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Abstract

Lack of replication on findings and missing heritability are two of the major challenges in Pharmacogenetics (PGx) studies related

to developing predictive models for common disease prognosis and drug response. Recent innovations in statistical procedures and

methodologies may help us understand and meet these challenges. We aimed using simulation based approaches with different

prediction algorithms to compare their predictive accuracy. In our first simulation study, we compared four 1- step and one 2-step

models built with five different approaches: Elastic Net (EN), Genome-wide Association Study (GWAS) + EN, Principal Component
Regression (PCR), Random Forest (RF) and Support Vector Machine (SVM). The results showed that EN has the smallest test mean

squared error (MSE), highest sensitivity and causal %. In the second simulation, we compared three 2-step approaches, GWAS+EN,
GWAS+RF and GWAS+SVM. The GWAS+RF has the smallest test MSE and the best accuracy in picking up the seeded causal SNP vari-
ants. In the third simulation study, we compared two cross validation procedures: GWAS +EN vs. modified learn and confirm cross
validation GWAS +EN (Modified CV GWAS+EN). The results showed that the latter approach has better prediction accuracy at the

expense of a huge computational resource.

Keywords: Heritability; Sensitivity; SNPs

Introduction

Over the last decade, many new single nucleotide polymor-
phisms (SNPs) and SNP-harboring genomic regions have been
identified with clinical importance by Genome-Wide Association
Studies (GWAS). These variants may be used as biomarkers predic-
tive of disease susceptibility or treatment response. Thus the pre-
dictive markers of genomics have been the integrated part of preci-
sion medicine. The concept of precision medicine has already been
practiced in infectious diseases and oncology areas for years [1].
However, the identification of the core elements of precision medi-
cine, pharmacogenomics signatures of disease/patient subset or
response remains elusive in general. Lack of replication on findings
and missing heritability [2-8] are two of the major challenges and
implementation barriers to the application of pharmacogenom-
ics findings in clinical practice such as building disease prognosis
algorithm or response prediction models for common diseases,
which are usually implicated by many genes with small effect at
single gene level. Over the decade the exponential fall in the cost of

genome-wide sequencing has led to the broad use of GWAS that can

simultaneously examine genome-wide features instead of the tra-
ditional candidate gene approach, where the lead hits were found
almost always false positive and only 2-6% of these leads can be
replicated [9]. Thus one of the major goals in pharmacogenomics
study is to detect a real correlation signal among SNPs that truly
define drug response phenotype, ultimately leading the translation

of this correlation information to benefit patients.

To build up a predictive model from genomic SNP data, it usually
involves two steps/stages. First step is to scan and rank top SNPs to
a manageable size through dimension reduction. Prior to a second
step that involves predictive model building and subgroup identifi-
cation [10], this step is usually done by a simple logistic regression
or a trend test for a binary response, such as responder/non re-
sponder to a drug treatment or presence/absence of adverse event
of special interest; or a generalized liner model for a continuous re-
sponse, such as change from baseline for an efficacy measurement..
This first step is usually called feature selection. It may also be done

in a modified tiered approach. This approach includes prioritized
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feature selection on the 1st tier of pre-specified SNPs within genes
of functional interest due to existing evidence and then followed by
feature selection on the other 2nd tier SNPs. It is of more biologi-
cal relevance for the SNPs identified from the targeted functional
genes (tier 1) than the ones from the hypothesis-free GWAS (tier 2)
to build the predictive model signatures.

There are different statistical and machine leaning methods
for GWAS feature selection and predictive modeling. Cosgun,, et al.
(2011) applied three machine learning approaches: Random For-
est Regression (RFR), Boosted Regression Tree (BRT) and Support
Vector Regression (SVR) to the prediction of warfarin maintenance
dose in a cohort of African Americans [11]. They showed that even
though all three methods achieved better performance than the
previously published reports, RFR had the best accuracy. Some
PGx studies were retrospective and the collected and tested sam-
ples are often not from random sampling from the original clinical
study. Therefore it is very difficult to use molecular biomarkers to
interpret the clinical findings. The idea of cross validation and re-
sampling strategy has been used in the PGx data analysis with dif-
ferent strategies. In addition, some statistical and machine learning
methods have evolved for data analysis in PGx studies in GWAS and
predictive model building [11-18].

With the development of innovative genomic test platforms,
millions of SNP data across the genome are now readily available
for association analysis. When the number of SNPs is very large,
dimension reduction is inevitable before model building with man-
ageable SNPs. A 2-stage approach is often the method of choice.
Innovations in statistical procedures and methodologies can be
very helpful to understand and meet those challenges in predic-
tive model building. The objectives of the current study are to
compare these new procedures and methods with three simula-
tion themes used. In the first simulation theme, we compared five
approaches: 1-step Elastic Net (EN), 2-step genome-wide associa-
tion study (GWAS) + EN, 1-step Principal Component Regression
(PCR), 1-step Random Forest (RF) and 1-step Support Vector Ma-
chine (SVM). For the second simulation theme, we compared three
2-step procedures, GWAS+EN, GWAS+RF and GWAS+SVM. In the
third simulation theme, we compared two cross validation ap-
proaches: GWAS+EN and a modified learn and confirm cross vali-
dated GWAS+EN (i.e. Modified CV GWAS+EN).

Materials and Methods
Introduction to the statistical methods

Univariate association analysis

In all 2-step approaches in this study, the first step (stage) will
use a univariate GLM association analysis to select for the top SNPs

in Genome-wide association study (GWAS).

y=Bjxj+ej=1, 2,..M
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The null-hypnosis test for HO: 3j=0. We order SNPs by their P-
Values and only pick SNPs that pass the genome-wide significance
level. We pick the top SNPs for the step (stage) two model building

analysis. The GWAS is also could be used as a pre-screening step.

Elastic net (EN)

In the fitting of linear or logistic regression models, the elastic
net is a regularized regression method that linearly combines the
L1 and L2 penalties of the lasso and ridge methods [19]. The EN
method has been used in both one and two step procedures. The
decorrelation step leads to grouping effect and better prediction

accuracy [19]. In addition, the decorrelation makes M>N possible.

The hyper-parameters associated with L1 and L2 penalties are
trained using a Five-fold cross validation external to the predictive
model building process to avoid potential bias in estimated test er-
rors [20]. In the one step approach, we directly apply EN on all M
SNPs and building predictive model.

EN has been used in both one and two step simulations.

Random forest (RF)

The Random Forest is a group of trees based on bootstrapped
datasets [21]. The RF method has been used in both one and two
step simulations. For B identically distributed variables (each with
variance o?) with pair-wise correlation p. Variance of average =
po? + (1- p)o?/B. Reduce p without increasing 6% too much. At each
split, select a subset of features at random as candidates for split-
ting. Out of bag (O0B) error for each tree is computed based on

samples not used in the bootstrapped dataset.

Generate variable importance list for all SNPs (generated only
once). Iteratively fit RF, each time building a new forest after dis-
carding lowest 30% of the SNPs used in the previous iteration,
0OB error is computed for each iteration. Final prediction model is
picked with the smallest number of SNPs whose Out-of-bag (OOB)
error is within 1 standard error of the smallest OOB error of all

forests.

RF has been used in both one and two step simulations.

Principal component regression (PCR)

In principal components regression (PCR), we use principal
components analysis (PCA) to decompose the independent (x)
variables into an orthogonal basis (the principal components), and
select a subset of those components as the variables to predict y
[22]. PCR method was only used in the one step analysis in the first
simulation. Principal components (PC) are linear combinations of
the SNPs. The 1% PC captures the most variance in X matrix. The
top PCs would capture the majority of information in the data. Also,
only top 3000 SNPs ranked by p-value are in the PCR method.
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In the one step PCR approach, we apply PCA on all M SNPs and
pick the top k PCs. We then use the k PCs for prediction. PCR is only

evaluated in one step approach.

Support vector machine (SVM)

In machine learning, support vector machines (SVMs) are su-
pervised learning models with associated learning algorithms that
analyze data used for classification and regression analysis [23].
SVM Ignores observations with residual errors less than a certain

value €.

The bigger the {3 is the more important this feature (SNP) is.

Compute {3 for each SNP, and order them by 3 (Order only once).
Iteratively fit SVM each time building a new SVM after discarding
lowest 10% of the SNPs used in the previous iteration. A 5-fold CV
is used to get a CV error for each iteration. Final prediction model is
picked with the smallest number of SNPs whose CV error is within

1 standard error of the smallest CV error of all SVM.

SVM has been used in both one and two step simulations.

Cross validation

A cross validation procedure was used in our simulation. In the
model building process, we have one sample of individuals (train-
ing sample) to “learn” the prediction model. We can use another in-
dependent sample of individuals (testing sample) to evaluate how
well the prediction power (test error) is for our prediction model.
Cross validation (CV) can be used to estimate the test error using
the training sample. It’s just a technique to assess the prediction
performance, we still use the entire training sample to train your

prediction model and we do not waste any data.

A fivefold cross validation has been used in all simulations in
this study. In our first and second simulations, we had following

cross validation chart (Figure 1).

Figure 1: Standard cross validation flow chart.
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Simulation one: one and two step comparisons

In our first simulation study, we compared five approaches:
One step elastic net (EN), 2-step genome-wide association study
(GWAS) + EN, one step principal component regression (PCR),
one step random forest (RF) and one step support vector machine
(SVM). In all one step approaches, the EN, PCR, RF and SVM are di-
rectly used in both feature selection and predictive model building

on all SNP variants.

Settings for simulation one

In our first simulation, to take into account the original LD
structure, we used a subset of the real whole genome data and only
extracted the SNPs on Chr 1 (9,968 SNPs after QC from the Illumina
Human Omni5Exome array (with ~ 4 million SNPs before QC) on
535 patients). We randomly select 5 SNPs as associated variants
and use them to generate the phenotype:
y=Bx+ B,x,+ B.x, + B,x,+ B.x.+e

e ~N(0, 6?)

The simulation has 300 for training and 235 for testing. Origi-
nal LD structure is maintained. MAF for the causal variants:
5%,7%,8%,9% and16%. Base model: 5 associated variants togeth-
er explain 20% of total variance. Top SNPs selected from GWAS
(p)=100. Top PCs selected (k) = 25 to account for more than 99%
of total original variance. A 5 fold CV used to estimate the test error

using training sample and 250 replicated data sets are generated.

Simulation Two: 2-step strategy comparisons

The second simulation compared three procedures, GWAS+EN,
GWAS+RF and GWAS+SVM. The following settings are used.

Settings for simulation two and simulation three

Number of total genotyped SNPs (M) = 10,000. Number of caus-
al variants (m) = 5, all with MAF=0.165. The coefficients for causal
variants are 0.5,0.75,1,1.25,1.5 each and together explain 20% to-
tal variance. The remaining null markers are generated with MAF
following a uniform distribution U (0.1, 0.4). Training sample size
= Testing sample size = 300. Top SNPs selected from GWAS = 100.
Select top 10 PCs for PCR. Iteratively fit Random Forest, each time
building a new forest after discarding lowest 30%. Iteratively fit
SVM, each time building a new SVM after discarding lowest 10%.
There are 250 replicated data sets are generated and a 5 fold CV
applied. These settings have also been used in simulation three.

Simulation three: additional cross validation considerations

A more sophisticated “learn and confirm” strategy was com-
pared in simulation three. The purpose is finding a better way to
conduct cross validation by having an extra validation (confirm)
on the top SNPs already identified from the first step GWAS (learn),
before a second step EN on model building. We considered two
cross validation approaches. 1. GWAS+EN (as shown in the figure
1) and 2. A modified CV GWAS+EN. We used cross validation along
with GWAS to stable the feature selection for the top variants (Fig-
ure 2).
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Figure 2: Modified cross validation flow chart.

Results and Discussion
Results and discussion for simulation one

As shown in table 1, the comparison of the five approaches iden-
tified that the 1-step EN had the smallest test MSE (4.49) and the
highest percent associated with the causal variants (0.14). How-
ever it also came up with a relatively higher training error (3.51).
SVM had the highest sensitivity (0.74) and the smallest training er-
ror (0.04). Random forest approach had the second smallest test
MSE (4.78). In addition, it had the second highest causal % (0.09).
The 2-step approach (GWAS + CN) had the second highest sensitiv-
ity (0.64). The training error was biasedly down warded (underes-
timated) for SVM (0.04).
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in this model was on average 66.4% for RFR, 57.8% for SVR and
56.9% for BRT. Thus RFR had the best accuracy. Our results were
consistent with Cosgun’s study and had confirmed that RF is one of
the better methods in prediction model building.

Summary for simulation one

When the phenotype-genotype model is generated by a linear
model: EN and RF had better prediction accuracy than GWAS + EN.
GWAS+EN approach may preferentially select in associated vari-
ants with the price of bringing more noise than EN. The training
error was biasedly downwarded (underestimated) for SVM. The

cross validation error was a good estimate of the true test error.

Results and discussion for simulation two

Table 2 showed the results from the second simulation. A new
measurement, “no.diff ” was introduced, where it means percent
number of selected SNPs in final set- number of causal variants. A
smaller number means a more accurate method. Our results sug-
gested that GWAS+RF had the smallest test MSE (7.51). This results
again confirmed findings from Cosgun., et al. [11] and even in the
2-step model building procedure, GWAS+RF had better accuracy

than other methods.

Procedure | Test MSE | Sensitivity | Causal% | Training error
GWAS+EN 8.78 0.65 0.04 1.39
GWAS+RF 7.51 0.52 0.09 1.00
GWAS+SVM | 10.02 0.48 0.05 2.00

Approaches | Test MSE |Sensitivity | Causal % Tl::‘i::)i:g
EN 4.49 0.61 0.14 3.51
GWAS+EN 5.55 0.64 0.04 1.30
PCR 5.29 NA NA 4.45
RF 4.78 0.51 0.09 0.73
SVM 5.41 0.74 0.01 0.04

Table 1: Results of simulation one.
Test MSE: Mean squared error on the testing sample.
Sensitivity: Number of causal SNPs in the final set /5.

Causal %: Number of associated SNPs in the final set/ Number of
SNPs in the final set.

Training error: Prediction error on training sample.

In Simulation One, with manageable number of SNP variants (<
10,000) and sample size (535), 1-step methods, especially the EN
and RF showed some advantages over the rest of the other meth-

ods.

Cosgun,, et al. [11] applied three machine learning approaches:
Random Forest Regression (RFR), Boosted Regression Tree (BRT)
and Support Vector Regression (SVR) to the prediction of warfarin
maintenance dose in a cohort of African Americans [11] and found

R2 between the predicted and actual square root of warfarin dose

Table 2: Results of simulation two on two stage approaches.
Test MSE: Mean squared error on testing sample.
Sensitivity: Number of causal SNPs in final set/number of causal
SNPs.

Causal%: Number of causal SNPs in final set/number of selected
SNPs in final set.

Training error: Prediction error on training sample.

Summary for simulation two
GWAS + Random Forest gives the best prediction accuracy
among all 2-step strategies. GWAS + Random Forest tends to select

in fewer number of SNPs with higher accuracy than the others.

Results and discussion on simulation three

The results of three procedure comparisons GWAS + EN and
Modified CV GWAS + EN are shown in Table 3.

The results of the simulation in Table 3 showed that the Modi-
fied CV GWAS + EN have better prediction accuracy than GWAS +
EN (MSE of 8.12 vs 8.79), and modest training error as well (3.1 vs
1.42) ). Nevertheless, it came with huge computational cost. GWAS
+ EN had higher sensitivity than Modified CV GWAS + EN (0.66 vs
0.51).

The GWAS+EN procedure was a standard one (as shown in the
Figure 1). The difference for the Modified CV GWAS+EN was that
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Procedure | Test MSE | Sensitivity | Causal % | Training error
GWAS+EN 8.79 0.66 0.04 1.42
Modified CV
GWAS+EN 8.12 0.51 0.04 3.10

Table 3: Results of simulation three on different cross validation
considerations.

Test MSE: Mean squared error on testing sample.
Sensitivity: Number of causal SNPs in final set/number of causal
SNPs.

Causal%: Number of causal SNPs in final set/number of selected
SNPs in final set.

Training error: Prediction error on training sample.

we used a “learn and confirm” cross validation procedure along
with GWAS to stable the feature selection for the top variants (Fig-
ure 2). The “learn and confirm” procedure was with an additional
confirmation step on the selected top ranked SNPs in a different
data set before building up the models. This strategy would be very
similar to the model building procedure by Shigemizu., et al. (2014)
with real type 2 diabetes data [12], in which an extra validation on
the top identified SNPs was implemented before predictive model
building. We recommend this procedure as it came with the best
accuracy and gave additional stability and accuracy on the SNPs for
the predictive model building.

Summary for the simulation three

Modified CV GWAS + EN had better prediction accuracy than
GWAS + EN, but it came at huge computational cost. GWAS +EN had
higher sensitivity than Modified CV GWAS + EN.

Conclusion

When the phenotype-genotype model is generated by a linear
model:

1. One step EN has better prediction accuracy than GWAS +

EN, with a manageable number of SNPs.

2. GWAS+EN is more likely to select in associated variants at

the expense of selecting more noise than EN.

3. GWAS + Random Forest gives best prediction accuracy

among all 2-step strategies.

4. Modified CV GWAS + EN (learn and confirm) has better pre-
diction accuracy than GWAS + EN, with the burden of huge
computational cost.
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