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Abstract
A massive amount of biological data generates a high volume of information. However, high-dimensional and noisy data also present significant challenges

for data analysis, particularly in pattern classification. Many large-margin classification methods follow a regularization framework with the 'loss + penalty'

structure. By incorporating LASSO or elastic-net penalties, we may perform classification and variable selection simultaneously. Most large margin methods

rely on convex loss functions, which are computationally advantageous but provide poor approximations of the 0-1 loss due to their unbounded nature. In

contrast,  non-convex  loss  functions  offer  better  approximations  and  greater  robustness  to  outliers.  We  propose  the  sparse  ramp  discrimination  (SRD)

method, which integrates the non-convex smoothed ramp loss function with the elastic-net penalty. We apply the difference of the convex (d.c.) algorithm

to efficiently solve the non-convex optimization problem through a sequence of convex subproblems. The robustness of SRD makes it well-suited for noisy,

high-dimensional  biological  data.  The  performance of  the  proposed SRD is  illustrated through simulation studies  and on a  colon cancer  involving high

throughput biological datasets.
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Introduction

The  rapid  advancement  of  high  throughput  technologies  has
enabled  the  collection  of  diverse  omics  data  generated  through
whole genome tiling arrays,  mass  spectrometry,  and more recently
next-generation  sequencing  platforms.  While  these  massive  data
provide  us  with  vast  information,  they  also  pose  significant  chal-
lenges for data analysis.  One major issue is the high dimensionality
of  the  data—for  instance,  microarray  gene  expression  data  can
measure tens of thousands of genes simultaneously—coupled with
the typically small sample sizes. This 'curse of dimensionality' makes
it  difficult  to  accurately  estimate  model  parameters.  Additionally,
the  inherent  noise  in  biological  data  and  the  uncertainty  in  the
target  response  often  lead  to  overfitting,  further  complicating-
analysis.

Classification  plays  a  pivotal  role  in  biomedical  and  bioinformat-
ics research[1,2].  It  involves learning a function from training data to
predict  the  class  label  of  any  valid  input  covariates.  The  support
vector  machine  (SVM)  is  one  of  the  commonly  used  classification
methods[3−5].  However,  SVMs  cannot  perform  variable  selection
simultaneously,  which  is  essential  for  analyzing  high-dimensional
data. Zhu et al.[6] proposed the ℓ1-norm SVM, which incorporates the
LASSO  penalty[7] for  automatic  variable  selection.  Wang  et  al.[8]

applied  the  elastic-net  penalty[9] to  SVMs  for  variable  selection  on
high dimensional  data.  The elastic-net  penalty  exhibits  a  'grouping
effect', which tends to select or remove highly correlated covariates
together.

Many  large  margin  classification  algorithms,  including  SVMs,  are
in  the  regularization  framework,  typically  following  the  'loss  +
penalty'  format.  In  addition to  the  LASSO and elastic-net  penalties,
other penalties, such as ℓ1/2

[10] and SCAD[11], have also been applied
to pattern classification in high-throughput biological data analysis.

In  this  work,  we  focus  on  the  loss  function.  For  binary  classifica-
tion problems, the most straightforward loss function is the 0-1 loss.

However,  it  is  well  known  that  minimizing  the  0-1  loss  is  NP-hard.
As  a  result,  surrogate  loss  functions  are  commonly  used  instead.
Generally, loss functions can be categorized into two types: convex
and non-convex.

Convex  loss  functions,  such  as  the  hinge  loss  used  in  SVMs,  are
computationally  advantageous  due to  the  convexity.  However,  the
unbounded  property  of  the  convex  function  often  leads  to  poor
approximations  to  the  0-1  loss  function.  To  address  this  limitation,
various  non-convex  loss  functions  have  been  proposed,  including
the Ψ loss[12],  the  ramp  loss[13,14],  and  the  sigmoid  loss[15,16].  Non-
convex loss functions, such as the ramp loss, are particularly robust
to  outliers[14].  In  contrast,  convex  loss  functions  can be  sensitive  to
outliers, making the corresponding classifiers prone to being domi-
nated by outliers.

The  robustness  of  non-convex  loss  functions  makes  them  well-
suited  for  handling  noisy,  high  dimensional  biological  data.
However,  non-convex  optimization  poses  significant  challenges.  In
this work, we use a smoothed version of the ramp loss function, and
propose  applying  the  difference  of  convex  (d.c.)  algorithm  to  effi-
ciently  solve  the  non-convex  optimization  problem  through  a
sequence of convex subproblems. We refer to the proposed method
as Sparse Ramp Discrimination (SRD). 

Methods
 

Large margin classification

∈

Consider n training  data  pairs:  {(xi,  yi), i =  1,  ...  ,n},  where  xi is  a
d-dimensional  covariate  vector  representing  the i'  th  sample,  and
yi {1, −1} is the corresponding class label. The linear decision func-
tion is described as:

f (x) = xTβ+β0

where, β = (β1,  ..., βd)T,  and β0 is a scalar. The decision function divides
the covariate space into two regions based on the sign of f(x).
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Many  large  margin  classification  methods,  such  as  SVMs,  fall  in
the  regularization  framework,  where  the  objective  function  is
constructed in the form of 'loss + penalty' as follows:

1
n

n∑
i=1

L (yi f (xi))+
d∑

j=1

pλ
(
β j

)
(1)

L (r) = I (r < 0)
I (·)

pλ (β) =
λ

2
β2

where, L(·)  is  a  loss  function  and pλ(·)  is  a  penalty  function  with
regularization  parameters λ.  For  binary  classification  problems,  the
most  straightforward  loss  function  is  the  0-1  loss ,
where  is  the  indicator  function.  The  well-known  SVMs  use  the

hinge  loss, L(r)  =  max(1−r,  0),  and  the  ridge  penalty, .

Although  SVMs  are  widely  applied  in  bioinformatics  for  high-
dimensional  data  analysis,  they  do  not  support  automatic  variable
selection.  Traditional  variable  selection  methods,  such  as  recursive
feature  elimination  (SVM-RFE)[5,17],  are  computationally  intensive  and
often lack stability[18].

pλ (β) = λ |β|
Zhu  et  al.[6] proposed  the ℓ1-norm  SVM,  which  uses  the  LASSO

penalty, [7] for  automatic  variable  selection.  However,
the  LASSO  penalty  has  two  notable  limitations:  (1)  the  number  of
selected  variables  is  constrained  by  the  sample  size;  (2)  the  LASSO
penalty tends to select only one or a few highly correlated variables.
To  address  these  issues,  Wang  et  al.[8] applied  the  elastic-net
penalty[9], defined as:

pλ1,λ2 (β) = λ1 |β|+
λ2

2
β2 (2)

where, λ1, λ2 ≥ 0 are regularization parameters. The elastic-net penalty
represents  an  important  generalization  of  the  LASSO  penalty.  As  a
hybrid of the LASSO and ridge penalties, the elastic-net penalty retains
the  variable  selection  feature  of  LASSO  while  introducing  a  grouping
effect, a characteristic of the ridge penalty. This grouping effect ensures
that  highly  correlated  variables  are  likely  to  be  selected  or  removed
together, resulting in similar estimated coefficients for such variables. 

Sparse ramp discrimination
The  loss  functions  in  Eqn  (1)  can  be  categorized  into  two  types:

convex and non-convex. An example of a convex loss function is the
hinge  loss  used  in  SVMs.  It  serves  as  a  convex  upper  bound  of  the
0-1  loss  function.  The  convexity  makes  the  optimization  algorithm
computationally  efficient.  However,  the  unbounded  nature  of
convex  loss  functions  often  results  in  a  poor  approximation  of  the
0-1 loss.

On  the  other  side,  non-convex  loss  functions,  such  as  the  ramp
loss[14],  provide  better  approximations  to  the  0-1  loss.  It  is  well
known  that  by  truncating  the  unbounded  hinge  loss,  ramp  loss-
related methods have been shown to be robust to outliers in train-
ing  data  for  classification  problems[14].  The  robustness  makes  non-
convex  loss  functions  suitable  for  handling noisy  high dimensional
biological  data.  However,  the non-convex optimization is  challeng-
ing, which often limits their practice application. Here we consider a
novel non-convex loss function:

T (r) =


0 if r ≥ 1,
(1− r)2 if 0 ≤ r < 1,
2− (1+ r)2 if −1 ≤ r < 0,
2 if r < −1.

We refer to this as the smoothed ramp loss in this article. Figure 1
illustrates the hinge loss,  ramp loss,  and smoothed ramp loss  func-
tions. Unlike the ramp loss, the smoothed ramp loss is differentiable
everywhere,  providing  computational  advantages  for  optimization.
Moreover,  similar  to  the  ramp loss,  the  smoothed ramp loss  is  also
robust to outliers.

In  this  work,  we  integrate  the  smoothed  ramp  loss  with  the
elastic-net penalty into the regularization framework in Eqn (1), and
propose a novel method called sparse ramp discrimination (SRD):

min
β,β0

1
n

n∑
i=1

T
(
yi

(
xT

i β+β0

))
+

d∑
j=1

(
λ1

∣∣∣β j

∣∣∣+ λ2

2
β2

j

)
(3)

Here  we  only  present  a  case  where  all  covariates  are  penalized
using the same parameters λ1 and λ2. In practice, different values of
λ1's or λ2's can be assigned to individual covariates.

Note that T(·)  is  Lipschitz continuous with a Lipschitz constant of
2.  According to Theorem 1 in  Wang et  al.[8],  SRD has the grouping
effect. For the sake of completeness, we restate the theorem for SRD
in this article.

β̂ β̂0Theorem  1. Let  and  denote  the  solution  for  (3).  For  any  pair
(j, j'), we have ∣∣∣β̂ j− β̂ j′

∣∣∣ ≤ 2
λ2

n∑
i=1

∣∣∣xi j− xi j′
∣∣∣

Furthermore,  if  the  input  covariates x.j =  (x1j,  ..., xnj)T and x.j' =
(x1j', ..., xnj')T are centered and normalized, then∣∣∣β̂ j− β̂ j′

∣∣∣ ≤ 2
√

n
λ2

√
2(1−ρ)

Theorem  1 demonstrates  that  highly  correlated  covariates  tend
to  have  similar  estimated  coefficients.  As  a  result,  they  are  more
likely  to  be  selected  or  removed  together,  particularly  when λ2 is
large. 

Algorithm
The  smoothed  ramp  loss  is  a  non-convex  loss  function,  which

makes the optimization problem in Eqn (3) a non-convex minimiza-
tion task. Similar to the robust truncated hinge loss SVM[14], we solve
the  non-convex  minimization  problem  using  the  d.c.  algorithm[19],
also  known  as  the  Concave-Convex  Procedure  (CCCP)  in  the
machine  learning  community[20].  This  approach  assumes  that  the
objective  function  can  be  expressed  as  the  sum  of  a  convex  com-
ponent, Qvex(Θ),  and  a  concave  component, Qcav(Θ).  As  outlined
in Algorithm  1,  the  d.c.  algorithm  solves  the  non-convex  optimiza-
tion problem by minimizing a sequence of convex subproblems.
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Fig.  1    (a)  Hinge  loss,  (b)  ramp  loss,  and  (c)  smoothed  ramp  loss
functions.  (d)  Shows  the  difference  of  convex  decomposition  of  the
smoothed ramp loss, T(r) = ϕ(r) − φ(r).
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Let

ϕ (r) =


0 ifr ≥ 1,
(1− r)2 if 0 ≤ r < 1,
1−2r if r < 0;

and φ (r) =


0 if r ≥ 0,
r2 if −1 ≤ r < 0,
−1−2r if r < −1.

Note  that  both φ(·)  and ϕ(·)  are  smooth  and  convex.  We  have  a
difference-of-convex decomposition of the smoothed ramp loss,

T (r) = ϕ (r)−φ (r) (4)
as  illustrated  in Fig.  1d.  Denote Θ as  (β, β0).  Applying  Eqn  (4),  the
objective function in Eqn (3) can be decomposed as:

Qs(Θ) =
1
n

n∑
i=1

ϕ(ri)+
d∑

j=1

(
λ1|β j|+

λ2

2
β2

j

)
︸                                   ︷︷                                   ︸

Qvex(Θ)

− 1
n

n∑
i=1

φ(ri)︸      ︷︷      ︸
Qcav(Θ)

ri = yi

(
xT

i β+β0

)
where,  the  margin .  To  simplify,  we  introduce  the

notation,

κi =
∂Qcav

∂ri
= −1

n
dφ (ri)

dri
(5)

for i =  1,  ..., n.  Thus,  the convex subproblem at  the (t +  1)'th  iteration
of the d.c. algorithm is:

min
β,β0

1
n

n∑
i=1

ϕ (ri)+
n∑

i=1

κ(t)i ri+

d∑
j=1

(
λ1

∣∣∣β j

∣∣∣+ λ2

2
β2

j

)
(6)

It  is  popular  to  use  coordinate  descent  methods  to  solve  such
optimization  problems[21,22].  However,  under  some  circumstances,
coordinate descent methods may suffer from slow convergence. In this
work, we apply the General Iterative Shrinkage and Thresholding (GIST)
algorithm[23].  GIST  updates  all  coordinates  simultaneously  through
gradient descent and a thresholding rule, and it is easy to implement.
We  do  not  delve  into  the  details  of  GIST  in  this  article.  Interested
readers may refer to Gong et al.[23]. The SRD procedure is summarized
in the following algorithm:

The  algorithm  is  not  limited  to  the  smoothed  ramp  loss.  It  is
applicable  to  a  broader  class  of  smooth  non-convex  loss  functions
that can be similarly expressed using a difference-of-convex decom-
position, as shown in Eqn (4). For instance, the logistic sigmoid loss
function[16], s(r)  = 1/{1+ exp(r)},  can also be used in this  framework.
It  is  easy  to  verify  its  difference-of-convex  decomposition  as
s(r) = ϕ'(r) − φ'(r), where:

ϕ′ (r)=


1

1+ exp(r)
if r ≥ 0,

1
2
− 1

4
r if r < 0;

and φ′ (r)=


0 if r ≥ 0,
1
2
− 1

4
r− 1

1+ exp(r)
if r < 0.

 

Implementation
We have implemented Algorithm 2 in the R package SRDnet. SRD

involves  two  tuning  parameters λ1 and λ2. λ1 plays  a  more  signi-
ficant  role  in  variable  selection,  making  the  performance  highly
sensitive to its value.

We  first  generate  a  pre-specified  set  of λ2 values  by  ignoring
λ1 and  using  a  similar  procedure  as  in  SVMs.  Then  for  each  pre-
specified λ2,  we  compute  the  solution  path  using  a  fine  grid  of λ1

values  to  achieve  better  tuning  for λ1.  We  start  with  finding λmax,

which  is  the  smallest λ1 that  sets β =  0.  According  to  the  Karush-
Kuhn-Tucker  (KKT)  conditions[24], λmax satisfies  at  least  one  of  the
following inequalities,

λmax ≤ λ̃max, j :=
2
n

max

 n∑
i=1

max
(
yixi j,0

)
,

n∑
i=1

max
(
−yixi j,0

)
λ̃ λ̃ λ̃for j =1,  ..., d.  Let max =  maxj max,j.  We  first  set λ1 = max and  gra-

dually  decrease λ1 in Algorithm  2 to  locate λmax.  We  set λmin = τλmax,
where τ is a user-defined quantity. The default value of τ is τ = 0.01 for
n < d data  and τ =  0.0001  for n ≥ d data.  Between λmin and λmax,  we
place K points  uniformly  in  the  log-scale.  The  default  value  for K is
98 such that the solution path has 100 λ1 values. A warm-start trick, as
in  GCDnet[22],  is  also  implemented.  Specifically,  for  computing  the
solution  of  the  (k +  1)'th λ1,  the  solution  at  the k'th λ1 is  used  as  the
initial value in Algorithm 2. 

Simulations

In  this  section,  we  conducted  simulation  studies  to  evaluate  the
performance  of  the  proposed  SRD  method.  The  training  data
consisted  of  100  subjects  (50  cases  and  50  controls),  where  each
input x was a d = 500-dimensional vector. Independent tuning and
testing  data  were  generated  in  the  same  way  as  the  training  data.
The  sample  sizes  for  the  tuning  and  testing  data  were  100  and
10,000,  respectively.  The  tuning  data  were  used  to  select  the  opti-
mal tuning parameters via a grid search,  and the testing data were
used to evaluate the accuracy of various classification methods.

We considered two scenarios similar to those in Wang et al.[25]. In
the first scenario, all covariates are independent. The '+' class follows
a normal distribution with a mean of:

µ+ =

0.5, · · · ,0.5︸      ︷︷      ︸
10

,0, · · · ,0︸ ︷︷ ︸
490


T

Σ = Id×dand  a  covariance  matrix .  The  '−'  class  follows  a  similar
distribution except that the mean is:

µ− =

−0.5, · · · ,−0.5︸            ︷︷            ︸
10

,0, · · · ,0︸ ︷︷ ︸
490


T

The Bayes optimal classification rule depends solely on the first 10
covariates,  with a  Bayes error  of  5.69%.  The second scenario repre-
sents an example where the relevant covariates are correlated.  The
'+' class follows a normal distribution with a mean of:

µ+ =

1, · · · ,1︸ ︷︷ ︸
10

,0, · · · ,0︸ ︷︷ ︸
490


T

and a covariance matrix:

Σ =

(
Σ∗10×10 010×490
0490×10 I490×490

)

 

Algorithm 1.    The d.c. algorithm for minimizing Q(Θ) = Qvex(Θ) + Qcav(Θ).

Θ(0)Initialize 
repeat

Θ(t+1) = argminΘQvex (Θ)+
⟨
Q’

cav

(
Θ(t)

)
,Θ

⟩
Θ(t)until convergence of 

 

Algorithm 2.    The d.c. algorithm for SRD.

∈Set  to a small quantity, say, 10−5.
Initialize (β,β0).

κ(0)
iInitialize  by (5), for i =1, ..., n.

repeat

(β̂, β̂0)Compute  by using GIST to solve (6).

ri = yi

(
xT

i β̂+ β̂0

)
Update , for i =1, ..., n.

κ(t+1)
iUpdate  by (5), for i =1, ..., n.

∥κ(t+1)− κ(t)∥∞ <∈until 
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Σ∗where, the diagonal elements of  are 1 and all off-diagonal elements
are 0.8. The '−' class has a similar distribution except that the mean is:

µ− =

−1, · · · ,−1︸      ︷︷      ︸
10

,0, · · · ,0︸ ︷︷ ︸
490


T

The Bayes optimal classification rule depends only on the first 10
highly correlated covariates, and its Bayes error is 13.47%.

We  compared  the  standard  SVM,  hybrid  huberized  SVM
(HHSVM)[25],  and  the  proposed  SRD  method.  HHSVM  uses  a
smoothed  hinge  loss,  called  huberized  hinge  loss,  combined  with
an  elastic-net  penalty.  SVM  was  implemented  using  the  e1071  R
package, and the R package GCDnet[22] was used for HHSVM.

We  used  the  tuning  dataset  to  select  the  tuning  parameters  for
each  method.  For  SVM,  we  searched  over  a  pre-specified  set  of
tuning parameter values for C, and selected the one that minimized
the  prediction  error  on  the  tuning  data.  For  HHSVM  and  SRD,  we
chose a pre-specified set  of λ2 values,  and adaptively determined a
fine grid of λ1 values using the procedure described in the methods,
with τ = 0.01 and K = 98. The best pair (λ1, λ2) was selected based on
the smallest prediction error on the tuning data. The performance of
the  selected  models  was  then  evaluated  on  independent  testing
data. Each experiment was repeated 1,000 times.

The  mean  prediction  errors  and  corresponding  standard  devia-
tions (in parentheses) are summarized in Table 1 (first two rows). As
shown in Table 1, the prediction errors of SRD and HHSVM are simi-
lar,  and  outperform  those  of  SVM  in  both  scenarios.  This  improve-
ment is attributed to the variable selection mechanism employed by
SRD  and  HHSVM.  Unlike  SVM,  which  uses  all  covariates  and  is
thereby  affected  by  noise  covariates,  SRD  and  HHSVM  are  more
robust  due  to  their  ability  to  select  relevant  features.  The  similar
performance  of  SRD  and  HHSVM  in  scenario  2  highlights  that  SRD
effectively identifies all correlated relevant covariates, a result of the
'grouping effect' provided by the elastic-net penalty, as in HHSVM.

The  computation  of  SRD  is  higher  than  that  of  HHSVM  due  to
the  nature  of  non-convex  optimization.  At  our  computational  faci-
lity,  HHSVM  took  approximately  26.6  min  for  scenario  I  with  1,000
repeats.  In  contrast,  with  the  same  number  of  pre-specified  (λ1, λ2)
pairs  for  tuning,  SRD  took  approximately  145.2  min  for  1,000
repeats.

We  perturbed  the  training  data  by  randomly  selecting perc(10%
or  20%)  of  the  samples  and  flipping  their  class  labels  to  the  oppo-
site.  We  repeated  the  above  testing  procedure  on  the  perturbed
training data.  The results  are  also presented in Table 1.  The perfor-
mance  of  all  methods  deteriorated  due  to  the  perturbation.

However, SRD was the least affected, as expected. This supports our
claim  that  the  non-convex  smoothed  ramp  loss  enhances  the
robustness  of  the  model  compared  to  convex  loss  functions,  lead-
ing  to  more  accurate  classifiers  in  the  presence  of  outliers  in  the
training data.

We  also  compared  the  covariates  selected  by  HHSVM  and  SRD
(SVM  retains  all  covariates).  We  consider qsignal,  the  number  of
selected relevant covariates, and qnoise, the number of selected noise
covariates.  The  results  are  presented  in Table  2.  When  there  is  no
perturbation  in  the  training  data,  both  HHSVM  and  SRD  perform
similarly.  However,  in  the  presence  of  perturbation,  SRD  tends  to
select  more  relevant  covariates.  Despite  this,  both  methods  also
select  a  significant  number  of  noise  covariates.  One  way  to  further
remove  the  noise  covariates  is  to  use  tuning  methods  that  favor
more  parsimonious  models.  For  example,  applying  the  'one-stan-
dard error'  rule[26] during cross-validation for  parameter  tuning has
proven effective in screening out noise. 

Data analysis

In this  section,  we investigated the performance of SVM, HHSVM,
and  our  proposed  SRD  method  using  microarray  gene  expression
data from a colon cancer  study[2].  This  dataset  includes 62 samples,
consisting  of  40  colon  cancer  tumors  and  22  normal  tissues.  Each
sample contains expression measurements for 2,000 genes obtained
using an Affymetrix gene chip. The data are publicly available.

We pre-processed the data following the procedure described by
Dudoit  et  al.[27].  Microarray  gene  expression  levels  below  the  mini-
mum threshold of 100 were set to 100, and the maximum threshold
was  capped  at  16,000.  We  excluded  genes  with  max/min  ≤ 5  and
(max − min)  ≤ 500,  where  max and min denote the maximum and
minimum  expression  levels  of  a  gene  across  samples.  The  expres-
sion  levels  were  then  logarithmically  transformed.  After  threshold-
ing,  filtering,  and  logarithmic  transformation,  the  data  were  stan-
dardized to have a zero mean and unit standard deviation for each
gene.  The  pre-processed  data  (p =  1,224)  were  used  for  all  subse-
quent analysis. It has been reported that five samples (three tumors
and two normal tissues) were contaminated[28], making this dataset
particularly  suitable  for  assessing  the  robustness  of  the  proposed
SRD method.

We  compared  the  performance  of  SVM,  HHSVM,  and  SRD.  All
methods  involve  at  least  one  tuning  parameter.  We  used  10-fold
cross-validation to select the optimal parameters.  Since the sample
size  is  small,  the  cross-validation  error  is  known  to  have  high  vari-
ance.  To  mitigate  this,  we  repeated  the  cross-validation  procedure
ten  times  and  averaged  the  cross-validation  errors  to  reduce  the
variance.  We  selected  the  parameter  with  the  smallest  average

 

Table 1.    Mean (std) of prediction errors evaluated on independent test data
for two simulation scenarios.

SVM HHSVM SRD

perc = 0% Scenario I 0.230(0.014) 0.084(0.015) 0.083(0.015)

Scenario II 0.171(0.013) 0.146(0.010) 0.144(0.009)

perc = 10% Scenario I 0.285(0.021) 0.131(0.032) 0.112(0.023)

Scenario II 0.204(0.025) 0.154(0.014) 0.149(0.012)

perc = 20% Scenario I 0.340(0.025) 0.216(0.056) 0.172(0.040)

Scenario II 0.253(0.039) 0.174(0.033) 0.153(0.015)

The number of training samples is 100, the number of total covariates is 500, and
the number of relevant covariates is 10. The reported results are the average test
errors  over  1,000  repetitions  on  a  test  set  of  10,000  samples,  with  the  values  in
parentheses  indicating  the  corresponding  standard  deviations.  In  scenario  I,  the
covariates are independent, while in scenario II, the relevant covariates are highly
correlated.  perc:  describes  the  percent  of  training samples  randomly  selected to
have their class labels flipped. Specifically, perc = 0% indicates no perturbation in
the training data, perc = 10% corresponds to a 10% perturbation, and perc = 20%
corresponds to a 20% perturbation.

 

Table 2.    Comparison of variable selection.

HHSVM SRD

qsignal qnoise qsignal qnoise

perc = 0% Scenario I 9.8(0.6) 28.0(38.0) 9.7(0.6) 17.5(30.9)

Scenario II 6.0(3.4) 50.8(93.7) 6.5(3.4) 53.7(94.6)

perc = 10% Scenario I 8.8(1.3) 22.0(29.1) 9.2(1.0) 17.0(21.0)

Scenario II 6.9(3.1) 41.9(86.6) 7.5(2.9) 45.5(82.9)

perc = 20% Scenario I 7.0(2.0) 36.9(56.3) 7.7(1.8) 28.5(36.7)

Scenario II 6.3(3.2) 41.2(83.1) 7.5(3.0) 31.4(71.3)

The  setups  are  the  same  as  those  described  in Table  1. qsignal is  the  number  of
selected relevant covariates, and qnoise is the number of selected noise covariates.
The  results  are  averages  over  1000  repetitions,  and  the  numbers  in  parentheses
are the standard deviations.
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cross-validation error. This tuning strategy is referred to as the opti-
mal  rule  in  this  article.  For  HHSVM and SRD,  we aimed to choose a
parsimonious model if  its prediction performance was not compro-
mised  too  much.  A  common  approach,  the  'one-standard  error'
rule[26] is  used  in  cross-validation  to  select  the  most  parsimonious
model  whose  prediction  error  is  no  more  than  one  standard  error
above  the  optimal  error.  In  this  work,  we  used  a  slightly  different
way to compute the standard error to incorporate into the repeated
cross-validation  procedure.  That  is,  the  standard  error  was
computed through the individual  prediction error  rates  for  each of
the  ten  repetitions.  Here,  we  applied  both  tuning  strategies:  the
optimal rule and the 'one-standard error' rule.

To  evaluate  classification  performance,  we  conducted  a  nested
10-fold cross-validation procedure[29]. The data were randomly parti-
tioned  into  ten  roughly  equal-sized  folds.  In  each  iteration,  nine
folds were used as training data,  where an internal  cross-validation
procedure was performed to tune the model parameters. The classi-
fication  model  was  then  trained  on  the  full  training  set  using  the
selected parameters  and applied to predict  class  labels  for  the left-
out  fold.  This  process  was  repeated  nine  more  times  to  obtain
predictions  for  all  folds,  yielding  the  overall  prediction  error.  For  a
reliable  evaluation  of  prediction  accuracy,  we  repeated  the  outer
cross-validation  procedure  100  times  with  different  fold  partitions.
The  average  and  standard  deviation  of  these  100  prediction  errors
are reported in Table 3.  During the cross-validation procedure with
100 repetitions, we trained a total of 1,000 classification models for
each method. For HHSVM and SRD, the average number of selected
genes is also reported in Table 3.

We  can  see  that  SRD  seems  to  have  a  better  classification  accu-
racy than HHSVM. It confirms again the robustness of SRD in classifi-
cation  and  variable  selection  when  there  exist  outliers  in  the  train-
ing data.  Interestingly,  SVM performed similarly  with SRD although
SVM used all covariates. The reason perhaps is that the gene expres-
sion  levels  are  highly  correlated  for  many  genes.  The  correlation
enhances the signal.  In  the simulation studies,  both scenarios have
ten relevant covariates, and the only difference is that in scenario II
the relevant covariates are highly correlated. SVM performed much
better in scenario II than in scenario I.

We  used  two  tuning  strategies.  From Table  3,  the  'one-standard
error' rule is effective to select a parsimonious model without sacri-
ficing  too  much  on  the  prediction  accuracy.  We  investigated  the
genes  selected  in  the  1,000  SRD  models  determined  by  the  'one-
standard  error'  rule  during  the  cross-validation  procedure.  The  top
20 most frequently selected genes are listed in Table 4.

The molecular carcinogenesis of colorectal cancer is complex and
poorly  understood.  Some  comments  about  the  top  frequently
selected  genes  are  worthy  of  mention.  MYH9  and  its  regulatory
MYL9 are components of the cytoskeletal network involved in acto-
myosin-based  contractility  and  implicated  in  the  invasive  behavior
of  tumor cells[30].  hnRNP A1,  a  major  member  of  the hnRNP family,
binds  to  G-rich  repetitive  sequences  and  quadruplex  structures  in

DNA.  The  overexpression  of  hnRNP  A1  in  colorectal  cancer  cells
leads  to  evasion  of  cancer  cell  apoptosis[31].  Uroguanylin,  encoded
by GUCA2B, is markedly down-regulated in adenocarcinomas of the
colon,  and  the  treatment  with  uroguanylin  leads  to  induction  of
apoptosis in human colon carcinoma cells in vitro[32].  S100P overex-
pressed in colorectal carcinomatous tissues, and the overexpression
is  significantly  correlated  with  tumor  metastasis,  advanced  clinical
stage, and recurrence[33]. 

Conclusions

In this article, we have proposed the Sparse Ramp Discrimination
(SRD)  method,  which  leverages  the  smoothed  ramp  loss  to  assess
the 'badness-of-fit' and incorporates the elastic-net penalty for auto-
matic variable selection. We apply the difference of the convex (d.c.)
algorithm to efficiently solve the non-convex optimization problem
through  a  sequence  of  convex  subproblems.  From  the  simulation
studies  and  real  data  analysis,  SRD  is  robust  to  outliers,  making  it
particularly  well-suited  for  handling  noisy,  high  dimensional  biolo-
gical data. 

Author contributions

The  authors  confirm  contribution  to  the  paper  as  follows:  study
conception and design: Zhou X; data collection: Zhou X; analysis and
interpretation  of  results:  Zhou  X,  Wang  Z;  manuscript  preparation:
Zhou X, Wang Z. All authors reviewed the results and approved the
final version of the manuscript. 

Data availability

R  codes  are  available  on  GitHub  (https://github.com/xinzhou
biostat/SRDnet.git).

Acknowledgments

We  thank  the  editor  and  two  referees  for  their  thoughtful  and
constructive  comments,  and  Dr.  Gang  Xu  for  assistance  in  editing
this  manuscript.  Zhou  X  was  partially  supported  by  NIH  grant

 

Table 3.    Results on the colon cancer dataset.

Optimal rule 'One-standard error' rule

Test error No. of genes Test error No. of genes

SVM 12.3%(1.7%) 1,224
HHSVM 13.6%(2.1%) 86.2(100.1) 13.7%(2.0%) 60.5(78.5)

SRD 11.9%(1.9%) 219.0(136.4) 12.3%(2.2%) 140.4(100.8)

Test errors are averages of 100 cross validation repetitions. The numbers of genes
are  averages  of  selected  genes  in  1,000  classification  models.  The  numbers  in
parentheses are the corresponding standard deviations.

 

Table 4.    The 20 most frequently selected genes by SRD with the 'one-standard
error' rule from the colon cancer dataset.

Accession Gene name Freq.

R87126 Myosin, heavy chain 9, non-muscle (MYH9) 990
M76378 Cysteine and glycine-rich protein 1 (CSRP1) 989
J02854 Myosin, light chain 9, regulatory (MYL9) 988
M63391 Desmin (DES) 983
X12671 Heterogeneous nuclear ribonucleoprotein A1 (hnRNP A1) 983
Z50753 Guanylate cyclase activator 2B (GUCA2B) 981
R36977 General transcription factor IIIA 973
T47377 S100P Protein 972
J03040 Secreted protein, acidic, cysteine-rich (SPARC) 970
X14958 High mobility group AT-hook 1 (HMGA1) 967
T51571 P24480 Calgizzarin 967
H43887 Complement factor D precursor 966
L07648 MAX interactor 1, dimerization protein (MXI1) 957
M22382 Heat shock 60kDa protein 1 (HSPD1) 955
H64489 Tetraspanin 1 (TSPAN1) 945
H20709 Myosin, light chain 6, alkali (MYL6) 942
H40095 Macrophage migration inhibitory factor 935
R84411 Small nuclear ribonucleoprotein associated proteins B 929
T51023 Heat shock protein 90kDa alpha (cytosolic) 922
T71025 Metallothionein 1G (MT1G) 916
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