   100	   100	   100	   100	   0.393	  (<0.001)	  
Fibrinogen	   32	   14	   8	   2	   0.112	  (0.110)	  
Fibroblast	  Growth	  
Factor-‐Basic	   32	   26	   26	   22	   0.113	  (0.105)	  
Granulocyte	  Colony-‐
Stimulating	  Factor	   76	   38	   42	   14	   -‐0.004	  (0.950)	  
Granulocyte-‐
Macrophage	  Colony-‐
Stimulating	  Factor	   76	   66	   72	   42	   0.145	  (0.037)	  
Growth	  Hormone	   100	   100	   100	   100	   -‐0.397	  (<0.001)	  
Haptoglobin	   0	   6	   4	   20	   0.229	  (0.002)	  
Immunoglobulin	  A	   6	   4	   2	   20	   0.118	  (0.093)	  
Immunoglobulin	  E	   0	   0	   2	   12	   0.072	  (0.306)	  
Immunoglobulin	  M	   96	   100	   100	   100	   -‐0.188	  (0.008)	  
Intercellular	  
Adhesion	  Molecule-‐1	   0	   0	   0	   8	   0.074	  (0.293)	  
Interferon-‐gamma	   32	   6	   6	   14	   0.005	  (0.944)	  
Interleukin-‐1	  alpha	   32	   20	   16	   28	   -‐0.077	  (0.268)	  
Interleukin-‐1	  beta	   44	   38	   42	   22	   0.104	  (0.135)	  
Interleukin-‐1	  
Receptor	  Antagonist	   44	   20	   16	   22	   0.031	  (0.657)	  
Interleukin-‐3	   0	   2	   2	   0	   0.055	  (0.430)	  
Interleukin-‐4	   18	   20	   12	   20	   -‐0.084	  (0.231)	  
Interleukin-‐5	   36	   14	   8	   22	   -‐0.026	  (0.705)	  
Interleukin-‐6	   	   0	   0	   2	   0	   0.097	  (0.166)	  
Interleukin-‐7	   	   66	   50	   52	   16	   0.127	  (0.068)	  
Interleukin-‐8	   18	   6	   6	   12	   0.069	  (0.325)	  
Interleukin-‐10	   0	   2	   2	   6	   0.099	  (0.154)	  
Interleukin-‐12	  
subunit	  p40	   56	   32	   36	   32	   -‐0.068	  (0.333)	  
Interleukin-‐13	   0	   0	   2	   20	   -‐0.027	  (0.702)	  
Interleukin-‐15	   0	   0	   0	   14	   -‐0.035	  (0.615)	  
Interleukin-‐16	   56	   32	   36	   0	   0.089	  (0.210)	  
Interleukin-‐18	   66	   50	   56	   40	   0.227	  (0.002)	  
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Leptin	   100	   100	   100	   100	   0.334	  (<0.001)	  
Lipoprotein	  (a)	   0	   2	   2	   38	   -‐0.121	  (0.086)	  
Macrophage-‐Derived	  
Chemokine	   0	   6	   6	   14	   0087	  (0.213)	  
Macrophage	  
Inflammatory	  
Protein	  1-‐alpha	   0	   0	   0	   20	   -‐0.160	  (0.025)	  
Macrophage	  
Inflammatory	  
Protein	  1-‐beta	  	   18	   26	   26	   54	   0.188	  (0.009)	  
Matrix	  
Metalloproteinase-‐2	   0	   0	   2	   6	   0.032	  (0.642)	  
Matrix	  
Metalloproteinase-‐3	   0	   0	   0	   6	   0.071	  (0.308)	  
Matrix	  
Metalloproteinase-‐9	  	   14	   2	   2	   62	   0.099	  (0.157)	  
Monocyte	  
Chemotactic	  Protein	  
1	   76	   66	   70	   36	   0.169	  (0.018)	  
Myeloperoxidase	   82	   50	   64	   100	   -‐0.078	  (0.263)	  
Myoglobin	   100	   100	   100	   100	   0.433	  (<0.001)	  
Plasminogen	  
Activator	  Inhibitor	  1	  	   0	   0	   0	   42	   0.258	  (<0.001)	  
Pregnancy-‐
Associated	  Plasma	  
Protein	  a	   0	   0	   0	   14	   -‐0.029	  (0.682)	  
Prostatic	  Acid	  
Phosphatase	   0	   0	   0	   0	   0.048	  (0.490)	  
T-‐Cell	  Specific	  
Protein,	  Regulated	  
upon	  Activation	  
Normal	  T-‐Cell	  
Expressed,	  and	  
presumably	  Secreted	   0	   0	   2	   6	   0.137	  (0.051)	  
Serum	  Amyloid	  P	   100	   100	   100	   100	   0.557	  (<0.001)	  
Serum	  Glutamic	  
Oxaloacetic	  
Transminase	   14	   20	   12	   22	   0.048	  (0.493)	  
Sex	  Hormone	  
Binding	  Globulin	   100	   100	   100	   100	   -‐0.528	  (<0.001)	  
Stem	  Cell	  Factor	   0	   2	   2	   10	   0.132	  (0.061)	  
Thrombopoietin	   0	   0	   2	   28	   0.136	  (0.052)	  
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Thyroxine	  Binding	  
Globulin	   0	   0	   0	   0	   -‐0.056	  (0.422)	  
Thyroid	  Stimulating	  
Hormone	   	   66	   38	   50	   20	   -‐0.034	  (0.625)	  
Tissue	  Factor	   0	   0	   0	   8	   0.049	  (0.478)	  
Tissue	  Inhibitor	  of	  
Metalloproteinase	  1	   0	   0	   0	   0	   0.177	  (0.012)	  
Tumor	  Necrosis	  
Factor-‐alpha	   0	   2	   2	   6	   0.063	  (0.368)	  
Tumor	  Necrosis	  
Factor-‐beta	   0	   0	   0	   2	   -‐0.003	  (0.961)	  
Tumor	  Necrosis	  
Factor	  RII	   0	   0	   0	   2	   0.174	  (0.014)	  
Vascular	  Cell	  
Adhesion	  Molecule-‐1	   68	   50	   60	   38	   0.126	  (0.071)	  
Vascular	  Endothelial	  
Growth	  Factor	   0	   0	   0	   14	   0.159	  (0.024)	  
von	  Willebrand	  
Factor	   0	   0	   0	   2	   0.077	  (0.271)	  

	  

*	  p-‐value	  for	  univariate	  association	  
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APPENDIX D

List of Biomarkers

Table D.1: HumanMAP version 1.6 serum biomarkers

Biomarker

Adiponectin
Alpha-1 Antitrypsin
Alpha-Fetoprotein
Alpha-2 Macroglobulin
Apolipoprotein A-1
Apolipoprotein C-III
Apolipoprotein H
Beta-2 Microglobulin
Brain Derived Neurotrophic Factor
Calcitonin
Cancer Antigen 19-9
Cancer Antigen 125
Carcinoembryonic Antigen
CD40
CD40 Ligand
Complement 3
C-Reactive Protein
Creatine Kinase-MB
Endothelin-1
Eotaxin
Epidermal Growth Factor
Epithelial-Derived Neutrophil-Activating Protein-78
Erythropoietin
EN-RAGE
Factor VII
Fatty Acid Binding Protein
Ferritin
Fibrinogen
Fibroblast Growth Factor-Basic
Granulocyte-Macrophage Colony-Stimulating Factor
Growth Hormone

Continued on next page
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Table D.1 – continued from previous page

Biomarker

Granulocyte Colony-Stimulating Factor
Haptoglobin
Immunoglobulin A
Immunoglobulin E
Immunoglobulin M
Insulin
Intercellular Adhesion Molecule-1
Interferon-gamma
Interleukin-1 alpha
Interleukin-1 beta
Interleukin-1 Receptor Antagonist
Interleukin-2
Interleukin-3
Interleukin-4
Interleukin-5
Interleukin-6
Interleukin-7
Interleukin-8
Interleukin-10
Interleukin-12 subunit p40
Interleukin-12 subunit p70
Interleukin-13
Interleukin-15
Interleukin-16
Interleukin-18
Leptin
Lipoprotein(a)
Lymphotactin
Macrophage-Derived Chemokine
Macrophage Inflammatory Protein-1 Alpha
Macrophage Inflammatory Protein-1 Beta
Matrix Metalloproteinase-2
Matrix Metalloproteinase-3
Matrix Metalloproteinase-9
Monocyte Chemotactic Protein-1
Myeloperoxidase
Myoglobin
Plasminogen Activator Inhibitor 1
Pregnancy-Associated Plasma Protein a
Prostate Specific Antigen, Free
Prostatic Acid Phosphatase
T-Cell Specific Protein RANTES

Continued on next page
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Table D.1 – continued from previous page

Biomarker

Serum Amyloid P
Serum Glutamic Oxaloacetic Transminase
Sex Hormone Binding Globulin
Stem Cell Factor
Thrombopoietin
Thyroxine Binding Globulin
Thyroid Stimulating Hormonone
Tissue Factor
Tissue Inhibitor of Metalloproteinase I
Tumor Necrosis Factor-alpha
Tumor Necrosis Factor-beta
Tumor Necrosis Factor RII
Vascular Cell Adhesion Molecule-I
Vascular Endothelial Growth Factor
von Willebrand Factor

Table D.2: A2DRC measured serum biomarkers

Biomarker
Soluble CD14
Chitinase-3-Like Protein 1
Club Cell Secretory Protein 16
C-Reactive Protein
Surfactant Protein D


