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Abstract: Classification is a supervised learning approach for allocating unlabeled dichotomous patient
samples into labeled dichotomous patient samples. Conventional classification methods are clinically
based and therefore have limited applications, with lower prediction accuracy. Partial Least Squares
Linear Discriminant Analysis (PLS-LDA) is one of the most popular classifiers for predicting unlabeled
dichotomous patient samples. Nevertheless, this method yields misleading results when an outlying
data vector is present under classical maximum likelihood estimators. In this paper, we developed a
robust PLS-LDA approach using the minimum beta divergence method. The efficiency of the proposed
approach was evaluated through comparisons with existing classification methods using both simulated
and real datasets (transcriptomics and metabolomics datasets). Results from 10-fold cross-validation
showed that the proposed method significantly outperforms other methods across various performance
indices at three outlier rates (10%, 20%, and 30%). Whereas, in the absence of outliers, it keeps almost
equal performance with the traditional PLS-LDA method. The protein-protein interaction (PPI), Gene
Ontology (GO), and KEGG analyses of the 10 genes identified in prostate cancer data by the proposed
procedure demonstrated the significance of the proposed methods. The computational tool has been
implemented in an R package, which is publicly available from
https://github.com/MdRabiul Auwul/rPLS-LDA.

Keywords: classification; PLS-LDA; minimum beta-divergence estimator; robustness; outlier;
transcriptomics; metabolomics.
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1. Introduction

The key issue in today’s world is big data for its miscellaneous, shapeless, and fast-
changing nature. OMICS datasets are the big biological datasets. Both transcriptomics (gene
expression datasets, GEDs) and metabolomics datasets are fast-growing and high-dimensional,
representing information at two different levels of biological systems in the fields of
transcriptomics and metabolomics[1-3]. A single gene expression dataset comprises thousands
of features relative to a smaller number of samples, where some features are heterogeneous
[2,4,5. Therefore, the complexity of analyzing these datasets is increasing day by day. These

characteristics of the OMICS datasets are also known as the curse of dimensionality. Hence,
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downstream analyses using these types of datasets often suffer from the curse of
dimensionality, a phenomenon that refers to the problem that occurs when adding more features
or variables makes the data space so large and sparse that it becomes harder to find meaningful
patterns, often leading to increased noise and mistakes in analysis [6]. To solve these problems,
supervised machine learning methods have been developed for mining useful information.
Classification is also referred to as supervised machine learning (SML) approaches for
separating multivariate data into various populations (e.g., normal or cancer) based on training
datasets whose class is known in advance [7-9]. The main objective of classification is to
estimate the parameters and construct the model using the training dataset in the training phase,
and to predict class labels for the test dataset usinghe model in the classification phase [10-
12].

Numerous SML approaches have been developed and employed in both GED and
metabolomics data [13-19]. The earliest and commonly used method is Fisher’s linear
discriminant analysis (LDA) [20]. One of the major drawbacks of LDA is that it suffers from
the curse of dimensionality and collinearity problems. K-Nearest Neighbor (KNN) [21]
searches for the nearest neighbors using the distance metric for allocating the unlabeled
samples into the labeled categories. A non-linear predictor has been formulated using a
regression-based model, namely logistic regression with dichotomous dependent variables, to
fulfill the SML task. Naive Bayes Classifier [22] is one of the most popular classifiers in the
Bayesian platform. Support vector machine (SVM) [23] has been comprehensively employed
for analyzing the different OMICS data. There are several dimension reduction methods
available in the literature in bioinformatics research [24-27]. Among them, the classical
principal component analysis (PCA), t-Distributed Stochastic Neighbor Embedding (t-SNE),
and linear discriminant analysis (LDA) are more popular [28]. The partial least squares (PLS)
regression has its popularity especially where there are a large number of features than samples,
as in OMICS data. It has also overcome the problem of multicollinearity by transforming the
input variables into latent variables. The most popular variant of PLS-regression is Partial Least
Squares Discriminant Analysis (PLS-LDA) [29], and it is used when the response variable is
dichotomous. PLS-LDA comprises PLS-regression and LDA. In PLS-LDA, firstly, the PLS
algorithm is used to solve the dimensionality and the collinearity problems [30,31. At the same
time, it exhibits excellent performance for solving the curse of dimensionality problem [32].
Secondly, the LDA algorithm is used to classify the test dataset based on the training dataset.
Nevertheless, most of the SML algorithms discussed earlier, including PLS-LDA, suffer from
the problem of outliers and produce misleading results in their presence. There are various
reasons for contamination of GE and metabolomics datasets by outliers as they go through
different data-generating steps.

Therefore, despite the powerful capacity of PLS-LDA to overcome the problems of
high dimensionality and multicollinearity in OMICs data, it fails to achieve the goal in the
presence of outlying data vectors [33,34]. To address this, the present study proposed a robust
PLS-LDA classifier (rPLS-LDA) based on the minimum B-divergence approach [35]. The
proposed method produces a weight function, the beta-weight function, for detecting outlying
data vectors in the robust PLS-LDA approach. To investigate and compare the performance of
the proposed method we consider six popular classifiers namely, Support Vector Machine
(SVM), Linear Discriminant Analysis (LDA) [20], K-Nearest Neighbor (KNN) [21], Naive
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Bayes (NB) [22], Logistic Regression (LR) [36] and Partial Least Square Linear Discriminant
Analysis (PLS-LDA) [29]. We employed these methods in both simulated and real datasets.

The downstream analyses for the identified bioimarkers in transcriptomics and
metabolomics datasets may play a crucial role in discovering therapeutic targets [37—42]. In
the next section, we describe the robustification method of the PLS-LDA classifier. In Section
3, the performance of the proposed method is demonstrated through simulation studies and
real-data analysis, compared with some existing methods. Finally, we end this paper with a
conclusion.

2. Materials and Methods

Let nmc be the cth p-variate normal population with density functionf.(x.) =
N(xc|ue Ac), Where . is the mean vector and A, is the covariance matrix for the cth population
(c=1,2,..., K). Assume that we have a training sample of vectors {xy.=
(X1ke» Xokes -ov - -» Xpke) 3 K= 1,2, ......, N} of size N, which is obtained from N(x.|uc, Ac)
for ¢ = 1,2,...,K where, xg. denotes the kth observation of the gth variable in the cth

population.
2.1. Classical maximum likelihood estimators.

Suppose that the maximum likelihood estimators (MLES) fi. and A, of p. and A, are
obtained based on the training datasets are given below:

~ 1 «N,

fe = §- Zicss Xke (1)
—~ 1 -

A= Y& NA. )
KC = diag(azlc, 6’22(:, ITRTIEEY azpc) (3)

Where’ 0%gc = N_Czk;1(xgkc - “gc) » Hge= N_Czkilxgkc and N = Zc:l NC! g =

2.2. Partial least squares linear discriminant analysis (PLS-LDA).

PLS-LDA assumes that the response vector Y contains categorical values. The multiple
linear regression (MLR) model approach, based on matrix notation, is used:

Y=XB+F (4)

Where X is a matrix of dimension (N x P), B is a (Px1) regression coefficient matrix,
F is a vector of (N x 1), and Y is a response vector of dimension (N x 1). The least square
estimates of this approach are, B = (XTX)~1XTY. But when the number of genes (variables) is
larger than the number of samples (observations), which usually occurs in microarray gene
expression or metabolomics data, the matrix of XX becomes non-singular. As a result, we
suffer from computational complexity or the curse of dimensionality problem. PLS-LDA
overcomes this problem by decomposing the data matrices X and Y. The fundamental PLS-
LDA equations are as follows:
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X=TRT+E (5)
Y=TQT+F (6)

Where T is an orthogonal matrix of (N X p), R and Q are loading matrices of dimension
(N x p) and (1 x p). Note that here p < P. E and F are the error matrices corresponding to the
data matrix X and response vector Y with dimensions(N X p) and (N x 1), respectively.

Now, let the weights matrix W be (P X p), and the scores matrix can be written as:

T=XW((RTW)! (7)

Now, substitute equation (4) in the PLS-DA model of equation (3), we obtain:
Y=XW(RTW)1QT+F (8)

Hence, the regression coefficient of the PLS-DA approach is:
B=W((RTW)QT (9)

Therefore, using the PLS-DA algorithm, an unknown sample of Y can be predicted by:
Y=XW(RTW)1QT (10)

However, by the assumption of the PLS-LDA procedure, the data matrix X must be
mean-centered [29]. For mean centering, the PLS-LDA algorithm uses the classical maximum
likelihood estimators (MLES) of the mean (fi.) which is calculated from the training datasets.
Therefore, the PLS-LDA approach based on the classical mean centering procedure produces
misleading results in the presence of outliers [43,44]. To overcome this problem, the PLS-LDA
algorithm has been robustified using the minimum B-divergence method, as outlined below:

2.3. Minimum g-divergence estimators.

Let for cth condition (c=1,2,..., K), the true density and the model density are denoted
by p(x.) and q(x.|6.), respectively, then the B-divergence of two densities can be defined by:

1
Da(pCx),a(xc160) | [P0 =~ aPxelo i)
1
R E et LA CORE  CAUR) |8
for B> 0 and Dg(p(x.), f(xc|8.)) > 0. Equality holds if and only if p(x.) = f(x.|6) for

all x..
The B-divergence reduces to the Kullback-Leibler (K-L) divergence if B—0, that is:

lé{{)l DB(p(Xc)r q(Xclec)) = Jp(xc)logﬁdxc = DKL(p(Xc)' q(Xclec))

The minimum B-divergence estimator is obtained by minimizing:
0. = agrmin Dg(p(xc), q(xc|6c))
The minimum B-divergence estimators i g and Kc,s for the mean vector p. and the
diagonal covariance matrix A. respectively, are obtained iteratively as follows:
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S(0) (D)
A((:rél-l) _ Zk 1<DB(Xkc|u (rl)\ (3;(k (11)
Zk 1 @B (Xkcliig A: )
(r+1) 2 ~2
Acg Z -1 N¢ dlag(clcﬁ,GZCB,..... ,Opc,p) (12)

Zk 1‘PB( kc|ﬁ((:r)l ())(ngc ﬁ(gr))z

SRS, 0p (il AL

Where,6 B =(B+1) (13)

And:

-1
030l A0) = exp = B (e = 0) A (e — 00} (1)

The function given in (14) is called the B-weight function, and it plays an important role
in robust parameter estimation. The optimum B value is tuned via grid search combined with
k-fold cross-validation to optimize model performance and prevent overfitting. The final
selected B value is reported along with the tuning procedure to ensure transparency and
reproducibility.

2.4. Outlier detection for PLS-LDA using g-weight function.

The B-weight function ranges from 0 to 1 and assigns higher weights to normal data
points while downweighting outliers and unusual observations. Hence, we partitioned the data
matrix based on the B-weight function as follows:

() A B T2 NN
Pcp(Xiclligg Acg) = exp {— E(Xkcﬁ i, B) A (Xkc.B e B)}' p>0

The choice of the tuning parameter 3 plays an important role in the performance of the
proposed method; we select this parameter B by cross-validation as discussed in the robust
Naive Bayes classifier [44].

Let D° = {x € D.} and D* = {x & D.} be the sets of usual/goof and unusual/outlying
data points, respectively. Then we partition the entire data space D into D° and D* using the
partition rule given by:

> 4, ifx € D,
< 6. ifx € D, orxis outlying

GepCircliy AT = |

(15)
One way to compute the cut-off value 8. using the empirical distribution of 3-weight
function and by the values of quantile [44] for k = 1,2,..., N. with probability:

Pr{pcpCaclilp Agp) < 8c} < 9= 0.01 (16)

Then, whether the data vector x is contaminated or not can be defined as follows:

~ (1) A(r%) {> 8, if x is not outlying

pp(x) = Ze=1 Pe,p (Kicel i B < §,if x is outlying 1n

Where, § = ¥X . &,
However, in this study, the threshold value of § is chosen directly as follows:
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§=(1-n) min eg(x) +1 max @p(x) (18)

With heuristically n = 0.10. For the detection of outliers, equation (18) was used to
choose the threshold value in the previous works [43,44].

3. Results and Discussion

In this section, the performance of our proposed algorithm (rPLS-LDA) has been
checked and compared with the six popular existing algorithms (SVM, LDA, KNN, Naive
Bayes, Logistic Regression, and PLS-LDA). To evaluate the performance of each algorithm,
we implemented it on both simulation and real OMICS datasets, and the measurements were
performed using the e1071, class, knn, rpart, and plsgenomics packages in R. The R package
MASS was used to evaluate the performance of these algorithms. The Comprehensive R
Archive Network (CRAN) or Bioconductor are the main sources of these packages. The
summary description of the datasets used in this study is presented in Table 1.

Table 1. Description of the datasets used in this study.

Dataset Numbers of sample Numbers of features
Small simulation 20 1000
Large simulation 60 1000
Colon cancer transcriptomic 62 6500
Prostate cancer transcriptomic 472 6144
Lung cancer metabolic 82 158

3.1. Simulated data analysis ni=n.

The simulation data that replicate the characteristics of real gene expression data have
been generated for two (k=2) groups, in the case of those with and without outliers. Table 2
describes the model for generating simulation data. The dataset was contaminated with
Gaussian noise for the randomization. The columns and rows of these simulated data represent
the sample groups (normal and cancer) and genes, respectively. We generated two categories
of datasets: the first one contains G=1,000 genes with a small sample size, 10 in each group
(N1=N2=10), and the second one contains G=1,000 genes with a large sample size, 30 in each
group (N1=N2>=30). The gene expression profiles of 1,000 genes with N= (N1+N2) samples are
represented by both datasets. Among the 1000 genes, we generated 20 (2%) differentially
expressed (DE) genes and 980 equally expressed (EE) genes (pattern 3) that were represented
in both datasets. These 20 DE genes were divided into P1 =10, up-regulated (pattern 1), and
P2=10, down-regulated (pattern 2) DE genes of two groups. We fixed the value of the Gaussian
noise parameter, 62= 0.1, and the parameter p as O to generate both of these datasets.

Table 2. Simulated data-generating model.

Sample group
Gene group Normal (N1) Cancer (N2)
p1 N(y, o?) N(+y, a?)
p2 N(-y, o?) N(+, 0?)
ps N(O, g?) N(0, o?)

To create the classification environment, the training and test datasets were constructed
by randomly dividing the samples of these datasets. Firstly, we evaluate the efficiency of the
proposed rPLS-LDA algorithm by comparing it with existing classical PLS-LDA approach in
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the presence of 10% outliers in the training dataset. Figure 1(a-b) shows the contaminated
training and test datasets after selecting the DE gene by t-test. Figure 1(c-d) illustrates the
classified test dataset by traditional PLS-LDA and rPLS-LDA, respectively. From this figure,
we can conclude that the proposed rPLS-LDA outperformed PLS-LDA, correctly classifying
the test dataset samples.

Genes

o 2 8 8 8
12 »  »
Individuals Individuals

(@) (b)

» 3 8 & 3 g 3 3
b @ 7

Genes

Individuals

(c)
Figure 1. Performance comparison between PLS-LDA and rPLS-LDA for simulated dataset (n1=n,=10):
(a) Contaminated training dataset; (b) test dataset; (c) classified test data by PLS-LDA,; (d) classified test data
by rPLS-LDA.

Next, the proposed rPLS-LDA algorithm compared with the popular classifiers namely,
SVM, LDA, K-NN, Naive Bayes, logistic regression, random forest and PLS-LDA for sample
classification as normal or cancer groups have been employed with 100 simulated datasets that
are generated with Table 2 for each of small (n=20, n1=10, n2=10) and large (n=60, n1=30,
n2=30) sample cases, respectively. To generate outlying datasets, we multiply a constant, c, by
the maximum value of the gene expressions within the groups g;, = u + ¢*(xjj k = 1,20 =
1,2,...,G;j = 1,2,...n). Here, g;;; symbolizes the i*" gene expression of j** samples in
kt'group, u€ (5, 10) and c € (2, 4). We considered different outlying percentages of genes
(10%, 20%, and 30%) with one or two randomly selected samples.

We computed average values of different performance measurements of these seven
classifiers, such as accuracy, sensitivity, specificity, positive predictive value (PPV), negative
predictive value (NPV), and detection rate (DR), based on the estimated top 20 DE genes for
each of the 100 datasets. We summarized these performance measures by averaging the 100
values for the small- and large-sample cases in Tables 3 and 4, respectively. We noticed in
Table 3 and Table 4 that our proposed rPLS-LDA algorithm gives better results than the SVM,
LDA, KNN, Naive Bayes, Logistic Regression, and PLS-LDA classifiers in all cases (dataset
with the absence of outlier, in the presence of 10%, 20%, and 30% outliers). We noticed in
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Table 3 that, the average accuracies of SVM, LDA, KNN, Naive Bayes, LR, PLS-LDA and
rPLS-LDA classifiers are 0.636, 0.700, 0.820, 0.602, 0.718, 0.904 and 0.914 respectively in
case of absence of outliers; 0.624, 0.622, 0.796, 0.572, 0.684, 0.434 and 0.866 respectively in
case of presence of 10% outliers; 0.652, 0.650, 0.756, 0.600, 0.684, 0.444 and 0.878
respectively in case of presence of 20% outliers and 0.594, 0.566, 0.698, 0.544, 0.612, 0.400
and 0.754 respectively in case of presence of 30% outliers. Similarly, from Table 4, we
observed that the accuracy of the proposed rPLS-LDA outperformed those of the SVM, LDA,
KNN, Naive Bayes, LR, and PLS-LDA algorithms across all cases involving large outlying

datasets.

Table 3. Performance results of the seven classifiers with a small sample size (n;=n,=10) simulation data.

Performane In the absence of outliers s s In the presence of 10% outlie;sLS SCe
. - | rPLS- - | rPLS-
metrics SVM | LDA | KNN NB LR LDA | LDA SVM | LDA | KNN NB LR LDA | LDA
Accuracy | 0.636 | 0.700 | 0.820 | 0.602 | 0.718 | 0.904 | 0.914 | 0.624 | 0.622 | 0.796 | 0.572 | 0.684 | 0.434 | 0.866
Sensitivity | 0.615 | 0.703 | 0.836 | 0.601 | 0.742 | 0.887 | 0.908 | 0.760 | 0.681 | 0.773 | 0.687 | 0.705 | 0.380 | 0.869
Specificity | 0.797 | 0.765 | 0.863 | 0.742 | 0.694 | 0.967 | 0.963 | 0.625 | 0.650 | 0.880 | 0.605 | 0.669 | 0.620 | 0.927
PPV 0.811 | 0.781 | 0.877 | 0.777 | 0.739 | 0.960 | 0.957 | 0.706 | 0.690 | 0.893 | 0.675 | 0.656 | 0.395 | 0.932
NPV 0.698 | 0.717 | 0.841 | 0.674 | 0.713 | 0.895 | 0.913 | 0.803 | 0.690 | 0.818 | 0.709 | 0.725 | 0.458 | 0.892
DR 0.615 | 0.703 | 0.836 | 0.601 | 0.742 | 0.887 | 0.908 | 0.760 | 0.681 | 0.773 | 0.687 | 0.705 | 0.380 | 0.869

In the presence of 20% outliers In the presence of 30% outliers
Accuracy | 0.652 | 0.650 | 0.756 | 0.600 | 0.684 | 0.444 | 0.878 | 0.594 | 0.566 | 0.698 | 0.544 | 0.612 | 0.400 | 0.754
Sensitivity | 0.655 | 0.630 | 0.702 | 0.589 | 0.676 | 0.120 | 0.880 | 0.783 | 0.681 | 0.671 | 0.671 | 0.636 | 0.400 | 0.889
Specificity | 0.778 | 0.758 | 0.869 | 0.751 | 0.701 | 0.880 | 0.943 | 0.582 | 0.590 | 0.801 | 0.611 | 0.606 | 0.600 | 0.756
PPV 0.810 | 0.757 | 0.884 | 0.785 | 0.692 | 0.383 | 0.947 | 0.660 | 0.612 | 0.776 | 0.653 | 0.605 | 0.340 | 0.799
NPV 0.737 | 0.671 | 0.745 | 0.662 | 0.689 | 0.452 | 0.900 | 0.750 | 0.663 | 0.747 | 0.686 | 0.670 | 0.440 | 0.896
DR 0.655 | 0.630 | 0.702 | 0.589 | 0.676 | 0.120 | 0.880 | 0.783 | 0.681 | 0.671 | 0.671 | 0.636 | 0.400 | 0.889

Figure 2 shows the beta selection process via 5-fold cross-validation for our proposed
algorithm. Figure 2(a) and Figure 2(b) showed the beta selection for the small sample size
(n;=n2=10) simulation data in scenarios with the absence of outliers and with the 10% outliers,
respectively. We identified that the optimal beta values are close to zero (0.001) in the absence
of outliers, and in the presence of 10% outliers, they become 0.051. The analysis revealed that,
in the absence of outliers, the proposed classifier tends to the classical MLE classifier as the
beta value approaches zero. With these appropriately estimated beta values, the beta weights
were calculated for each observation in the training set. Figure 2(c) shows the beta weight graph
with  =0.001 in the case of the absence of an outlier. We observed that there were no outliers
in the absence of outliers, as all weighted scores were much larger than zero. Figure 2(d) shows
the beta weight graph with g =0.051 in the presence of 10% outliers. We observed that it clearly
identified outlying samples in the data, as the weighted scores of each outlying sample were
close to zero.
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Figure 2. Beta selection for the simulation (n1=n,=10) data: (a) in the absence of outliers; (b) in the presence
of 10% outliers. Based on these selected beta values, the weight plots for finding outliers; (c) in the absence
of outliers;

(d) in presence of 10% outliers.

The boxplot of the test accuracies for the small sample size and large sample size
simulation datasets is represented in Figure 3(a) and Figure 3(b), respectively. In Figure 3, the
white, red, gray, and turquoise boxes represent the datasets with the absence of outliers,
presence of 10%, 20%, and 30% outliers, respectively. These boxplots also describe the same
results as drawn from Tables 3 and 4. Hence, we may conclude from this simulation experiment
that the proposed rPLS-LDA algorithm outperformed in all datasets.

3.2. Real data analysis.

3.2.1. Colon cancer data analysis.

The colon cancer gene expression dataset consists of 6,500 transcripts from 22 healthy
normal and 40 cancer tissue samples, generated using Affymetrix technology. Among 6,500,
the gene expression profiles of 2000 genes were filtered out by selecting the maximum minimal
intensity across the samples. This dataset can be downloaded from the plsgenomics [45] R
package and also from https://microarray.princeton.edu/oncology.
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Figure 3. Performance evaluation of the classifiers using boxplot of accuracies of simulation data: (a) for
small sample size (n1=n,=10); (b) for large sample size (n1=n,=30).

Table 4. Performance results of the seven classifiers with a large sample size (n1=n,=30) simulation data.

Performane In the absence of outliers In the presence of 10% outliers
. PLS- rPLS- PLS- rPLS-
metrics SVM | LDA | KNN NB LR LDA LDA SVM | LDA | KNN NB LR LDA LDA
Accuracy | 0.974 | 0.927 | 0.983 | 0.996 0.695 0.999 0.999 0.963 | 0.926 | 0.963 | 0.987 | 0.689 | 0.460 0.999
Sensitivity | 0.975 | 0.924 | 0.985 | 0.995 0.711 0.999 0.999 0.970 | 0.925 | 0.950 | 0.976 | 0.667 | 0.160 0.999
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In the absence of outliers In the presence of 10% outliers

Performane
. PLS- | rPLS- PLS- | rPLS-
metrics | SYM | LDA | KNN | NB LR L DA DA | SYM | LDA | KNN | NB LR | oA | DA
Specificity | 0.982 [ 0.932 [ 0.983 | 0.999 | 0.684 | 0999 | 0.999 [ 0.967 [ 0.932 | 0.980 | 0.999 | 0.713 | 0.840 | 0.999
PPV 0978 [ 0.936 | 0.983 | 0999 | 0699 | 0999 | 0999 | 0.966 | 0.934 [ 0.978 | 0.999 | 0.706 | 0.429 | 0.999
NPV 0.969 [ 0.924 | 0.984 | 0992 | 0700 | 0999 | 00999 | 0.964 | 0.926 | 0.950 | 0.975 | 0.677 | 0.466 | 0.999
DR 0975 [ 0.924 | 0985 | 0995 | 0711 | 0999 | 0999 |0.970 | 0.925 [ 0.950 | 0.976 | 0.667 | 0.160 | 0.999
In the presence of 20% outliers In the presence of 30% outliers
Accuracy | 0.980 [ 0.920 [ 0.952 | 0.914 | 0694 | 0502 | 0999 | 0972 ]0.919 [ 0.917 | 0.878 [ 0.661 | 0.483 | 0.999
Sensitivity | 0.988 | 0.909 | 0.923 | 0.827 | 0.670 | 0.222 | 0.999 | 0.970 [ 0.909 | 0.868 | 0.765 | 0.664 | 0.180 | 0.999
Specificity | 0.976 | 0.932 | 0.980 | 0.998 | 0.713 | 0.778 | 0.999 | 0.979 [ 0.936 | 0.971 | 0.984 | 0.653 | 0.820 | 0.999
PPV 0971 [ 0928 [ 0975 0997 | 0689 | 0461 | 0999 |0.978[0.933 [ 0.971 | 0.990 | 0.672 | 0.470 | 0.999
NPV 0987 [ 0918 | 0.936 | 0.876 | 0708 | 0514 | 0999 | 0.967 | 0.913 [ 0.889 | 0.852 | 0.651 | 0.485 | 0.999
DR 0.988 | 0.909 | 0.923 | 0.827 | 0670 | 0222 | 0999 | 0970 | 0.909 | 0.868 | 0.765 | 0.664 | 0.180 | 0.999
To demonstrate the performance of the SVM, LDA, KNN, Naive Bayes, LR, PLS-
LDA, and rPLS-LDA algorithms for the classification of normal and colon samples, the entire
dataset was randomly split into training (70%) and test (30%) sets. Firstly, we selected the top
20 features from the training dataset using the t-test, ranking the adjusted p-values. The
adjusted p-values were computed with the Benjamini-Hochberg method [46]. After that, we
examined the classifiers' performances based on the top 20 features. The selected 20 features
were visualized via a heatmap in Figure S1. We implemented this process 20 times with 5-fold
cross-validation, and the performance measures were evaluated both in the absence and in the
presence of 10% outliers. We corrupted 10% genes by the outliers as mentioned before. Table
5 summarizes the average values of these measures. From this Table, we noticed that the
proposed rPLS-LDA (proposed) algorithm gives better accuracy than the SVM, LDA, KNN,
Naive Bayes, LR, and PLS-LDA algorithms. For example, SVM, LDA, KNN, Naive Bayes,
LR, and PLS-LDA produced accuracies 0.855 (0.814), 0.815 (0.722), 0.871 (0.809), 0.832
(0.792), 0.733 (0.549), 0.874 (0.828), respectively, and our proposed rPLS-LDA produced an
accuracy of 0.876 (0.832), which is larger than the other classifiers. The bracketed values in
this Table represent the estimated average accuracies by the seven methods in the presence of
outliers. Figure 4(a) displays the boxplot of test accuracies using 100 times implementation; it
also describes the same results as Table 5. For the determination of our proposed algorithm's
performance, the beta weight plots have been identified in Figure S2. Figures S2a and S2b
represent that the beta value is 0.01 and 0.06, respectively, in the case of original and corrupted
data. Their corresponding weight plots showed the identified outliers in Figure S2c and Figure
S2d, respectively. It identified that the beta weight also identified a few outliers in the case of
the original data (as we know, the colon data contains outliers).
Table 5. Performance evaluation of the seven classifiers based on colon cancer microarray and prostate cancer
datasets.
Performane Colon cancer microarray data Prostate cancer data
. PLS- rPLS- PLS- rPLS-
metrics | SVM | LDA | KNN | NB LR | ' bA | LDA | SYM | LDA | KNN | NB LR | oA | Lpa
Accuracy | 0-855 | 0815 [ 0.871 | 0.832 | 0549 [ 0874 | 0.876 | 0667 | 0.656 | 0.656 | 0.610 | 0.659 | 0.671 | 0.677
Y | (0.814) | (0.722) | (0.809) | (0.792) | (0.733) | (0.828) | (0.832) | (0.658) | (0.650) | (0.652) | (0.620) | (0.650) | (0.656) | (0.671)
Sensitivity | 0-787 | 0.726 [ 0847 | 0.789 | 0520 [ 0837 | 0.837 | 0963 | 0.932 | 0911 [ 0762 | 0.932 | 0.961 | 0.963
Y 1 (0.715) | (0.680) | (0.743) | (0.719) | (0.589) | (0.789) | (0.732) | (0.942) | (0.916) | (0.912) | (0.786) | (0.914) | (0.942) | (0.996)
Specificity | 0-898 | 0.866 | 0.887 | 0.863 | 0557 | 089 | 089 | 0042 | 0072 [ 0115 [ 0287 | 0081 | 0.055 | 0.052
P Y | (0.880) | (0.752) | (0.848) | (0.829) | (0.814) | (0.857) | (0.891) | (0.057) | (0.085) | (0.100) | (0.268) | (0.088) | (0.051) | (0.053)
PPV 0792 | 0786 | 0.786 | 0.750 | 0.367 | 0.797 | 0.797 | 0.680 | 0.680 | 0.686 | 0.694 | 0.682 | 0.683 | 0.683
(0.786) | (0.581) | (0.742) | (0.733) | (0.693) | (0.776) | (0.808) | (0.679) | (0.680) | (0.683) | (0.695) | (0.680) | (0.678) | (0.679)
NPV 0893 | 0.845 | 0.922 | 0.894 | 0.720 | 0919 | 0919 | 0394 | 0.380 | 0.375 | 0.367 | 0363 | 0.423 | 0.427
(0.837) | (0.826) | (0.851) | (0.844) | (0.767) | (0.878) | (0.846) | (0.353) | (0.350) | (0.351) | (0.368) | (0.332) | (0.354) | (0.358)
DR 0787 | 0726 | 0.847 | 0.789 | 0529 | 0.837 | 0.837 | 0963 | 0932 | 0911 | 0762 | 0.932 | 0.961 | 0.963
(0.715) | (0.680) | (0.743) | (0.719) | (0.589) | (0.789) | (0.732) | (0.942) | (0.916) | (0.912) | (0.786) | (0.914) | (0.942) | (0.996)
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3.2.2. Prostate cancer dataset.

This dataset was used in the study [47] and can be downloaded from Gene Expression
Omnibus of the National Center for Biotechnology Information website (GEO,
http://www.ncbi.nlm.nih.gov/geo/) with GEO series accession number GSE8402. This dataset
contains the expression profiles of 6144 genes obtained from 455 prostate cancer tumors.
Among 455 tumor samples, there were 103 fusion status-positive samples, and 352 were fusion
status-negative samples. We randomly split the entire dataset into two independent sets
(training and test) so that the number of tumor samples in each set was equal. For convenience,
we first selected the top 1000 features using a t-test on the training dataset.
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Figure 4. Performance evaluations of the classifiers using boxplots of the accuracies for: (a) colon cancer
microarray data; (b) prostate cancer microarray data; (c) lung cancer metabolic data.

We computed average values of different performance indices, such as accuracy,
sensitivity, specificity, PPV, NPV, and DR, based on training datasets by the seven methods
(SVM, LDA, KNN, Naive Bayes, LR, PLS-LDA, and rPLS-LDA), both in the absence and in
the presence of 10% outliers. We corrupted 10% genes by the outliers as mentioned before.
These measures were summarized in Table 4. From this Table, we observe that, in the absence
of outliers, the proposed method produced results similar to those of other existing methods
used in this study. In contrast, in the presence of outliers, the proposed method achieves higher
test accuracy than the other six methods. For example, the proposed method produced
accuracies of 0.677 (0.671), which is larger than 0.671 (0.656), 0.667 (0.658), 0.656 (0.652),
and 0.656 (0.650) for the four nearest competitors, PLS-LDA, SVM, and KNN. The bracketed
values in this Table represent the estimated average accuracies by the seven methods in the
presence of outliers. Figure 4(b) shows the boxplot of estimated test accuracies by eight
methods using 10-fold cross-validation. From this boxplot, it is clear that the proposed method
has less variability than the other methods. This figure also depicts a similar interpretation as
in Table 5.

The feature selection procedure of the proposed method identified 10 significant genes
(RAB30, DEK, CD55, STK39, CHN2, CDK2AP1, NDRG1, CASP2, CHRM3, and KLF6) in
this dataset, compared to the classical procedure. The Venn diagram of the identified DE
https://nanobioletters.com/ 11 0f 19



https://doi.org/10.33263/LIANBS151.034
https://nanobioletters.com/

https://doi.org/10.33263/LIANBS151.034

(Differentially Expressed) genes by the classical and proposed procedures has been visualized
in Figure 5(a). To assess the significance of these ten genes, a PPI network was computed with
NetworkAnalyst [48] and visualized in Figure 5(b). It showed that there is a significant
interaction among these genes. Among these genes, the Chimerin 2 (CHN2) and Kruppel
Like Factor 6 (KLF6) were identified as having a significant association with cancers,
including prostate cancer [49-51]. The RAB30 (Member RAS Oncogene Family) gene is
associated with Lymphoblastic Leukemia or Lymphoma with Etv6-Runxl1 [52]. The DEK
(DEK Proto-Oncogene) and Serine/Threonine Kinase 39 (STK39) have been identified as a
potential therapeutic target for neuroendocrine prostate cancer [53,54]. The N-Myc
Downstream Regulated 1 (NDRG1) gene has been detected as a suppressor of prostate cancer
metastasis [55,56]. The Cholinergic Receptor Muscarinic 3 (CHRM3) genes play a significant
role in forming cancer, including bladder cancer, identified in a survey among a Chinese Han
Population in Kaohsiung City [57,58].

Classical . gmen

2 2 8 g

Figure 5. Enrichment analyses of the ten different genes identified by the proposed method: (a) the Venn
diagram showed the ten different genes; (b) the PPI network showed the significant interaction among these
genes; (c) the MF of GO analyses; (d) KEGG pathways interrelated with these genes.

The Molecular Function (MF) of the Gene Ontology (GO) and the KEGG (Kyoto
Encyclopedia of Genes and Genomes) pathways were significantly analyzed for these ten genes
by Enrichr web-tools [59]. The most significant MF found in ‘regulation of ion transmembrane
transporter activity’, ‘chemokine’, ‘regulation of vascular associated smooth muscle
contraction’, ‘positive regulation of ion transmembrane transport’, and so on, and these were
visualized in Figure 5(c). The KEGG pathways related to these ten genes were significantly
associated with “Viral myocarditis’, ‘Gastric acid secretion’, ‘Insulin secretion’, ‘Taste
transduction’, ‘Pancreatic secretion’, ‘Cholinergic synapse’, and ‘Apoptosis’ (Figure 5(d)).
These MF and pathways were significantly associated with several cancer diseases, including
prostate cancer.

3.2.3. Lung cancer metabolic data.

The lung cancer metabolic dataset consists of 158 metabolites and 82 blood samples
(41 control and 41 cancer) produced by Oliver Fiehn [60] using the Gas chromatography time
of flight mass spectrometry (GC-TOF-MS) approach. These blood samples were collected
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through EDTA tubes (stored at —80°C), and approved protocols were used to prepare the
samples (serum and plasma).

To demonstrate the performance of the SVM, LDA, KNN, Naive Bayes, LR, PLS-
LDA, and the proposed rPLS-LDA algorithms for the classification of cancer and control
samples, we split the dataset into 82 serum samples (training set) and 82 plasma samples (test
set). Both the training and test datasets consist of 158 metabolites with 82 samples. Firstly, we
randomly selected 20 samples from 82 training samples through bootstrapping. Secondly, we
selected the top 50 features from the training dataset using the t-test, ranking the Benjamini-
Hochberg [19] adjusted p-values. After that, we examined the classifiers' performances based
on the top 20 features. We implemented this process 20 times, a 5-fold cross-validation process.
Table 5 summarizes the average values of these performance measures both for the absence
and presence of 10% outliers. From this Table, we observed that the proposed rPLS-LDA
algorithm achieves higher accuracies than SVM, LDA, KNN, Naive Bayes, LR, and PLS-LDA.
For example, SVM, LDA, KNN, Naive Bayes, LR, and PLS-LDA produce accuracies 0.738
(0.700), 0.668 (0.603), 0.748 (0.705), 0.683 (0.613), 0.498 (0.475), 0.700 (0.615), respectively,
and our proposed rPLS-LDA produces an accuracy of 0.735 (0.725) which is larger than the
other classifiers. The bracketed values in this Table represent the estimated average accuracies
by the seven methods in the presence of outliers. Figure 4(c) displays the boxplot of test
accuracies using 100 times implementation; it also describes the same results as Table 6.

Table 6. Performance evaluation using the estimated values difference measure by seven methods based on the
lung cancer metabolic dataset.

Performane | o\ /\y LDA | KNN | NB LR | PLS-LDA | rPLS-LDA
metrics
Acouracy 0.738 0668 | 0.748 | 0.683 | 0.498 0.700 0.735
0.700) | (0.603) | (0.705) | (0.613) | (0.475) | (0.615) (0.725)
sensitvity | 0% 0710 | 0904 | 0.612 | 0575 0.776 0. 897
(0.763) | (0.686) | (0.763) | (0.279) | (0.456) | (0.563) (0.828)
specificity | 06 0.579 | 0.627 | 0858 | 0.447 0572 0.621
(0.563) | (0.487) | (0.563) | (0.704) | (0.561) | (0.594) (0.528)
opy 0.706 | 0.689 | 0.692 | 0.611 | 0.504 0. 657 0. 698
0.692) | (0.561) | (0.706) | (0.739) | (0.550) | (0.632) (0.687)
- 0. 865 0705 | 0.754 | 0.601 | 0511 0.786 0.835
0.754) | (0.615) | (0.865) | (0.656) | (0.466) | (0.675) (0.819)
R 0. 904 0710 | 0763 | 0279 | 0575 0.776 0. 897
(0.763) | (0.686) | (0.904) | (0.612) | (0.456) | (0.563) (0.828)

4. Conclusions

Correct classification of microarray gene expression and metabolomics data is a
significant issue. These datasets often contain outliers due to multiple steps in the data-
generating processes, which may affect the performance of downstream analysis. Among the
existing methods of classification, the PLS-LDA is the most popular one. However, it gives
misleading results in the presence of outliers. In this study, we robustify the PLS-LDA
classifier with a minimum beta-divergence estimator. The performance of the proposed method
depends on the value of the betas, and it converges to the classical PLS-LDA as the beta values
approach zero. The performance of the proposed methods was compared with six commonly
used classifiers, namely, SVM, LDA, KNN, NB, LR, and PLS-LDA, for both simulated and
real data analyses, and it improved the performance over other methods. This proposed method
will enable handling outliers at large scales in gene expression and metabolomic data. The DE

https://nanobioletters.com/ 13 0f 19


https://doi.org/10.33263/LIANBS151.034
https://nanobioletters.com/

https://doi.org/10.33263/LIANBS151.034

genes identified by the proposed methods have been found to have a significant association
with cancer. The PPI, KEGG, and GO analyses showed the significance of these genes and the
proposed method. One limitation of our approach is that we did not compare it with the latest
deep learning models or other advanced classification algorithms, and our experiments were
conducted on a limited number of real datasets. Moving forward, we plan to extend our work
by evaluating the proposed method against these state-of-the-art techniques across a larger and
more diverse set of datasets. This will help us better understand its strengths and areas for
improvement.
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Figure S1. Heatmap
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Figure S2. Beta selection for the Colon data: (a) with original data; (b) with corrupted data via 10% outliers.
Based on this selected beta values, the weight plots for finding outliers; (c) with original data; (d) with
corrupted data via 10% outliers.
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