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Microarray-based Classification of
Histopathologic Responses of
Locally Advanced Rectal Carcinomas to
Neoadjuvant Radiochemotherapy Treatment

Lokal Ileri Rektum Karsinomlarinin
Neoadjuvan Radyokemoterapi Tedavisine
Histopatolojik Yanitlarinin
Mikrodizin-Tabanli Siniflandirmas:

ABSTRACT Objective: This paper aims to present preoperative prediction of responses of locally advanced
rectal cancer (LARC) patients to neoadjuvant radiochemotherapy (NRC) treatments using their gene exp-
ression profiles. Materials and Methods: Expression profiles of 24,026 genes were generated on 43 LARC
samples using microarray technology. The 43 samples contained two histopathologic response groups of 14
responders and 29 non-responders to NRC treatment. Using a novel k sequential feature selection and clas-
sification (k-SS) method, a subset of gene signatures whose expression levels are correlated with the two res-
ponse groups was selected for pre-therapeutic prediction of the LARC patients. Results: Five informative
gene chips whose expression profiles are strongly correlated with the two histopathologic response groups
of the LARC samples were selected. Some of these are protein encoding genes like SF3A1 that functions in
the nucleus and helps to convert pre-messenger RNA to mRNA. The average bootstrap.632+ prediction ac-
curacy based on these genes is about 98%. Results from cluster analysis and PCA showed good discrimina-
tion of the two clinical response groups. Although, all the five out-of-bag samples were correctly classified,
the classification of the entire 43 LARC samples in a 10-fold cross-validation yielded 86% and 93% correct
classifications of responders and non-responders respectively. Conclusion: Results from this study equally
showed that preoperative prediction of responses of LARC patients to NRC treatment using gene expres-
sion profiles is possible. This shall immensely help in clinical diagnosis and treatment of locally advanced
rectal carcinomas. Nevertheless, validation studies with larger patient groups might be desirable in future.

Key Words: k-SS method; locally advanced rectal carcinomas; neoadjuvant radiochemotherapy;
gene expression profiles; misclassification error rate

OZET Amag: Bu galigma, lokal ileri rektum kanserli (locally advanced rectal cancer-LARC) hastalarin neo-
adjuvan radyokemoterapi (neoadjuvant radiochemotherapy-NRC) tedavisine yanitlarinin, gen ekpresyon
profillerini kullanarak, pre-operatif tahminlerinin sunulmasini amaglamaktadir. Gereg ve Yéntemler: Mik-
rodizin teknolojisi kullanilarak, 24026 adet genin ekpresyon profilleri 43 LARC 6rnegi tizerinde tiiretilmi-
stir. Bu 43 6rnek, NRC tedavisine yanit veren 14 ve yanit vermeyen 29 kisiden olusan, iki histopatolojik
yanit grubunu icermektedir. LARC hastalarinin tedavi 6ncesi tahmini i¢in, yeni k ardigik 6zellik se¢im ve
siniflama (k sequential feature selection and classification-k-SS) yontemi kullanilarak, ekspresyon diizey-
leri iki yanit grubu ile iligkili olan gen imzalarinin bir alt kiimesi secilmistir. Bulgular: Ekspresyon diizey-
leri, segilen LARC 6rneklerinin iki histopatolojik grubu ile giiclii diizeyde iliskili olan 5 adet aciklayici gen
¢ipi secilmistir. Bunlardan bazilar1 nukleusta islevini yerine getiren ve pre-mesajc1 RNA’y1 mRNA’ya do-
niistiirmeye yardim eden, SF3A1 gibi protein kodlayan genlerdir. Bu genlere dayali ortalama bootstrap 632+
tahmin dogrulugu, yaklasik olarak %98’dir. Kiimeleme analizi ve temel bilesenler analizi sonuglari, iki kli-
nik yanit grubunun iyi bir sekilde ayrildigim gostermistir. Bununla birlikte, bes ¢anta dis1 6rneklemlerin
tiimii dogru simiflandirilmis olsalar da, 10-kath ¢apraz gegerlilikte 43 LARC 6rneklerinin tiimii yanit ve-
renler ve vermeyenler icin sirasiyla %86 ve %93 dogru siniflandirma yiizdeleri vermistir. Sonug: Bu ¢al-
1smanin sonuglari, esit olarak LARC hastalarinin NRC tedavisine yamitlarinin pre-operatif tahminlerinin,
gen ekspresyon profillerini kullanarak yapilmasinin miimkiin oldugunu gostermektedir. Bu, klinik tam
koymada ve lokal ileri rektum karsinomlarinin tedavisinde son derece yardimci olabilir. Yine de, ileride
daha biiyiik hasta gruplan ile dogrulama ¢aligmalarinin yapilmas: arzu edilebilir.

Anahtar Kelimeler: k-SS yontemi; lokal ileri rektum karsinomlari; neoadjuvan radyokemoterapi;
gen ekspresyon profilleri; hatali siniflandirma orami
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he recent breakthrough in microarray tech-

nology! which allows monitoring the ex-

pression profiles of several thousands of
genes, simultaneously, has been a huge success.
This has motivated a number of works in genomic
research and many interesting results have
emerged through gene expression profiling of dif-
ferent malignancies.”* The management and treat-
ment of cancer tumours depends largely on the
specific subtype of cancer.’ Identification of such
cancer subtype might require thorough examina-
tion of the tumour cells in a microscope and some
other clinical parameters. But studies have shown
that cancer might be discovered earlier with mi-
croarray analysis than with clinical methods.®’
Therefore, another alternative method for identi-
fying tumours with different biology is to monitor
the molecular characteristics of cancer through the
gene expression profiles measured on the sample
specimens.® % Such characteristics could then be
used to identify and classify the tumour conditions

of the tissue samples.>!!

The classification of clinical status or other
outcome of interest of biological samples using
their gene expression profiles has been given
prominent attention in many microarray studies in
the recent past. A particular instance of this is the
study of Price et al.'? in which the two tumour
types of 68 Gastrointestinal stromal tumor (GIST)
and Leiomyosarcomas (LMSs) tissue samples were
identified using their gene expression signatures.
Also, in the lung cancer microarray classification
work of Gordon et al.,”* human genome were used
to discriminate between the two cancer tumour
groups of malignant pleural mesothelioma (MPM)
and adenocarcinoma (ADCA) of the lung.

In the treatment of locally advanced rectal

carcinomas  however,  neoadjuvant  ra-
diochemotherapy (NRC) treatment has been clin-
ically identified as a standard therapy apart from
primary surgery.'*'¢ It has been reported by Samel
et al.'” that NRC induces tumour remission and
can prolong survival time of patients with locally
advanced adenocarcinoma of the oesophagogastric
junction. However, the histopathological and clin-

ical response to NRC treatment has been reported
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to be relatively lower ranging between 30% to 50%
of the patients.'®!” In other words, only about 30 to
50% of locally advanced rectal cancer (LARC) pa-
tients, hereafter tagged the ‘responders’, do respond
positively to NRC treatments while about 50 to
70% of them do not normally respond to neoadju-
vant treatments hereafter tagged the ‘non-respon-
ders’.

If it is possible to identify pre-therapeutically
LARC patients that would not benefit from NRC
treatments (the non-responders), this would help
immensely to place this group of patients on al-
ternative treatment regimens that would be ben-
eficial to them like primary surgery before the
cancer tumour could metastasize. This would also
protect the patients against possible adverse ef-
fects of radiochemotherapy treatments that might
not really help to alleviate their health conditions.
On the other hand, early identification of LARC
patients that would benefit maximally from
neoadjuvant treatments (the responders) would
save this group of patients the risks of primary
surgery in the treatment of their rectal carcino-
mas. For this group of patients, their treatment
regimens might just be limited only to NRC ap-
plications.

More generally, the biology of cancer tumours
is not identical even within the same type of cell
in the same organ. This has led to the development
of different therapy measures to address various
species of sub-cancer types. In the diagnosis and
treatment of locally advanced rectal carcinomas
however, a number of clinical methods are often
being adopted to predict the responses of LARC pa-
tients to NRC treatments.?*?! Unfortunately, some
of these methods have been reported to take a con-
siderable longer period of time before early re-
sponses could be detected among the patients that
would actually respond to NRC treatment." This
allows for the making of early decision on the
choice of treatment that would be of benefit to the
patients difficult before the cancer tumour could
advance.

Due to the above limitations of the clinical
methods, a viable alternative as earlier pointed out,
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is the use of the gene expression profiles to moni-
tor the molecular characteristics of the rectal can-
cer tumour. This allows for the prediction of
responses to NRC treatment. The presence of rec-
tal carcinomas and the responses to NRC treatment
might be detected earlier through this microarray
base procedure than through the clinical meth-
ods.?>2* All these motivated the present work to
employ an efficient microarray based classification
method to identify and select the relevant gene ex-
pression signatures for proper pretherapeutic pre-
diction of histopathologic responses of LARC
samples to NRC treatment. Such identified genetic
signatures would provide efficient clinical tools for
further chemotherapeutic measures in the treat-
ment of locally advanced rectal carcinomas. The
method of analysis employ for this purpose is the k
sequential feature selection (k-SS) method.?>%

The k-SS method is a fast and efficient algo-
rithm for feature selection and response class pre-
diction in any binary response microarray tumour
classification problem. The prediction accuracy of
this method is assessed by the estimated average
misclassification error rate (MER) and by some
other performance indices as presented in later sec-
tions.

A brief overview of the £-SS method as em-
ployed here is presented in section two. Further de-
tails on this method have been presented in some of

the earlier studies.”>?%

I 1. MATERIAL AND METHODS

The microarray data discussed in this paper em-
anated from the clinical study carried out in the
Department of Surgery, Klinikum rechts der Isar,
Technical University of Munich, Munich, Ger-
many on preoperative endoscopic biopsy speci-
mens of 43 patients with locally advanced rectal
carcinomas. All the 43 patients underwent neoad-
juvant radiochemotherapy treatment followed by
surgical resection. Out of these 43 LARC patients,
14 of them (about 33%) demonstrated histopatho-
logic response to NRC treatment and they were
therefore tagged the ‘responders while the re-
maining 29 patients (about 67%) did not respond
to the neoadjuvant therapy treatment and they
were tagged the ‘non-responders’.

According to the tumour regression classifica-
tion of Becker et al.?® as adapted in Rimkus et al.,””
the histopathologic responders are defined as rec-
tal cancer sample specimens with less than 10% of
viable tumour cells after receiving NRC treatment
while the non-responders are those still having at
least 10% or more of viable tumour cells after re-
ceiving neoadjuvant treatments. Summary of some
clinical characteristic of all the 43 LARC patients
are presented in Table 1. Further details on these
have been presented elsewhere.?

Using standard protocols, the expression pro-
files of 24,026 Affymetrix Gene Chips were meas-

TABLE 1: The description of biological characteristics of the 43 Locally Advanced Rectal Cancer patients employed in this
study. Note: s.d. in the parenthesis indicates the standard deviation of the ages.
Clinical Characteristics of All The 43 Locally Advanced Rectal Cancer Patients

Total Number of Biological Sample 43

Sex Male 31 (%72)
Female 12 (%28)

Age Mean {s.d.) 59 years (6.3 years)
Minimum 32 years
Maximum 74 years

Histopathologic Responses to NRC Treatment Responders 14 (%33)
Non-responders 29 (67)

Tumour Regression Grades?® | {0% - <10% viable tumour cells) 14 {%33)
11 {10% - 50% viable tumour cells) 18 (%42)
Il {(>50% viable tumour cells) 11 {%25)
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ured on each of the 43 tissue samples of rectal car-
cinomas. Details of the clinical procedures followed
for GeneChip hybridization and isolation as well as
amplification of ribonucleic acid (RNA) are dis-
cussed in Rimkus et al.?

To predict the responses of the 43 sample spec-
imens to NRC treatment efficiently through their
gene expression profiles, it is important to first
identify the few relevant genes subset among the
24,026 observed gene signatures whose expression
levels are jointly correlated with the two
histopathologic responses of these samples. This is
very important, because not all the 24,026 observed
gene chips would possess the required expression
profiles that are predictive of the clinical responses
of rectal carcinomas to NRC treatment. The iden-
tified and selected relevant genetic signatures can
then be used to predict the responses of LARC pa-
tients to NRC treatment.

1.1. BRIEF OVERVIEW OF THE 4-SS METHOD

The k sequential feature selection and response
class prediction (k-SS) method?® is a fast and flexi-
ble algorithm that sequentially selects relevant sub-
set of gene expression profiles for classifying
tumour conditions of biological samples in any bi-
nary response microarray classification problem.
The £-SS method is a stepwise feature selection
procedure that combines the selection of relevant
genes subset with the prediction of cancer status of
the tissue samples using the selected genes.

Let X = (Xiy,...,Xip) ben xXp
gene expression profiles of # tissue samples (n < p)

data matrix of p

with binary response groupsy; € {0,1},i =1, ...,n.

As used here, the response variable y; is coded such
that y; = 0 if the /"* sample specimen is a responder
and y; = 1 if the /" sample is a non-responder to
NRC treatments.

The k-SS procedure begins by fitting logistic
regression model***' on each gene variable x;,j=1,
..., p, through the bootstrap.632+ cross-validation
scheme® in order to examine the discriminatory
power of each gene. By bootstrap.632+, a training
sample of size n,, is randomly drawn repeatedly in
snumber of times with replacement and classifica-
tion rule constructed on each selected training
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sample. The prediction accuracy of each classifica-
tion rule is assessed on the validation sample 7,,
through the average misclassification error rate

(MER)
) =< 35_1(0.632 * O posy + 0.368 * Drprain)  (1.1)

averaged gver all the s bootstrap samples, where

] — ne 5 .

Urtest = 57— 2izy [0i # 91) , 1=1, ... s, is the boot-

strap prediction error rate computed over the vali-

1 Entr
i=1

dation (test) sample 7t While Oy trgin = —
.
is the re-substitution prediction error

Iy # y0)
rate computed over the training sample 7,,.. The
quantity 1(.) in Oy tese and Oy ¢rain is an indicator
function whose value is 1 if the predicted class label
of tHe i" sample does not equal the true class label
v; of the biological sample and 0 if otherwise.
Within the logistic regression set up, the predic-
ted class labelis J; = 1ifp(y; = 1|X =x) = 0.5
and ¥i = 0 if otherwise.

The mixing feature in the estimator of the av-
erage bootstrap MER 9 in (1.1) is determined by
correcting for the fraction of the original data
points that are not selected into the training and
test samples at each bootstrap sampling. Since the
sampling is done n times with replacement, the
chance that an element in the original sample data

would not be selected into the training set n,,. is
n

1
(1 - ;) ~ 1/e = 0.368 by Taylor’s series expan-
sion.?® This simply shows that at each bootstrap
sampling, about 1 — (1 - E) = 0.632 of n would

be in the training set n,,. while 0.368 of n would be
in the test set n,,, with n,. = n,, = n, hence, the
term bootrap.632+. Therefore, for each bootstrap
sample drawn, the empirical prediction error rate

for the bootrap.632+ is computed by the mixture
19\bootstrap = 0.632 * étest + 0.368 * Stmin 3738

thereby correcting for the proportion of original
data points that would not be present in the train-
ing and test samples used in computation. Here,
Otrain is the estimated re-substitution prediction
error rate computed over the training set while
Utest  is the bootstrap prediction error rate com-

puted over the test set. When this bootstrap proce-

11
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dure is repeated s number of times we have the av-
erage bootstrap MER estimator given by (1.1).

Now, at the first feature selection stage, the
gene variable X, that yields the least average boot-
strap.632+ MER estimate (according to (1.1)), say
5(1) among all the estimated MERs 5-,] =1,..,p,
is selected at the first gene selection step since it
shows the highest discriminatory power over oth-
ers. At the second feature selection and classifica-
tion step, the second best gene predictor X, is
selected by forming a set of pairs of genes with the
first selected gene X, and the remaining p—1 left
out genes. A logistic regression is constructed on
each gene pair and the average MER is computed
following the above bootrap.632+ procedure. At
the end of this exercise, the gene pair X(;)X|,, that
yielded the least average bootstrap MER, say 3
is selected.

Before the third best gene X(3), and more gen-
erally, the (k + 1) best gene X, could be selected
after the selection of the k" gene Xy the mar-
ginal gain in the prediction strength A,= 5(;() -
5(k+1), due to the inclusion of gene X4, into the
classification model is examined by testing the hy-

POtheSiS Hok: Ak: 0 vs. Hig: Ak> O, Ak= ‘5(,{) — 5(k+1)u '

via the test statistic

Z; = Ak—EEAk)
ko v@o
where v(Ay) is the empirical variance of the esti-
mated MER differences at any steps kand £ + 1 and
Zj, has a skew-normal density with shape parame-
ter A =4.0398%3and E(Ay) =0 under H,.
When the null H, cannot be rejected, the (k + 1)
gene X4, under consideration is dropped from

(1.2)

the classification model and the k-SS algorithm ter-
minates assuming that no other gene variable
among the remaining p — k genes is capable of im-
proving the prediction strength of the current clas-
sification model that contains the k gene variables.
However, if H},. is accepted, this shows that the
gene variable X(;, ;) has significantly enhanced the
prediction strength of the current classification
model and should therefore be retained while the
selection of the next best gene X(;,,, begins follow-
ing the same procedures above.

12

Finally, the k-SS algorithm performs backward
checks on each feature selected beginning from the
second selected gene. This enables any previously
selected feature to be checked for redundancy any-
time a new feature is introduced into the classifi-
cation model. If a new feature is selected into the
model, an average MER, say Efull is computed for
the full model. Each of the previously selected fe-
atures would be removed from the model and for
each removed feature, a new model is fitted using
all other features except the removed one and ave-
rage MER, say Oyemove i computed. If 5Temm,e <

Efu”, it shows that the removed feature is now re-
dundant in the presence of a newly selected feature
in the model, and it is therefore removed from the
model at that selection step. If no gene is further
rejected this way after terminating the forward se-
quential selection step, the set of £ marker genes
selected for classification then becomes the selected
k-SS classifiers, as they shall be referred to in later
sections.

The £-SS algorithm was developed using R sta-
tistical software® and the R codes that implement
the algorithm can be accessed freely upon request
from the corresponding author. This notwith-
standing, the R libraries ‘sn’ (library(sn)) and
‘ROCR’ (library(ROCR)) are required to run the 4-
SS algorithm in R.

1.2. DATA ANALYSIS

The rectal cancer microarray data analysed here
contained 24,026 genes and 43 tissues samples com-
prising of 14 responder and 29 non-responder
LARC patients to NRC treatments. Each of the 29
non-responders (histopathologic regression grade
2 and 3) was coded 1 while the 14 responders
(histopathologic regression grade 1) were coded 0.
The 43 rectal cancer samples with their respective
sample labels according to their clinical response
groups are presented in Table 2.

The sparseness of the biological samples in this
study notwithstanding, 38 (about 90%) of all the 43
samples were randomly selected to construct the
k-SS classification model for the data while the re-
maining unused 5 samples (about 10% of the 43

Turkiye Klinikleri ] Biostat 2014;6(1)
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TABLE 2: The sample labels of the 43 locally advanced rectal cancer patients in the clinical study according to
their respective histopathologic response groups of 14 responders and 29 non-responders to
neoadjuvant radiochemotherapy treatments.

14 histopathologic responders
P105, p211, p215, p224, p24, p309, p332, p354, p380, p402,
p410, p66, p79, p80

Sample Labels of All The 43 LARC Patients

29 histopathologic non-responders

P123, p132, p168, p177, p213, p214, p267, p274, p281, p3, p311, p319, p345,

p37, p40, p494, p572, p587, p122, p272, p275, p29, p292, p297, p32, p383, p464, p474, p504

sample) were kept as external test data to assess the
generalization error of the final-chosen model in
line with the proposal of Hastie et al.** This is done
to assess the prediction accuracy of the final model
developed. The 38 selected samples which com-
prised of 12 responders and 26 non-responders
were further re-sampled into training and valida-
tion (test) sets via the bootstrap.632+ cross-valida-
tion scheme in line with k-SS procedures for model
selection and response class prediction as summa-
rized in Section 1.1. The five left-out (external) un-
used samples comprised of two responders (p332,
p80) and three non-responders (p123, p40, p383)
LARC samples.

All the 24,026 observed gene expression pro-
files were pre-processed through normalization ac-
cording to the scheme adopted by Yang et al.*! to
identify and remove the effects of systematic vari-
ations other than the biological differences in the
measured fluorescence intensities of genes across
the hybridized mRNA samples. The normalized ex-
pression profile of each gene was then standardized
so that each of them has zero mean and a unit stan-
dard deviation. This was aimed at preventing the
gene expression measures in a particular array
from dominating the overall average expression
level.

Due to the curse of dimensionality,'** the lar-
ger features and small sample size scenario which
often renders the application of some standard re-
gression techniques unsuitable to analyse this kind
of microarray data as well as the need to save com-
putation time, we adopted an efficient primary fil-
tering algorithm, the cross-validated AUC
(CVAUC) method,? to prune the large dimensional
space of the 24,026 genes to a manageable size of
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263 potential differentially expressed genes. This
technique employs the area under the receiver op-
erating characteristics (ROC) curve for genes fil-
tering. By this method, any gene variable X; whose
estimated area under the curve (AUC), say AX]-;
averaged over a v-fold cross-validation, is
greater than 0.5 by Z,_, of its standard error O4x;

(i- e. AX]- > 0.5+ Z1—a0/ixj) was selected into the
k-SS algorithm for further usage, where Z,_, is the
quantile of the standard normal distribution at the
threshold value of 10% for Type I error o with v
being specified by the user. However, v = 10 is
often desirable as used here.

The £-SS algorithm was implemented on data
matrix of 38 samples by 263 preliminarily selected
genes according to the procedures highlighted in
Section 1.1, over 2000 bootstrap cross-validation
runs. This resulted in the selection of the best five
relevant gene signatures whose expression levels
are correlated with the two clinical response
groups of the LARC patients. The value of the Type
I error rate, a (the tuning parameter of the k-SS
classifier) was determined (by cross-validation) to
be 0.031 for the k-SS test. The five selected marker
genes subsets are used to predict the histopatho-
logic responses of LARC patients to NRC treatment
and this provided bootstrap prediction accuracy of
98.47% (average MER of 0.0153) by equation (1.1).
Details of the results are presented in Section 2. All
the data analyses were performed with R statisti-
cal software (www.cran.org). Some data prepara-
tions were performed within the environment of
other software like SPSS version 17,** Microsoft
Excel (Microsoft Corporation, Redwood, CA) and
Stata/SE 10.0.*

13
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I 2. RESULTS

The k-SS feature selection and response class pre-
diction method selected, from the rectal microarray
data, the best five informative gene chips whose ex-
pression levels are strongly correlated with the two
histopathologic response groups of the LARC pa-
tients. Using equation (1.1), the estimated average
(bootstrap.632+) misclassification error rate (MER)
provided by the five selected -SS classifiers is
1.53%. This translates to a prediction accuracy of
98.47%, an indication that almost all the 12 re-
sponders and 26 non-responders LARC patients in
the training set were correctly classified into their
respective response groups by the five selected k-SS
classifiers.

The probe set numbers, the gene symbols and
the gene names of the five selected marker genes
are presented in Table 3.

Apart from the estimated MER, the prediction
performance of the five selected £-SS classifiers was
also examined through the receiver operating char-

acteristic (ROC) curve and the estimated area
under the curve (AUC). These are simply obtained
by considering the number of runs in which each
of the patients was correctly or incorrectly classi-
fied by £-SS classification rule over the 2000 boot-
strap.632 cross-validation runs. This enables us to
obtain the plot of the cross-validated ROC
(CVROC) curve (graph not shown) and compute
the respective cross-validated area under the curve
(CVAUC) to be 0.9904 ~ 1.00.

Other performance indices employed to assess
the goodness of the five classifiers are the brier
score, sensitivity, specificity, positive predictive
value, negative predictive value (the precision) and
the Jaccard Index the results of which are pre-
sented in Table 4. The standard deviations of the
estimated performance indices which measure the
within-sample spread of the estimated values are
equally reported in Table 4. The various results re-
ported by all the performance indices clearly sup-
ported that the selected five genes are good
predictors of the clinical responses of locally ad-
vanced rectal carcinomas to NRC treatments.

TABLE 3: The five selected marker gene signatures from rectal cancer microarray data by k-SS method.

Probe-set Number Gene Symbol
216457 _s_at SF3A1

239813 _at FLJ12476
200935_at CALR
201591_s_at NISCH
202269 x_at GBP1

Gene Name

Splicing factor 3a, subunit 1, 120kDa

Hypothetical protein FLJ12476

Calreticulin

Nischarin

Guanylate binding protein 1, interferon-inducible, 67kDa

TABLE 4: The estimated performance indices of the five selected k-SS classifiers from rectal cancer microarray data.
The standard deviations of various estimated performance indices are also provided.

Performance Indices on k-SS classification rule

Misclassification Error Rate 1.53
Brier score 1.77
Sensitivity 98.41
Specificity 98.08
Positive Predictive Value 98.58
Negative Predictive Value 98.84
Jaccard Index 98.04
Cross-validated AUC 99.04

Estimated values (in %)

Standard deviations of estimates
0.0577
0.0311
0.0241
0.0130
0.0215
0.0293
0.0361
0.0307

14
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FIGURE 1: The graphs of (joint) prediction strengths (PS) of the five selected k-SS classifiers for the randomly selected 12 histopathologic responders (Fig 1(a))
and the 26 non-responders (Fig 1(b)) to neoadjuvant radiochemotherapy treatments. The graphs show that all the 38 LARC patients are correctly classified into
their respective clinical response groups more than 80% of times by the five selected k-SS classifiers.

As a further step, the joint prediction strength
(PS) of the five selected k-SS classifiers on each of
the 43 tissue samples was also examined. The PS,
0 < PS < 1, is the proportion of runs, out of the
2000 bootstrap.632+ cross-validation runs, that
yielded correct classification of a LARC patient
into his/her histopathologic response group by the
k-SS classifiers. The PS is a measure of the degree
of correct classification of any biological sample
into its true clinical response group. The graphs of
the prediction strength of the five selected k-SS
classifiers on the randomly selected 12 responders
and 26 non-responders from the 43 LARC patients
are presented in Fig. 1(a) & (b). From the two
graphs, it can be observed that each of the 38
LARC samples was correctly classified more than
80% of time by the five selected k-SS classifiers.
This again confirms the importance of the selected
gene signatures by the instrument of the k-SS
method.

The discriminatory power of the five selected
genes in Table 3 is further established through clus-
ter analysis. Following the procedures adopted by
Alon et al.® and later by Linn et al.,* a two-way sin-
gle-linkage hierarchical clustering (SLHC) was em-
ployed using the expression levels of the five
selected genes to classify all the 43 rectal carcino-
mas into their respective response groups of re-
sponders and non-responders to NRC treatments.
The software ‘Cluster 3.0'*® which is an enhanced
version of the software ‘Cluster’ developed by Eisen
et al.¥ was employed for clustering. The dissimi-
larity measure of Euclidian distance was adopted in
the SLHC implementation.
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In the cluster analysis, the five selected gene
chips were organized into groups based on the simi-
larity of their expression levels, thereby facilitating
the recognition of functional themes in their gene
expression patterns, and the 43 LARC sample speci-
mens were also organized into their distinct histopat-
hologic groups of responders and non-responders to
NRC treatment. These results are presented by the
dendrogram in Fig. 2. The dendrogram shows the
normalized expression profiles of the five selected
marker genes with red fluorescent labels represent-
ing high expression levels and green fluorescent la-
bels denoting low expression levels of the respective
genes as shown by the colour key bar in Fig. 2.

From the dendrogram, except for the respon-
der sample specimen with p215 label (indicated
with red arrow), it can be observed that all the 14
responder and 29 non-responder tissue samples are
perfectly identified and grouped together by clus-
tering based on the expression levels of the five se-
lected marker genes. More specifically, the
following four genes SF3A1, CALR, NISCH and
GBP1 are differentially expressed among the two
groups of responder and non-responder sample
specimens as evident on the dendogram. The ex-
pression profiles of the four genes were high (red
fluorescent dyes) in all the responder tissue samp-
les while they all have reduced expression measu-
res (green fluorescent dyes) in most of the
non-responder samples. These results clearly reve-
aled the significant association between the five se-
lected gene signatures and the two histopathologic
response groups of rectal carcinomas to NRC treat-
ments.
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FIGURE 2: The dendrogram of two-way single linkage hierarchical clustering results using the five selected k-SS classifiers from rectal cancer data. The two
categories of LARC patients of responders (indicated by red bracket & red arrow) and non-responders (indicated by green bracket) are clearly discriminated.

We present in Fig. 3, the box plots of expres-
sion levels of the five selected k-SS classifiers in
order of selections within the two histopathologic
responses (responders and non-responders) of rec-
tal carcinomas to NRC treatments. This is intended
to visualize the median intensities of the expres-
sion levels of each selected gene subset relative to
others within the two clinical response groups.

It can be observed from the box plots in Fig. 3
that, except for the only gene FL]12476, the me-

dian intensities of the expression levels of all other
four genes SF3A1, CALR, NISCH and GBP1 are
higher in the responder samples than in the non-
responder samples. These are the genes with clear
evidence of high expression profiles (red fluores-
cent dyes) among the 14 responders as shown by
the clustering results (dendrogram) in Fig. 2. The
median expression levels of gene FLJ12476 are
slightly higher in some of the non-responder group
than in the responder group as shown by the box

FIGURE 3: The box-plots of expression profiles of five selected genes from rectal cancer microarray data (arranged in order of selection) for the two histopatho-
logic responses (responders and non-responders) of locally advanced rectal carcinomas to NRC treatments. The median expression levels of each gene in the

two response groups are shown by the tick black horizontal lines within the boxes.

16

Turkiye Klinikleri J Biostat 2014;6(1)



MICROARRAY-BASED CLASSIFICATION OF HISTOPATHOLOGIC RESPONSES...

Waheed Babatunde YAHYA et al.

IS o o
o o [+]
g g- ° 8 E 8
= 4 1 E ] —E— o
g 34 o a = | a o
: — | i a a g
w g 7 H ! ! ! e
& ; A i g
£ 8 i A
© 1
g ' A
o _| | | H
g ® A ' . !
El ' ' ! !
s 24 3 : ! | :
o 4 i o I o o —
T T T T T T
SF3A1 FLJ12476 CALR NISCH GBP1 Joint MER

FIGURE 4: Box plots of misclassification error rate (MER) (in %) from univariate analysis of each selected five gene signatures by k-SS classification rule as well
as the estimated MER jointly yielded by all the five genes. The red triangular spots represent the average MER of the respective gene variable(s).

plots in Fig. 3. This result agrees perfectly with the
results of clustering in Fig. 2 in which apparent up-
regulated expression levels of gene FL]12476 man-
ifested in the nine non-responder samples p311, p3,
pl23, p464, p32, p587, p29, p474 and p303 than
among the responder samples.

Furthermore, we examined the predictive
power of each selected genes by reporting their
marginal average prediction error rates obtained
from their respective univariate classification via
the logit model. The estimated average MER values
(in %) of these genes based on the results from their
respective univariate analyses are SF3A1 (18.09%),
FLJ12476 (31.75%), CALR (23.96%), NISCH
(31.86%) and GBP1 (29.58%) with their joint esti-
mated average MER being 1.53% as reported in
Table 4. The box plot of the MER yielded by each
gene from univariate analysis over 2000 bootstrap
cross-validation runs is equally presented in Fig. 4.
The box plot of the joint MER of all the five selected
gene predictors is also presented in Fig. 4. The av-
erage MER of each gene variable is indicated by red
triangular spot on each of the box plot in Fig. 4.

After the selection of the first gene SF3A1 that
yielded average MER of 18.09%, each additional
gene selected monotonically reduces this average
MER value until the optimal selection level was
reached at which the fifth best gene was selected.
The reduction in the successive average MERs due
to inclusion of additional gene variable in the £-SS

Turkiye Klinikleri ] Biostat 2014;6(1)

classification model simply measures improvement
in the prediction accuracy of any current £-SS,.
model that uses 7 gene predictors over the preced-
ing £-SS,._; model that uses r-1 gene predictors for
classification, r € {1, ..., k}.The graph of the aver-
age MER at each successive k-SS gene selection step
is presented in Fig. 5. The graph clearly shows a
monotonically decreasing trend of the average
MER values as additional gene predictors are se-
lected into the classification model for response
class prediction by £-SS algorithm.

As typical of any gene expression data set,
most of the 24,026 observed gene signatures in the
rectal cancer data set are correlated, and by impli-
cation, some of the selected five k-SS classifiers
from this data set are also expected to be correlated.
This is simply confirmed by the correlation matrix
of the expression levels of the selected five genes
as presented in Table 5. As evident in that table,
most of the correlation tests are significant (p <
0.05). To this end, further analysis carried out on
this rectal cancer microarray data set to further de-
pict the significance of the five selected genes sub-
set is the principal component analysis (PCA).**

The PCA procedure was implemented using
only the selected five gene variables to form a set of
runcorrelated composite variables called the prin-
cipal components (PCs). These principal compo-
nents are expected to jointly account for most of the
variations in the original five gene variables. The
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FIGURE 5: The graph of the successive average MER estimates at each k-SS selection step plotted against the numb of genes selected for class prediction.
The graph shows a monotonically decreasing trend in average MER values as more genes are selected into the k-SS classification model until the best five genes
are selected which provided the optimal average prediction error rate (average MER) of 1.53%.

TABLE 5: Table of correlation matrix of the expression profiles between the five selected gene signatures by
k-SS method. The p-values of the Pearson correlation tests are enclosed in brackets. (*) indicates that
the correlation coefficient is significantly different from zero at 5% significance level (p < 0.05).

SF3A1 FLJ12476
SF3AT 1.0000
FLJ12476 -0.5744

(o= 00001 1.0000
CALR 0.2455 -0.2006

(p=0.1126) (p=0.1972)
NISCH 0.6055 -0.4381

(p < 0.0001%) (p=0.0033)"
GBP1 0.5533 -0.4238

(p = 0.0001)* (p = 0.0048)"

CALR NISCH GBP1
1.0000
0.3145

1.0000
(p = 0.0400)*
0.3628 0.3887

1.0000

(p=0.0168)" {p = 0.0100)*

resulting PCs were arranged in descending order of
the amount of information in the data they captured
as represented by their respective estimated Eigen
values. The first few (two or three) PCs in this se-
quence are expected to possess substantial informa-
tion that are conveyed by original data.

To this end, we obtained the plot of the first
principal components (PC plot) to discriminate be-
tween the two clinical response groups of the
LARC patients (the responders and non-responders
to NRC treatments). This PC plot is presented in
Fig. 6 from which perfect separation of the 14 re-
sponders from the 29 non-responders could be
clearly observed. This is an indication that the five
selected marker genes by k-SS classification rule

18

from which the PCs are constructed are strongly
related to the two clinical response groups of the
LARC patients.

Not only that, we also ran principal compo-
nent analysis using all the 263 genes that were pre-
liminarily selected through the cross-validated
AUC (CVAUQ) filtering procedure to assess the
discriminatory power of all these genes as
compared to that of the five selected £-SS classi-
fiers.

The plot of the first principal component
against the 43 samples in Fig. 7 again shows perfect
discrimination of the two histopathologic response
groups of the LARC patients to NRC treatment.
This result is not quite different from the result

Turkiye Klinikleri ] Biostat 2014;6(1)
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FIGURE 6: The plot of the first principal components (PC1) versus the 43 bi-
ological samples to discriminate between the two histopathologic response
groups of LARC patients. The PC1 was constructed using the 5 selected
marker genes by k-SS classification rule. Clear discrimination between the re-
sponders and non-responders is shown by the graph based on the five se-
lected k-SS classifiers.

achieved using only the five informative genes se-
lected by the k-SS method as shown in Fig. 6. This
simply shows that the joint expression profiles of
the five selected genes are strong enough to provide
good prediction of the histopathologic responses of
rectal carcinomas to neoadjuvant treatments. In the
spirit of parsimony therefore, it would be more eco-
nomical and a lot easier for molecular biologist to
study the biological functions and properties of the
five selected genes than to work with all the 263
gene signatures some of which might be biologically
uncorrelated to the hispathological responses of rec-
tal carcinomas to NRC treatment.

2.1. ASSESSMENT OF THE SELECTED GENE SIGNATURES

The goodness of the five gene biomarkere-SF3A1,
FLJ12476, CALR, NISCH and GBP1 as selected by
the k-SS method can be simply assessed by em-
ploying them to predict the five external test sam-
ples that were not used while constructing the k-SS
classification model. To this end, a logit model was
fitted using the 38 by 6 data matrix of randomly se-
lected 38 LARC samples by the five selected k-SS
classifiers as predictors with the first column of the
data matrix representing the true class labels of the
38 LARC samples. These 38 samples specimens ex-
cluded the five test samples p332, p80, p123, p40,
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FIGURE 7: The plots of the first principal components (PC1) versus the 43
biological samples to discriminate between the two histopathologic response
groups of LARC patients. The PC1 was constructed using all the 263 genes
preliminarily selected by filtering procedure of the cross-validated AUC
(CVAUC).

and p383 as detailed in Section 2. The fitted model
was used to predict the histopathologic response
groups of these five test samples. The predicted
class label §; of aisample in the testset,i=1, ..,

5, is determined via the scheme
o _ {1 if p(yi = 1c(x)) = 0.5
O p( = 1e(x) <05 @.1)

where ¢(x) = {SF3A1,FLJ12476, CALR, NISCH, GBP1}
is the vector of expression measures of the five se-
lected gene predictors selected by £-SS method. In
this context also, y, is the true class label of the
sample with y, = 0 indicating that the i sample is a
responder while y; = 1 indicates that the i sample is
a non-responder to NRC treatment as earlier de-
fined in Section 1.1. Out of the five samples in the
test set, two of them, p332 and p80 are responders,
each carrying the label 0 and the remaining three
(p123, p40, p383) are non-responder LARC sam-
ples, each carrying the label 1.

Using equation (3.1), the predicted class labels
of all the five samples in the test set were computed
and the average prediction error rate Dyestwas es-
timated by Dese = £ 51 1(y; # 95), where I() is
an indicator function whose value is 1 if the pre-

dicted class label J;  of the i sample in the test set
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does not equal to the true class label y; of the i sam-
ple and 0 if otherwise. The prediction results ob-
tained based on the above procedures indicated that
all the two responder and the three non-responder
sample specimens were correctly classified into their
respective histopathologic response classes.

To assess the behaviour of the five selected -
SS classifiers on all the 43 LARC samples, 10-fold
cross-validation technique was adopted in which
the entire 43 LARC samples were randomly parti-
tioned into 10 mutually exclusive parts (folds).
Nine folds of the data were used in turn to train the
five k-SS classifiers and the response classes of the
unused test samples in the left-out one fold were
predicted using the fitted model. This exercise was
repeated 10 times such that each of the test sample
set was used just once. At each fold v, v=1, ..., 10,
the prediction error rate 9, = %Z?L 1(y; = 9)
was computed and the average of these, over all
the 10 folds of the test samples, was determined by
5test = 1—10241,&1 d, as the true prediction error
rate of the five selected 4-SS classifiers on the 43
LARC samples, where /(.) is an indicator function
as defined in Section 1.1 and n, is the number of
randomly selected test samples at fold v.

The five selected k-SS classifiers based on the
above 10-fold cross-validation technique yielded
about 90% correct classification of the 43 LARC
samples into their respective clinical response
groups with just four samples (p79, p309, p122,
P272) being misclassified. The estimated prediction
accuracy of the responders (sensitivity), based on
these results, is about 86% while the prediction ac-
curacy of the non-responders (specificity) is about
93%. The four misclassified samples are two
histopathologic responders (p79, p309) and two
non-responders (p122, p272) LARC samples.

I 3. DISCUSSION

It has been fully demonstrated in this work that
preoperative prediction of clinical responses to
neoadjuvant radiochemotherapy treatments by pa-
tients suffering from locally advanced rectal carci-
nomas using their gene expression signatures is a
possible task if proper statistical tools are employed.
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The low rate of responses by locally advanced rec-
tal cancer patients to NRC treatments has made it
a worthy task to device efficient and reliable alter-
native diagnostic means through which early de-
tection of responses to NRC treatments could be
determined among the affected subjects to enable
appropriate therapy treatments to be administered
at the early stage of cancer tumour formation. One
of such alternative diagnostic means, as presented
in this work, is the identification of core gene sig-
natures that are correlated with the two clinical re-
sponse groups (responders and non-responders to
NRC treatment) of the LARC patients.

A set of five informative gene signatures has
been identified and selected through the instru-
ment of the £-SS feature selection and response
class prediction method. The selected five genes are
found to correlate significantly with the two
histopathologic responses of LARC biological sam-
ples to NRC treatment as confirmed by various re-
sults in Section 2.

From the univariate prediction results of each
selected gene as shown by the box plots in Fig. 4, it
can be observed that the first selected gene SF3A1
expectedly yielded the least average prediction
error rate of about 18% which translates to predic-
tion accuracy of about 82%. The second best se-
lected gene FL]12476 with relatively lower median
expression levels in the two response groups
yielded prediction accuracy of about 68% (MER of
about 32%). The remaining three genes: CALR,
NISCH and GBP1(that are selected in that order)
also provided a fairly high marginal prediction
error rates of 24%, 32% and 30% respectively rel-
ative to average MER of 18% yielded by the first
selected gene SF3A1. But interestingly, all the ad-
ditional four genes (FLJ12476, CALR, NISCH and
GBP1) jointly reduce the starting average predic-
tion error rate of 18% yielded by the first gene
SF3A1 to about 2%, a reduction of about 89%.
These results simply underscored the fact that some
genes, probably due to their low expression pro-
files, might be weaker predictors on their own, but
could very well contribute additional useful infor-
mation when put together with other genes in a
classification model®*>? as evident in this study.
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It is quite instructive to remark that the rectal
cancer microarray data analysed here have been
previously discussed in an excellent work of Rimkus
et al® where attempt was made to classify the 43
LARC patients into their respective histopathologic
response groups using the procedure of partial least
squares (PLS) with linear discriminant analysis
(LDA) for classification (Boulesteix and Strimmer>?).
A set of 42 gene subsets were selected using the
Welch statistics with a pre-specified threshold p
value of 0.001. However, no further attempt was
made in that work to screen these competing gene
candidates for proper identification and selection of
the basic ones that are truly correlated with the
histopathologic responses of the rectal carcinomas
as carried out in the present study.

The prediction accuracy of the responders
(sensitivity) and non-responders (specificity) re-
ported by Rimkus et al.”® were 71% and 86% re-
spectively based on the 42 selected gene subsets.
The prediction accuracy of about 90% on both the
responders and non-responders LARC samples
yielded by the k-SS classification model as reported
in Section 3.1 using just five informative gene sig-
natures obviously improved on the earlier predic-
tion results reported by Rimkus et al.” for this same
data. Nonetheless, one of the five vital gene bio-
markers (SF3A1) identified, selected used for clas-
sification by k-SS algorithm was also among the 42
genes selected in the work of Rimkus et al.?’

In terms of biological functions of the five se-
lected gene signatures, the first selected protein en-
coding gene SF3Al together with two other
subunits comprises Splicing Factor 3a. As part of
the Spliceosom, this Splicing factor helps in con-
verting pre-messenger RNA to mRNA. The second
gene FL]12476 is expressed in fetal and adult testis,
in germ cells but not somatic cells. It may play a
regulatory role in spermatogenesis, though its func-
tion is not fully understood yet. In addition, Cal-
reticulin (CALR), a known chaperone, which
together with Calnexin assists with the folding of
glycoproteins within the endoplasmatic reticulum.
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The Nischarin (NISCH) gene initiates signaling cas-
cades for cell survival, growth and migration. It acts
as a modulator of Rac-regulated signal transduction
pathways while GBP1 (guanylate binding protein
1, interferon-inducible, 67kDa) expression is in-
duced by interferon. The protein converts GTP to
GMP, therefore mediating antiviral effects against
some viruses.

The novel k-SS method adopted here for
genes selection and classification of histopatho-
logic responses of LARC samples to NRC treatment
has been found to be very efficient in terms of
computation costs.”” The k-SS algorithm would
run efficiently well on any version of Windows
Operating Systems with an average of 1.60GHz
and 500 MB RAM or more. On the average, about
25 minutes CPU time may be required by the al-
gorithm to complete a task with a data set of mod-
erate size of between 2,000 to 5,000 gene
expression profiles.

I 4. CONCLUSION

In conclusion, this work has opened up another re-
search opportunity for molecular biologists and
medical experts to determine and explore the bio-
logical functions of the five selected gene signatures
with correlated expression profiles to histopatho-
logic responses of locally advanced rectal carcino-
mas to NRC treatment. A thorough research work
in this direction shall immensely help to exploring
maximally the benefits that are inherent in these
selected gene biomarkers for proper diagnosis of
clinical responses of LARC patients to NRC treat-
ment and many more. Nevertheless, validation
studies with larger LARC patient groups might be
desirable in future to give more credence to the re-
sults obtained in this study.
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