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Introduction
Supervised learning is a broad category of techniques 

used to develop a classification rule to differentiate the class of 
observations (tissue samples in this study) when the true class of 
each observation in the data set is known. The classification rule 
can then be used to predict the class of a new mystery specimen. 
Such methods can be employed in any situation for which it is 
desirable to predict the phenotype of a biological sample given the 
sample’s gene expression data. These class prediction methods 
can be used to create gene expression diagnostic classifiers for 
cancer, which is the application of interest in this study.

For a binary response (e.g., cancerous or normal tissue), the 
gene expression data obtained from a microarray experiment can 
be represented as a g n×  matrix, X , in which the g rows correspond  

 
to genes and the n columns correspond to samples, each of which 
are known a priori to belong to one of the two classes. The ijx  value 
represents the (transformed and/or normalized) gene expression 
measurement for the ith gene in the jth sample and a vector, Y  , 
indicates the true class membership of each sample. A classifier is 
a function that partitions the space of the gene expression profiles 
into two (for a binary outcome) disjoint and exhaustive subsets 
so that each of the n samples will be assigned to a predicted class.

In the context of class prediction from microarray gene 
expression data, traditional statistical methods (e.g., logistic 
regression) generally do not perform well due to the so called 
“curse of dimensionality” (Bellman [1]) resulting from the fact that, 
in microarray studies, there are often fewer than 100 observations 
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(samples) but the number of predictors (genes) represented on 
a microarray chip is usually several thousand at a minimum. In 
most microarray studies, from a biological standpoint there will 
generally be only a relatively small subset of genes that contain 
meaningful information with regard to the class membership. 
Thus, for the purposes of class prediction, implementation of 
supervised classification techniques is usually preceded by feature 
selection in order to reduce the number of genes used.

Studies of statistical methods for selecting differentially 
expressed genes have found little overlap between the gene lists 
obtained from different methods. For example, Jeffery et al. [2] 
examined ten different feature selection methods and observed 
only 8% to 21% of genes in common from gene lists produced 
by these methods. Such a lack of agreement in gene lists is 
worrisome if the purpose of a study is to identify genes for further 
investigation (e.g., genes to serve as targets for therapeutic agents, 
etc.). But when the purpose is to develop an algorithm for class 
prediction, Shi et al. [3] observed only a minor contribution of 
feature selection method to prediction performance. The minor 
role played by choice of feature selection method can be partly 
explained by the finding (e.g., Boutros et al. [4]) that on the same 
dataset, good predictive performance can be achieved using 
different gene lists with very little overlap. 

There are many feature selection methods available, four of 
which will be considered in this study: Student’s t-test for two 
independent samples, Welch’s t-test, the Wilcoxon rank-sum test 
(a.k.a., Mann-Whitney U test or the Mann-Whitney-Wilcoxon test), 
and Significance Analysis of Microarrays (SAM) (Tusher et al. [5]). 
The gene lists used in this study will be generated from these four 
methods by ranking genes in terms of their significance based 
on the test statistics. Five different gene list sizes will be used for 
class prediction. So as to avoid optimistically biased estimation 
of the misclassification rates, feature selection will be performed 
using only data from the training set (a.k.a., learning set), and 
evaluation will be subsequently performed on the validation set 
(Ambroise and McLachlan [6]). Note that for datasets with more 
than two classes, a “one-vs.-rest” scheme, as implemented in the 
GeneSelection function in Bioconductor’s CMA library, will be 
used for feature selection. PLS+LDA and KNN are two commonly 
used supervised learning methods in cancer genetics studies that 
will be examined in this study. 

k-nearest neighbors (KNN) 
The class of each sample in the validation set is predicted using 

information from the k “nearest” samples in the training set. A 
class prediction is made for a test sample based on a majority vote 
of its neighbors, with the test sample class being predicted as the 
class most common among its k nearest neighbors. The number of 
nearest neighbors, k, is a positive integer which is either specified 
a priori (Simon et al. [7]), or k can be selected via parameter tuning 
as discussed below. For binary classification, choosing an odd 
number for k is desirable in order to avoid voting ties.

Figure 1: Schematic diagram showing an example of KNN where 
the green circle represents a test sample from the validation set, 
the red triangles represent samples in the learning set from class 
1, and the blue squares represent samples in the learning set 
from class 2. If k=3 (solid inner circle), class 1 is predicted for the 
test sample. But if k=5 (dashed, outer circle) class 2 is predicted 
for the test sample

The nearest neighbors are the samples in the training 
set with the gene expression profile most similar to the test 
sample. That is, the closest k samples from the training set are 
selected to be those with the smallest distance from the sample 
whose class is being predicted (Figure 1). There are a number 
of possible distance measures that can be used (e.g., one minus 
the correlation coefficient, Mahalanobois distance, or Euclidean 
distance). Euclidean distance is the distance metric used for the 
implementation of KNN in this study (classifier = ‘knnCMA’ in 
the Bioconductor CMA library). For two samples, 1x  and 2 ,x  with 
expression levels measured for each of g  genes, the Euclidean 
distance across all genes can be defined as

2
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g

i i
i

d x x x x
=

= −∑  (1)

To implement the KNN algorithm due to Fix & Hodges [8], in 
turn for each sample in the validation set: 

(i) Find the k closest samples in the learning set, and 

(ii) Predict the class of the test sample by choosing the class 
that is most common among those k neighbors.

In this study KNN will be implemented with the value of k 
tuned via internal 3-fold cross-validation over the parameter 
space k = 1, 3 and 5. When the value of k is selected via internal 
cross-validation, the nearest neighbors algorithm is performed on 
the learning set only. To begin the internal cross-validation, the 
samples in the learning set are randomly partitioned into three 
internal folds, one of which is initially designated as the internal 
validation set with samples from the other two folds used for the 
internal learning set. Each of the values of k under consideration 
is used to construct the classifier and predict the class of each 
of the samples in the internal validation set. Each of the three 
internal folds are in turn treated as the internal validation set for 
a single internal CV iteration. The value of k yielding the lowest 
misclassification rate in internal cross-validation is then used 
to construct the KNN classifier for prediction on the original 
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(external) validation set. The predicted class for each validation 
set sample is then compared to the test sample’s true class so that 
the misclassification rate can be computed. Note that this whole 
process represents a single external cross-validation iteration. 
Then a new learning set / validation set partition is generated 
and the entire process is repeated for B iterations (B =200 for this 
study).

Partial least squares + linear discriminant analysis 
(PLS+LDA)

Partial least squares (PLS) is a dimension reduction technique 
that finds the “components” (weighted linear combinations 
of genes) that maximize the covariance with Y (an n n×  matrix 
indicating the class membership of each sample). The PLS 
regression model is

T T

T

,
,

= +
= +

X TP E
Y TQ F  (2)

where the n r×  matrix of components ( ) ,r g<  ,T  is a linear 
combination of the original gene expression matrix, TX  (with 
dimensions n g× ), and where P (with dimensions g r× ) and Q 
(with dimensions n r×  ) are “loading” matrices of coefficients, 
with E (having dimensions n g×  ) and F (having dimensions n n×  )   
being matrices of the normal independent identically distributed 
random errors.

The number of components, ,r  is chosen by the analyst. 
In this study, PLS+LDA will be implemented using either 2 
components or 3 components as determined by internal 3-fold 
cross-validation (as described for KNN above). The matrix 
of components, T, represents a linear transformation of TX
, T=T X W , where W  is a g r×  matrix of weights. The columns 
of W and T can be represented by ( )T

1 ,...,h h ihw w w= and ( )T
1 ,...,h h nht t t=

respectively for h = 1,…, r with W chosen so as to maximize the 
squared sample covariance, ˆCov ( , )Y T , under the condition that 
the components are uncorrelated (Boulesteix & Strimmer [9]). For 
PLS+LDA as implemented in this study (classifier = ‘pls_ldaCMA’ in 
Bioconductor’s CMA library), the n r×  matrix of components, T 
will be used as the predictors in linear discriminant analysis (LDA, 
described below). Either two or three components (the “ncomp” 
parameter) will be used with the choice determined via internal 
CV as described above for KNN.

Let (1)t  and (2)t  represent the sample mean of the two classes’ 
PLS components, and let 1

ˆ
c=∑  and 2

ˆ
c=∑ represent the components’ 

estimated covariance matrices. Fisher’s LDA finds the linear 
projections of the components that most effectively distinguishes 
between the classes. The vector JT  of PLS components for the jth 
sample is reduced to a scalar by a linear transformation: 

1 1 2 2 ... ,j j j g gjz v t v t v t= + + +  (3)

where the v values are component-specific weights chosen to 
maximize class discrimination of samples in the learning set. 

Fisher [10] defined maximal discrimination as the linear 
combination resulting in the largest ratio of the absolute difference 
in class means to within class variability. The same v values are 

used for all n samples. For the vector of weights, 1 2( , ,..., )gv v v=V , 
maximal discrimination occurs when (1) (2) 1

1 2
ˆ ˆ( )( )c ct t −

= == − ∑ +∑V . A 
test sample (j*) from the validation set with the vector components 
Tj* will be assigned the predicted class 1 if (1) (2)

* ( ) / 2j t t⋅ > ⋅ +V T V . 
Otherwise the predicted class will be 2.

Classifier evaluation
Validation is needed to evaluate the accuracy of a classifier’s 

predictions. In order to avoid overly optimistic assessments of a 
classifier’s predictive ability, validation should be performed on 
samples other than those used to construct the classifier. This is 
accomplished by building the classifier, including any preliminary 
feature selection, using only information from a training set (a.k.a. 
learning set) of data, and subsequently evaluating the classifier 
using a validation set of data comprised of test samples which 
were not included in the training set. This type of assessment in 
which a portion of the original dataset is set aside for evaluation 
purposes is referred to as cross-validation.

In practice, the parameters of a classifier are tuned via 
cross-validation in the training set. The classifier with the best 
performance in validation set cross-validation is then “frozen” 
and used to predict the class of future mystery samples. Although 
numerous classifier evaluation methods exist, the three used in 
the present study are bootstrap sampling, m-fold cross-validation 
(m-fold CV) and leave-one-out cross-validation (LOOCV). The 
misclassification rate (i.e., the proportion of misclassified samples 
in the validation set) is the performance measure used in this 
study to assess the predictive ability of the classifiers.

Bootstrap sampling
From a full dataset composed of n samples, n samples are 

randomly chosen with replacement for inclusion in the training 
set. The validation set is comprised of samples which were not 
chosen for the training set, so the validation set in each bootstrap 
iteration will have a variable number of samples. For each of the B 
bootstrap iterations, the classifier is constructed from the training 
set data and then applied to each sample in the validation set. 
The misclassification rate is computed as the mean proportion 
of samples misclassified per iteration, across the B iterations. 
Stratified bootstrap sampling was used to maintain the same class 
proportions in the training set of each iteration as the original 
dataset class proportions. Two-hundred bootstrap iterations were 
used for analysis of the experimental datasets.

m-Fold cross-validation (m-fold CV)
The n  samples in the original full dataset are randomly 

separated into m  non-overlapping groups of equal size. (When 
n m  is not an integer, the number of samples allocated to one 
or more of the folds will have a sample size difference of one 
from the other fold(s), in order to have a total of n  predictions 
across the m  folds.) Each of the m  folds are in turn used as the 
validation set while the other 1m − folds are combined to form the 
training set. During the entire m -fold CV procedure, a prediction 

http://dx.doi.org/10.19080/BBOAJ.2019.09.555752


How to cite this article: Joseph L H, Sudesh K S. Performance of Partial Least Squares + Linear Discriminant Analysis versus k-Nearest Neighbors for 
Validation Set Classification of Cancer DNA Microarray Data. Biostat Biometrics Open Acc J. 2019; 9(1): 555752. DOI: 10.19080/BBOAJ.2019.09.555752.06

Biostatistics and Biometrics Open Access Journal

is made for each of the n  samples in the full dataset. An m-fold 
CV iteration is complete after each of the m  folds has been treated 
as the validation set. Then the next iteration begins with a new 
random partitioning of the m  folds. The misclassification rate is 
computed as the mean proportion of samples misclassified per 
iteration. Stratified 5-fold CV was implemented in the present 
study to maintain the class proportions of the original dataset in 
each of the m folds. Two-hundred m -fold CV iterations were be 
used for analysis of the nine experimental datasets.

Leave-one-out cross-validation (LOOCV)
For LOOCV, each of the individual n  samples in the full 

dataset are, one-at-a-time, treated as the validation set, with the 
remaining 1n −  samples used to form the training set. Note that 
LOOCV is merely a special case of m -fold CV where . m n=  Also 

note that the LOOCV sampling partitions of the training set and 
validation set are completely deterministic since each individual 
sample in the dataset is sequentially treated as the validation set, 
and the remaining samples comprise the training set. On the other 
hand, the bootstrap samples and the selection of the samples 
comprising the folds of the 5-fold CV learning and validation sets 
are randomly generated (not deterministic).

Study objective
This study compares PLS+LDA and KNN classifiers for cancer 

microarray data and examines the effect of classifier evaluation 
method. The effects of class imbalance and sample size are also 
investigated in a simulation study. Characteristics of the classifiers 
such as the best gene selection method and number of genes used 
in the optimized classifier are also described. 

Methods
Experimental dataset workflow 
Table 1: Workflow used for each experimental dataset.

Supervised Learning Method Parameters Tuned Classifier Evaluation Method Gene Selection Method Number of Genes Used

KNN k = 1, 3, 5
Bootstrap, LOOCV, 5-fold CV t-test, Welch test, Wilcoxon 

rank-sum test, SAM 20, 50, 100, 200, 500
PLS+LDA ncomp = 2, 3

PLS+LDA: Partial Least Squares + Linear Discriminant Analysis, KNN: k-nearest neighbors, m-fold CV: m-fold cross-validation, LOOCV: leave-one-
out cross-validation, SAM: Significance Analysis of Microarrays.

Figure 2: Schematic diagram of the workflow for one 5-fold CV iteration.

The workflow for both supervised learning methods’ 
classifiers on each experimental dataset is summarized in Table 
1 and one 5-fold CV iteration is depicted schematically in Figure 
2. The study workflow is designed to provide a comparison of 
the classifiers by analyzing nine real cancer microarray datasets. 

Classifiers constructed from the nine experimentally derived 
publicly available microarray datasets from previously published 
studies will be evaluated via three classifier evaluation schema 
(LOOCV, 5-fold CV with 200 iterations and Bootstrap sampling 
with 200 iterations), using four gene selection methods (the 
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t-test, Welch test, Wilcoxon rank-sum test, and SAM) used to select 
gene lists of five sizes (20, 50, 100, 200 and 500 genes). Publicly 
available cancer microarray datasets that had already been pre-

processed and normalized were chosen. Table 2 summarizes the 
nine experimental datasets analyzed and descriptions of these 
datasets are given in Appendix 1 [11-19]. 

Table 2: Summary of Experimental Datasets Analyzed.

Dataset Cancer Type Genes Samples Classes

Alon et al.[11] Colon 1991 62 2

Golub et al. [12] Leukemia 3051 38 2

Khan et al. [13] Small, Round Blue-Cell 2308 63 4

Singh et al. [14] Prostate 5908 102 2

Sültmann et al. [15] Renal 4224 74 3

Alizadeh et al. [16] Leukemia 4026 62 3

Garber et al. [17] Lung 3171 53 2

Pomeroy et al. [18] Central Nervous System 5597 38 4

Ramaswamy et al. [19] Adenocarcinoma 9868 76 2

Analysis of experimental data results
A mixed effects linear model with a compound symmetry 

covariance structure was used to investigate the effect of 
supervised learning method (KNN versus PLS+LDA) on 
misclassification rate after controlling for validation method (5-
fold CV, LOOCV and bootstrap) while accommodating the repeated 
misclassification rates arising from the same dataset via different 
validation methods. Initially a “saturated” regression model was 
fit as specified below:

_ * _ .MisclassRate SLmethod validation method SLmethod validation method= + +  (4)

If the supervised learning method-by-validation method 
interaction term was not significant (α=0.05) then it was removed 
and the regression model was refit using only the supervised 
learning method and classifier evaluation method main effects, as 
specified below:

_ .MisclassRate SLmethod validation method= +  (5)

The number of genes selected for KNN vs. PLS+LDA classifiers 
was compared in a similar way using a mixed effects linear model.

Simulated data methods

Simulation studies were undertaken to examine the effects 
of sample size and imbalance in the number of samples per class 
on predictive performance. The simulations were based on the 
experimental data from the Singh et al. [14] study. The original 
Singh dataset contained gene expression levels measured on 52 
prostate cancer tumor samples and 50 normal prostate tissue 
samples. For the sake of simplicity, for the simulation studies 
we considered 100% of the dataset to be 50 cases (instead of 52 
cases as were present in the original experimental dataset) and 50 
controls in the learning set. For the simulation study investigating 
the effect of sample size, the proportion of samples from each class 
in the learning set in the resampled datasets were reduced from 
100% to 90%, 80%, 70%, 60%, 50%, 40%, 30%, 20%, and 10% 
of the original sample size. (In other words, the number of cases 
in each learning set random sample was 45, 40, 35, 30, 25, 20, 15, 

10, and 5.) From the original Singh [14] experimental dataset, a 
learning set of the desired sample size and class proportion was 
selected with replacement. Observations that were not selected 
for the learning set comprised the validation set. Classifiers were 
trained using the same workflow previously described for the 
experimental data with 200 total bootstrap iterations performed 
at each sample size and class proportion examined.

For the simulation study investigating the effect of class 
imbalance, the Cancer:Control class ratios generated in the 
bootstrap resampled learning sets were 10%:90%, 20%:80%, 
30%:70%, 40%:60%, 50%:50% 60%:40%, 70%:30%, 80%:20% 
and 90%:10%. For each of the nine class ratios, 200 simulated 
learning sets were generated and analyzed using the same 
workflow described above for the experimentally derived datasets. 

For each dataset generated with the specified proportion 
of samples represented by controls for the class imbalance 
simulation study, the tuned classifier yielding the lowest mean 
misclassification rate across the 200 simulated datasets among 
all gene selection methods and gene list sizes was chosen as 
the classifier to represent the supervised learning method. 
Similarly, for each dataset of specified size in the sample size 
simulation study, the tuned classifier yielding the lowest mean 
misclassification rate across the 200 simulated datasets among all 
gene selection methods and gene list sizes was chosen. For the class 
imbalance simulation study, “class imbalance” was defined as the 
absolute value of the difference between 50% and the percentage 
of samples represented by cases (i.e., imbalance = |bootstrap 
sampled proportion cases – 0.5|). The rationale was to examine 
the effect on supervised learning methods’ misclassification rate 
as the ratio of cases to controls departed from 50%.

Pearson’s correlation was used to examine the associations 
of class imbalance and sample size with misclassification rate, 
separately for PLS+LDA and KNN classifiers. Pearson’s correlation 
coefficients measuring the associations of class imbalance and 
sample size with misclassification rate were compared for 
PLS+LDA versus KNN classifiers via the method for comparing 
“related dependent” correlation coefficients due to Steiger 
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[20] using the SAS code provided by Looney & Hagan [21]. The 
correlation coefficients are considered “dependent” because they 
are computed using the same simulated data. The correlation 
coefficients are “related” because they share a common variable, 
namely “class imbalance” in the proportion simulation study, and 
“sample size” in the sample size simulation study. Correlations of 
these two simulated parameters with the two supervised learning 
methods’ misclassification rates are tested for equivalence under 
the null hypothesis. Additionally, multiple linear regression 
analysis was used to compare the two supervised learning 
methods’ misclassification rates after controlling for class 
imbalance or sample size. 

Results 

Experimental datasets 
When analyzing the experimental dataset misclassification 

rates initially using a “saturated” mixed effects linear regression 
model, the interaction between supervised learning method 
and classifier evaluation method was not significant (p = 0.919) 
indicating that the relative performance of the two supervised 
learning methods did not depend on which classifier evaluation 
method was used. Thus, the interaction term was removed and 
the regression model was refit using only the main effects of 
supervised learning method and classifier evaluation method. 

Table 3: Misclassification rates for both supervised learning methods for all experimental datasets for each evaluation method.

Dataset
Mean Misclassification Rate Across 

the 3 Evaluation Methods Bootstrap Misclassification Rate 5-fold CV 
Misclassification Rate

LOOCV 
Misclassification Rate

PLS+LDA KNN PLS+LDA KNN PLS+LDA KNN PLS+LDA KNN

Alizadeh 0.02046 0.01324 0.03302 0.03843 0.01224 0.00129 0.01613 0

Alon 0.145117 0.16551 0.15958 0.21372 0.14674 0.15378 0.12903 0.12903

Garber 0.11258 0.12868 0.1217 0.13326 0.12169 0.13957 0.09434 0.11321

Golub 0.00869 0.00773 0.02096 0.01592 0.00511 0.00727 0 0

Khan 0.01023 0.0001 0.02079 0.00276 0.00991 0.00023 0 0

Pomeroy 0.12357 0.15303 0.17207 0.17358 0.1197 0.15393 0.07895 0.13158

Ramaswamy 0.14654 0.16719 0.15292 0.17731 0.14195 0.16636 0.14474 0.15789

Singh 0.06149 0.07978 0.07108 0.10241 0.06437 0.07812 0.04902 0.05882

Sultmann 0.03121 0.03389 0.03302 0.03843 0.03359 0.03621 0.02703 0.02703

Overall 0.07332 0.08334 0.08724 0.09954 0.07281 0.08186 0.05992 0.06862

PLS+LDA: Partial Least Squares + Linear Discriminant Analysis, KNN: k-nearest neighbors, m-fold CV: m-fold cross-validation, LOOCV: leave-
one-out cross-validation.

Looking across all 9 experimental datasets, after controlling 
for classifier evaluation method, the estimated validation set 
misclassification rate of PLS+LDA was 1.0% lower in absolute 
terms than KNN (p=0.034). The mean misclassification rate across 
the three evaluation methods was lower for PLS+LDA for six of the 
9 cancer datasets. In relative terms, the overall misclassification 
rate for PLS+LDA was (1-(0.07332/0.08334)) x 100% = 12.0% 
lower than for KNN (Table 3). Regarding validation method, after 
controlling for the supervised learning method, LOOCV had an 
estimated misclassification rate that was 2.9% lower than the 
bootstrap method (p<0.001), and 5-fold CV had an estimated 
misclassification rate that was 1.6% lower than the bootstrap 
method (p=0.004), while the estimated misclassification rate of 
LOOCV was 1.3% lower than 5-fold CV (p=0.014). 

In the optimal classifiers for both supervised learning methods, 
the t-test was the most commonly used method for selecting 
differentially expressed genes, and the smallest gene list sizes 
(number of genes=20) was most commonly used (Appendix 2). 
The gene list size of optimal classifiers did not differ significantly 
across the three classifier evaluation methods after controlling 
for supervised learning method (p=0.775), nor did the gene list 
size differ between the two supervised learning methods after 
controlling for classifier evaluation method (p=0.706). 

Simulation study 
Looking across the simulated class proportions, for KNN 

classifiers, greater class imbalance was associated with a 
significantly lower misclassification rate (r = -0.991, p = 0.001) but 
the misclassification rate of PLS+LDA classifiers was not associated 
with class imbalance (r = 0.013, p = 0.984). The magnitude of 
the correlation of the KNN classifier misclassification rate with 
class imbalance was significantly greater than PLS+LDA classifier 
(p=0.007). The misclassification rate of KNN classifiers was 
highest (7.3%) when the classes were balanced and decreased 
steadily as the class imbalance increased, reaching a minimum 
misclassification rate of 5.4% at the maximum class imbalance; 
whereas the misclassification rate of PLS+LDA classifiers varied 
much less (from 5.1% to 6.0%) and the misclassification rate was 
not monotonically associated with class imbalance (Figure 3).

The misclassification rates of both PLS+LDA (r= -0.921, 
p<0.001) and KNN (r= -0.898, p=0.001) declined steadily with 
increasing sample size (Figure 4). The misclassification rate of 
PLS+LDA was consistently lower than the misclassification rate 
of KNN across all sample sizes, with a predicted misclassification 
rate that was an estimated 1.7% lower in absolute terms than 
the misclassification rate of KNN, after controlling for the sample 
size (p<0.001). For both KNN (r=0.085, p = 0.829) and PLS+LDA 
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(r=0.194, p = 0.617), the number of genes used in the classifier 
was not significantly associated with the simulated sample size. 
For both KNN (r= -0.294, p = 0.442) and PLS+LDA (r= -0.546, p = 

0.128), the number of genes used was not significantly associated 
with class imbalance. 

Figure 3: Misclassification rates of KNN and PLS+LDA classifiers by extent of simulated class imbalance.

Figure 4: Misclassification rates of KNN and PLS+LDA classifiers with varying simulated sample sizes.

Discussion
Overall, PLS+LDA classifiers performed better than KNN 

classifiers in this study. In the nine experimental cancer datasets, 
PLS+LDA had a significantly lower validation set misclassification 
rate than KNN, although this difference did not generalize 
across every individual cancer dataset. In simulation studies, 
the PLS+LDA misclassification rate was consistently lower than 
KNN’s in the presence of reduced sample sizes, and PLS+LDA 
showed less sensitivity to learning set class proportions. Both 
methods’ misclassification rates increased as learning set sample 
size decreased. No differences were observed in gene selection 
method or gene list sizes of the two supervised leaning methods’ 
classifiers. A PubMed search (11/3/2018) of “nearest neighbor”, 
“partial least squares” and “linear discriminant analysis” yielded 
6063, 9272 and 4186 publications, respectively, which was reduced 
to 513, 505 and 837 when these publications were restricted 
to those sharing the search term “cancer”. So these supervised 

learning methods are commonly used in cancer research. Using 
PLS in conjunction with LDA as was done in this study combines 
two different supervised learning methods. Recently, other 
adaptations of PLS have been proposed for classification of high 
dimensional gene expression data. For example, Durif et al. [22] 
developed “an adaptive version of the sparse PLS for classification, 
called logit-SPLS, which combines iterative optimization of logistic 
regression and sparse PLS”. But standard PLS has also been shown 
to be superior to other common methods for classification of 
genomic data (Sun et al. [23]). 

Regarding classifier evaluation method, LOOCV had a 
significantly lower validation set misclassification rate than 5-fold 
CV and bootstrap sampling. Bootstrap sampling is the better choice 
of evaluation for selecting between classifiers due to the relatively 
high validation set misclassification rate, thereby providing 
greater ability to discriminate between the performances of 
different classifiers. With LOOCV, there were numerous ties 
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between classifiers’ misclassification rates because of the discrete 
number of predictions made, so LOOCV is not a suitable method 
of classifier evaluation for the purpose of identifying the optimal 
classifier.

When the goal is to assess the relative performance of 
different classifiers, LOOCV is not recommended due to the large 
potential for ties. As can be seen in in the results presented above, 
the misclassification rates of PLS+LDA and KNN were tied in 4 of 
the 9 datasets when evaluated via LOOCV, but no ties occurred for 
5-fold CV or bootstrapping. The reason for so many ties is that 
the misclassification rate computed by LOOCV can be considered 
a discrete measurement, especially for datasets of small sample 
size, since the misclassification rate can only take values from 0 to 
1 in increments of 1 .n  

A recent systematic study of the evaluation of PLS+LDA 
classifiers (Rodriguez-Perez et al. [24]) noted that LOOCV is 
frequently used to evaluate PLS+LDA classifiers in omics research, 
although bootstrap and m-fold CV are preferred because these 
methods are not as optimistically biased as LOOCV. Interestingly. 
Zervakis et al. [25] claim that estimates of error rates obtained 
by LOOCV are “over-optimistic” but other studies claim that 
LOOCV provides a nearly unbiased estimate of the prediction 
error rate (Ambroise and McLachlan [6], Boulesteix et al. [26], 
Man et al. [27], Aeberhard et al. [28], Hastie et al. [29]). So there 
is not agreement on the accuracy of the error rate estimation of 
LOOCV, but its use for classifier selection is discouraged due to the 
common occurrence of ties in classifiers’ misclassification rates. 

Similar to the present study, Jeffery et al. [2] observed a 
consistent decrease in classification performance when the 
sample size of learning sets was reduced by randomly removing 
pre-specified proportions of samples. In another simulation 
study, Popovicil et al. [30] examined classification performance 
on breast cancer data using two different resampling methods 
and came to the conclusion that “genomic predictor accuracy 
is determined largely by an interplay between sample size and 
classification difficulty” of the specific endpoint. The current 
study did not find a statistically significant relationship between 
simulated sample size or class imbalance with gene list size for 
either supervised leaning method. But based on trends observed 
in this study, we expect that a more focused simulation study 
designed to systematically investigate the association between 
class imbalance and gene list size could demonstrate a correlation.

In another simulation study that examined the effects of class 
imbalance and sample size by resampling a breast cancer dataset, 
consistent with the current study, Blagus and Lusa [31] concluded 
that LDA was less sensitive to class imbalance than KNN. Although 
the Blagus and Lusa [31] simulation study was informative, their 
experimental design confounded associations between sample 
size and class imbalance because in every instance that the class 
proportions changed, the sample size also changed, so the most 
highly imbalanced resampled datasets were also the datasets 
with the largest sample size. By contrast, the simulation studies 

presented here manipulated sample size and class imbalance 
independently, thereby allowing for a separate investigation of the 
effect of each factor. 

A recent review (Haixiang et al. [32]) of statistical methods 
for supervised learning with class-imbalanced data found under-
sampling the majority class and over-sampling the minority class 
to be two strategies commonly used to deal with imbalanced data. 
For example, Zheng et al. [33] proposed a variation of the synthetic 
minority over-sampling technique (SMOTE) that oversamples the 
minority class by creating a feature space for an artificial sample 
that is a stochastically weighted average of the feature space of a 
selected observation in the minority class and a randomly chosen 
nearest neighbor. Although the method performed well in the 
Zheng et al. [33] study, Yin & Gai [34] found that “under sampling 
performs better than oversampling when the dataset is largely 
imbalanced” in a study using 12 different datasets. Interestingly, 
a recent study showed that using KNN with LDA significantly 
improved breast cancer classification performance compared to 
KNN alone (Joshi and Mehta [35]). Future research to compare the 
performance of KNN+LDA with PLS+LDA would be interesting. 

Conclusion
We recommend PLS+LDA over KNN for classification of 

cancer DNA microarray data. Compared to KNN, PLS+LDA has a 
significantly lower validation set misclassification rate, although 
this did not generalize across every individual cancer dataset. 
Additionally, the PLS+LDA misclassification rate performs better 
with small sample sizes and shows less sensitivity than KNN to 
class proportions. 
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