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Table S2: Missing data proportion for 30 variables in the ALS data. The data in total

contains 266 observations with 167 cases and 99 controls.

Variables Proportion Variables Proportion

PCB 174 0.508 PCB 153 0.237

PCB 110 0.429 PCB 202 0.199

cis-chlordane 0.398 cis-nonachlor 0.147

trans-nonachlor 0.380 beta-HCH 0.132

PCB 175 0.368 PBDE 99 0.086

trans-chlordane 0.365 p,p’-DDE 0.083

PCB 118 0.361 PeCB 0.060

PCB 180 0.350 PBDE 100 0.056

PBDE 28 0.305 Education1 0.038

PCB 138 0.278 Education2 0.038

PBDE 154 0.267 PCB 151 0.034

PBDE 153 0.256 PBDE 47 0.015

BMI 0.244 Age 0.011

BMI slope 0.244 Sex 0.000

PBDE 85 0.241 ALS 0.000
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Figure S1: Pairwise Pearson correlation matrix for 23 POPs collected through the Univer-

sity of Michigan ALS Patient Biorepository. The dataset contains 266 observations (167

cases and 99 controls).
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Table S3: Regression coefficient estimates for five POPs collected as part of the University

of Michigan ALS Patients Biorepository case-control study (167 ALS cases and 99 healthy

controls). Results are based on 10 imputed datasets. Only five of the 23 POPs are displayed

because the other 18 POPs were not selected by any method.

POPs SLASSO SaLASSO SENET SaENET
SLASSO

(w)

SaLASSO

(w)

SENET

(w)

SaENET

(w)
GLASSO GaLASSO

PBDE 153 0.087 - 0.095 - 0.090 0.075 0.099 0.067 0.081 -

PeCB 0.316 0.751 0.354 0.743 0.268 0.645 0.307 0.655 0.295 0.969

trans-

chlordane

0.067 0.001 0.104 0.003 0.068 0.081 0.105 0.068 0.047 -

cis-

nonachlor

0.220 0.578 0.278 0.572 0.225 0.524 0.284 0.530 0.185 0.194

PCB151 0.060 0.173 0.109 0.171 0.035 - 0.090 - 0.031 -

# selected 5 4 5 4 5 4 5 4 5 2

# removed 18 19 18 19 18 19 18 19 18 21
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Table S4: Sensitivity (SENS), specificity (SPEC), MSE for non-null coefficients

(MSEnon−null), and MSE for null coefficients (MSEnull) for simulation Cases 1-4 with

50 imputed datasets. Cases 1 and 2 have 500 observations with 20 covariates, while Cases

3 and 4 have 1000 observations with 100 covariates. Cases 1 and 3 correspond to concen-

trated signals and Cases 2 and 4 correspond to distributed signals.

SLASSO SaLASSO SENET SaENET
SLASSO

(w)

SaLASSO

(w)

SENET

(w)

SaENET

(w)
GLASSO GaLASSO

Case 1

SENS 1.00 1.00 1.00 1.00 1.00 0.99 1.00 0.99 0.98 0.94

SPEC 0.53 0.93 0.53 0.92 0.55 0.93 0.54 0.93 0.49 0.98

MSEnon−null 1.51 0.86 1.50 0.84 1.58 0.86 1.57 0.83 2.26 1.51

MSEnull 0.20 0.12 0.20 0.12 0.22 0.12 0.22 0.13 0.14 0.06

Case 2

SENS 0.98 0.92 0.98 0.92 0.98 0.91 0.98 0.92 0.95 0.80

SPEC 0.57 0.94 0.56 0.93 0.59 0.94 0.58 0.94 0.56 0.98

MSEnon−null 1.75 1.47 1.74 1.44 1.81 1.53 1.79 1.46 2.66 2.43

MSEnull 0.18 0.12 0.18 0.13 0.19 0.12 0.20 0.13 0.12 0.08

Case 3

SENS 1.00 0.98 1.00 0.98 1.00 0.98 1.00 0.98 0.98 0.77

SPEC 0.34 0.73 0.34 0.72 0.43 0.80 0.42 0.79 0.10 0.86

MSEnon−null 1.04 0.52 1.03 0.55 1.21 0.51 1.19 0.55 3.30 2.02

MSEnull 1.08 1.47 1.11 1.44 0.87 1.23 0.91 1.18 29.70 1.09

Case 4

SENS 0.95 0.90 0.95 0.90 0.95 0.89 0.95 0.90 0.94 0.77

SPEC 0.39 0.75 0.38 0.75 0.48 0.81 0.47 0.81 0.17 0.95

MSEnon−null 1.21 0.93 1.19 0.90 1.31 0.97 1.29 0.93 2.28 2.46

MSEnull 0.95 1.31 0.99 1.25 0.78 1.16 0.82 1.08 6.75 0.39
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Table S5: Sensitivity (SENS), specificity (SPEC), MSE for non-null coefficients

(MSEnon−null), and MSE for null coefficients (MSEnull) for simulation Cases 1-4 with

50 imputed datasets. Cases 1 and 2 have 500 observations with 20 covariates, while Cases

3 and 4 have 1000 observations with 100 covariates. Cases 1 and 3 correspond to con-

centrated signals and Cases 2 and 4 correspond to distributed signals. For each measure,

SLASSO is used as the benchmark and the ratio to SLASSO is presented.

SLASSO SaLASSO SENET SaENET
SLASSO

(w)

SaLASSO

(w)

SENET

(w)

SaENET

(w)
GLASSO GaLASSO

Case 1

SENS 1.00 1.00 1.00 1.00 1.00 0.99 1.00 0.99 0.98 0.94

SPEC 1.00 1.74 0.99 1.74 1.02 1.75 1.02 1.74 0.91 1.83

MSEnon−null 1.00 0.57 0.99 0.56 1.05 0.57 1.04 0.55 1.50 1.00

MSEnull 1.00 0.58 1.01 0.61 1.10 0.60 1.11 0.66 0.70 0.32

Case 2

SENS 1.00 0.93 1.00 0.93 1.00 0.92 1.00 0.93 0.96 0.82

SPEC 1.00 1.65 0.99 1.64 1.03 1.66 1.02 1.65 0.99 1.72

MSEnon−null 1.00 0.84 0.99 0.82 1.04 0.87 1.02 0.83 1.52 1.39

MSEnull 1.00 0.69 1.02 0.71 1.06 0.67 1.08 0.74 0.66 0.45

Case 3

SENS 1.00 0.99 1.00 0.99 1.00 0.98 1.00 0.98 0.98 0.77

SPEC 1.00 2.14 0.99 2.12 1.26 2.33 1.24 2.32 0.30 2.51

MSEnon−null 1.00 0.50 0.99 0.53 1.16 0.48 1.14 0.52 3.16 1.94

MSEnull 1.00 1.36 1.02 1.33 0.81 1.13 0.84 1.09 27.42 1.01

Case 4

SENS 1.00 0.95 1.00 0.96 1.00 0.94 1.00 0.95 1.00 0.81

SPEC 1.00 1.95 0.98 1.95 1.24 2.11 1.21 2.11 0.43 2.46

MSEnon−null 1.00 0.77 0.99 0.74 1.08 0.80 1.06 0.77 1.89 2.03

MSEnull 1.00 1.38 1.04 1.32 0.82 1.22 0.87 1.13 7.11 0.42
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Figure S2: Simulation results for Case 1 (top panel) and Case 2 (bottom panel) where

n=500 and p=20 for 10 imputed datasets. Sensitivity (SENS) and specificity (SPEC) are

on the left and MSE for non-null and null coefficients are on the right.
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Figure S3: Simulation results for Case 3 (top panel) and Case 4 (bottom panel) where

n=1000 and p=100 for 10 imputed datasets. Sensitivity (SENS) and specificity (SPEC)

are on the left and MSE for non-null and null coefficients are on the right.
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Table S6: Sensitivity (SENS), specificity (SPEC), MSE for non-null coefficients

(MSEnon−null), and MSE for null coefficients (MSEnull) for simulation Cases 1-4 with

10 imputed datasets. Cases 1 and 2 have 500 observations with 20 covariates, while Cases

3 and 4 have 1000 observations with 100 covariates. Cases 1 and 3 correspond to concen-

trated signals and Cases 2 and 4 correspond to distributed signals.

SLASSO SaLASSO SENET SaENET
SLASSO

(w)

SaLASSO

(w)

SENET

(w)

SaENET

(w)
GLASSO GaLASSO

Case 1

SENS 1.00 0.99 1.00 0.99 1.00 0.98 1.00 0.99 0.98 0.94

SPEC 0.54 0.94 0.53 0.94 0.55 0.94 0.54 0.94 0.51 0.97

MSEnon−null 1.54 0.84 1.53 0.85 1.61 0.84 1.60 0.85 2.29 1.43

MSEnull 0.21 0.14 0.21 0.13 0.22 0.14 0.23 0.13 0.15 0.08

Case 2

SENS 0.98 0.91 0.98 0.91 0.98 0.90 0.98 0.90 0.95 0.81

SPEC 0.56 0.95 0.56 0.94 0.58 0.95 0.57 0.95 0.58 0.98

MSEnon−null 1.79 1.51 1.78 1.50 1.84 1.55 1.82 1.54 2.68 2.44

MSEnull 0.19 0.14 0.19 0.14 0.20 0.14 0.20 0.14 0.13 0.09

Case 3

SENS 1.00 0.98 1.00 0.98 1.00 0.98 1.00 0.98 0.98 0.85

SPEC 0.34 0.73 0.34 0.72 0.43 0.79 0.42 0.79 0.11 0.76

MSEnon−null 1.07 0.55 1.05 0.56 1.22 0.54 1.20 0.55 4.09 1.54

MSEnull 1.22 1.68 1.26 1.64 0.99 1.41 1.05 1.37 42.27 3.19

Case 4

SENS 0.94 0.90 0.95 0.90 0.94 0.89 0.94 0.90 0.95 0.81

SPEC 0.40 0.76 0.38 0.76 0.48 0.82 0.47 0.82 0.20 0.90

MSEnon−null 1.26 0.98 1.24 0.96 1.35 1.02 1.32 0.97 3.53 2.08

MSEnull 1.00 1.42 1.06 1.36 0.80 1.23 0.87 1.16 14.87 1.01
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Table S7: Sensitivity (SENS), specificity (SPEC), MSE for non-null coefficients

(MSEnon−null), and MSE for null coefficients (MSEnull) for simulation Cases 1-4 with

10 imputed datasets. Cases 1 and 2 have 500 observations with 20 covariates, while Cases

3 and 4 have 1000 observations with 100 covariates. Cases 1 and 3 correspond to con-

centrated signals and Cases 2 and 4 correspond to distributed signals. For each measure,

SLASSO is used as the benchmark and the ratio to SLASSO is presented.

SLASSO SaLASSO SENET SaENET
SLASSO

(w)

SaLASSO

(w)

SENET

(w)

SaENET

(w)
GLASSO GaLASSO

Case 1

SENS 1.00 0.99 1.00 0.99 1.00 0.98 1.00 0.99 0.98 0.94

SPEC 1.00 1.75 0.99 1.75 1.02 1.76 1.01 1.75 0.94 1.80

MSEnon−null 1.00 0.55 0.99 0.55 1.04 0.55 1.03 0.55 1.49 0.93

MSEnull 1.00 0.64 1.01 0.64 1.07 0.65 1.10 0.64 0.71 0.40

Case 2

SENS 1.00 0.92 1.00 0.92 1.00 0.91 1.00 0.92 0.97 0.82

SPEC 1.00 1.67 0.99 1.67 1.02 1.68 1.01 1.68 1.03 1.73

MSEnon−null 1.00 0.84 0.99 0.84 1.03 0.86 1.01 0.86 1.49 1.36

MSEnull 1.00 0.75 1.02 0.73 1.05 0.71 1.07 0.72 0.66 0.48

Case 3

SENS 1.00 0.98 1.00 0.99 1.00 0.98 1.00 0.98 0.98 0.85

SPEC 1.00 2.12 0.99 2.11 1.24 2.30 1.22 2.30 0.33 2.22

MSEnonnull 1.00 0.52 0.99 0.52 1.14 0.50 1.12 0.52 3.83 1.44

MSEnull 1.00 1.38 1.03 1.34 0.81 1.16 0.86 1.12 34.62 2.61

Case 4

SENS 1.00 0.95 1.00 0.96 1.00 0.94 1.00 0.95 1.00 0.86

SPEC 1.00 1.92 0.97 1.91 1.23 2.07 1.19 2.07 0.50 2.27

MSEnonnull 1.00 0.78 0.98 0.76 1.08 0.81 1.05 0.77 2.81 1.66

MSEnull 1.00 1.41 1.05 1.36 0.80 1.22 0.86 1.15 14.80 1.00
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