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High-dimensional ‘omics’ data
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Introduction

(d microRNA (miRNAs) = highly conserved single-stranded small RNA
molecules with key role in post-transcriptional gene regulation and
functional implication in cancer development and progression

U To date more than 2600 human miRNAs have been identified o ¥}

J

 Independent studies have reported the feasibility of using plasma
miRNAs as molecular tools for detection, prognosis and treatment
decision making of various cancers

HOWEVER

-
=Y
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Introduction (2)

J Some biological and technical challenges could limit the development
of miRNAs as biomarkers

AIM

Develop a multimarker hemolysis classifier using
plasma miRNA data
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Workflow of the strategy

Study design
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Study design =X

LY

[ Subset of patient samples from a randomized breast cancer prevention
Trial (1476 patients — control arm)

1 Extracted RNA subjected to Agilent miRNA hybridization array -> choice
of the Agilent system as microarray platform (1205 human miRNAs)

1 Hemolysis evaluated with the Hemolysis Score (HS)* -> miRNA
expression profiles from hemolyzed (HS > 0.14) vs not-hemolyzed (HS <
0.057) plasma samples

[ 1:2 nearest neighbour matching (PS calipers) using disease status, age
at drawing and drawing year -> training and validation set

* Appierto, V., Callari, M., Cavadini, E., Morelli, D., Daidone, M., Tiberio, P.: A lipemia-independent nanodrop(®)-based score
to identify hemolysis in plasma and serum samples. Bioanalysis 6, 1215-1226 (2014)
Landoni Elena - Toronto 2015
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Methods: data pre-processing

** Each miRNA targeted by one to four different probes and each probe
spotted 10 to 40 times on the array

*** The total signal for each miRNA obtained by summing the probe signals
derived from Agilent Feature Extraction software

% Data log, transformed, filtered at 90% and normalized with the ratio-based
approach*

** Raw and ratio-normalized data

Boeri, M., Verri, C., Conte, D., Roz, L., Modena, P., Facchinetti, F., et al.: MicroRNA signatures in tissues and plasma predict
development and prognosis of computed tomography detected lung cancer. Proc Natl Acad Sci U S A 108, 3713-3718 (2011) 9



Methods: class comparison

J Two-sample location tests are commonly used as univariable feature
ranking methods

(J Non normal (skewed, heavy tailed, multimodal) distributions (after data
pre-processing) + small sample sizes -> location tests not adequate to
identify DE features

(J More general distributional discrepancies might hide differential biological
processes

DE = Differentially Expressed
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Methods: class comparison (2)

[ t-test -> only location differences

A\

J Anderson-Darling (AD) test -> ‘omnibus test’, i.e. it considers the whole
feature distribution, granting more importance to the observations in the

tails

[ Benjamini-Hochberg (FDR) method used to adjust t- and AD p-values

(d Combined use of the t- and the nonparametric AD test -> significantly DE
= FDR-adjusted p-value below the 5% level for at least one of the two

tests

FDR = False Discovery Rate

Landoni Elena - Toronto 2015
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Methods: class prediction

STEP 1: BOOTSTRAP SELECTION

Q B bootstrap samples drawn from the original dataset (B = 1000)

 Feature ranking -> JOINT selection by 3 classification algorithms

Algorithm Category High Complex  Computational Correlated
dimensionality patterns speed features
PAM centroid-based v v
RF (Boruta) tree-based v v v
Elastic SCAD SVM SVM-based v v v

dGraphical summarization of results by an egg-shaped plot (bootstrap
occurrences & co-occurrences)

PAM = Prediction Analysis for Microarray
RF = Random Forest (Boruta feature selection algorithm)

SCAD = Elastic smoothly clipped absolute deviation
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Methods: class prediction (2)

SVM parameters and
number of features
optimization

STEP 2: CLASSIFIER DEVELOPMENT

N samples

l

For each sample

Training set

(N-1)

Fixed grid search

for each feature set
from bootstrap
selection

for each SVM parameter

combination

|

v

Linear SVM

L

Inner LOOCV

Test set Outer
(1) LOOCV

<i_€
‘ "

4 )Several Linear SVM models

Output:
*LOOCV sensitivity
*LOOCV specificity

3

Classifier

Final model chosen according to
1. highest Youden index
2. smallest number of
features

1 Graphical summarization of results by a ‘ROC space’ plot (classification
performance for all SVM models)
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Results: data pre-processing

78 samples (26 hemolyzed + 52 not-hemolyzed)

$

TRAINING SET: 39 samples (13 hemolyzed + 26 not-hemolyzed)
VALIDATION SET: 39 samples (13 hemolyzed + 26 not-hemolyzed)

88 miRNAs (3828 ratios)
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Results: class comparison

@ Volcano plot — Raw data Concordance plot — Raw data
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BOOTSTRAP
OCCURRENCES

Results: class prediction

STEP 1: BOOTSTRAP SELECTION

rank miRNA N
1 miR-451 846
2 miR-16 779
3 miR-486-5p 734
4 miR-92a 668
5 miR-22 448
(5} miR-4306 209
7 miR-21 208
8 miR-575 208
9 miR-4284 187
10 miR-202 181
11 miR-33b* 172
12 miR-223 160
13 miR-24 142
14 miR-3648 132
15 miR-630 117
16 miR-663 98
17 miR-4314 91
18 miR-187* 78
19 miR-1305 70
20 miR-3196 65
21 miR-320b 62
22 miR-3663-3p 55
23 miR-134 54
24 miR-642b 54
25 miR-548q 53
26 miR-551b* 53
27 miR-188-5p 46
28 miR-4271 46
29 miR-4257 45
30 miR-1203 42
31 miR-3125 42
32 miR-631 41
33 miR-671-5p 41
34 miR-1275 40
35 miR-3138 40

BOOTSTRAP
CO-OCCURRENCES

MIRNA 1 MIiRNA 2 N
miR-16 miR-451 711
miR-451 miR-486-5p 624
miR-451 miR-92a 606
miR-16 miR-92a 604
miR-16 miR-486-5p 587
miR-486-5p miR-92a 554
miR-16 miR-22 411
miR-451 miR-22 402
miR-923a miR-22 397
miR-485-5p miR-22 344

16
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Results: class prediction

STEP 1: BOOTSTRAP SELECTION REPRESENTATION

EGG-SHAPED PLOT

BOOTSTRAP
OCCURRENCES
&
CO-OCCURRENCES

|||||||||||

m1R-451 :

Elena Landoni - Il year PhD report - October 21%t, 2014

‘miR-16

»miR-92a

iR486-5p

17



Results: class prediction (2)
STEP 2: CLASSIFIER DEVELOPMENT REPRESENTATION

ROC SPACE PLOT
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Results: class prediction (3)

Classification performance of the best performing
groups of models evaluated in the training set

Parameters of the chosen model

Classification performance of the chosen model evaluated in
the validation set

Group N Sens Spec Youden N SVM SVM Sens [CI] Spec [CI] Youden [CI]
ID" models miR Cost Weights
Raw data
1 16 0.85 0.96 0.81 35 10 [0.5;0.5] 0.77 [0.54-0.52] 0.77 [0.61-0.92] 0.54[0.23-0.81]
2 5 0.77 1.00 0.77 35 1 0.5; 0.5 0.85 [0.61-1.00] 0.81 [0.65-0.92] 0.65 [0.38-0.85]
3 2 0.77 0.96 0.73 30 1 0.5; 0.5 0.85 [0.61-1.00] 0.85 [0.63-0.96] 0.69 [0.42-0.88]
4 16 0.85 0.83 0.73 0 10 {0.5; 0.5) 0.77 [0.54-0.92] 0.73 [0.54-0.88] 0.50 [0.19-0.77]
5 5 0.77 0.92 D.69 35 1 {0.4; 0.6) 0.85 [0.61-1.00] 0.73 [0.54-0.88] 0.58 [0.31-0.81]
6 16 0.85 0.85 D.69 50 10 0.5; 0.5 0.85 [0.61-1.00] 0.69 [0.50-0.88] 0.54 [0.27-0.81]
7 19 0.77 0.88 0.65 0 1 (0.4; 0.6) 0.77 [0.54-0.82] 0.69 [0.50-0.85] 0.46 [0.15-0.73]
8 5 0.69 0.52 D.61 3 100 {0.4; 0.6} 0.77 [0.54-0.92] 0.36 [0.88-1.00] 0.73 [0.46-0.92]
9 20 0.77 0.85 0.61 5 10 (0.4; 0.6) 0.69 [0.46-0.92] 0.82 [0.81-1.00] 0.61 [0.35-0.85]
Ratio data
1 1 0.92 0.81 0.72 500 (33) 0.01 (0.2;0.8] 0.32 [0.77-1.00] 0.65 [0.46-0.85] 0.5 [0.31-0.81]
2 1 0.77 0.52 D.69 17 (16) 0.01 (0.3;0.7) 0.77 [0.54-0.92] 0.52 [0.81-1.00] 0.69 [0.42-0.92]
3 1 0.69 1.00 0.63 30 (50) 0.01 (0.5; 0.5 0.6% [0.38-0.52] 1.00 [1.00-1.00] 0.65 [0.38-0.92]
4 2 0.85 0.85 0.69 150 (66) 0.01 (0.2;0.8) 0.52 [0.77-1.00] 0.69 [0.50-0.85] 0.61 [0.38-0.81]
5 35 0.69 0.96 0.65 4(3) 0.1 0.5; 0.5 0.77 [0.54-0.92] 1.00 [1.00-1.00] 0.77 [0.54-0.92]
6 4 0.77 0.83 0.65 500 (88) 0.01 (0.4; 0.6) 0.32 [0.77-1.00] 0.77 [0.58-0.92] 0.69 [0.46-0.88]
7 3 0.85 0.81 0.65 600 (88) 0.01 {0.2;0.8) 0.32 [0.77-1.00] 0.65 [0.46-0.85] 0.58 [0.31-0.81]
8 1 0.61 1.00 0.61 2(3) 0.1 {0.5; 0.5) 0.77 [0.54-0.82] 1.00 [1.00-1.00] 0.77 [0.54-0.92]
3 23 0.69 0.52 D.61 3(4) 0.1 0.4; 0.6 0.77 [0.54-0.92] 0.36 [0.88-1.00] 0.73 [0.50-0.92]
10 54 0.77 0.85 0.61 4(3) 0.1 (0.3;0.7) 0.77 [0.54-0.92] 0.88 [0.73-1.00] 0.65 [0.38-0.88]
1 18 0.61 0.36 0.58 3(4) 0.1 0.5; 0.5 0.77 [0.54-0.52] 1.00 [1.00-1.00] 0.77 [0.54-0.92]
12 53 0.69 0.88 D.58 23] 10 {0-4; 0.6} 0.77 [0.54-0.52] 1.00 [1.00-1.00] 0.77 [0.54-0.92]
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Discussion

** We developed a general analysis strategy to deal with some issues arising
in the supervised analyses of plasma miRNA from hybridisation array data

DATA PRE-PROCESSING

v Ratio method chosen as normalization method -> automatic handling of
a specific normalizer for each DE miRNA

20
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Discussion (2)

CLASS COMPARISON

v'  Location tests such as the t-test are commonly applied (univariable
statistical analyses) BUT normality is often not fulfilled with plasma
miRNA data (skewed, heavy-tailed or multimodal distributions),
especially if associated with small sample sizes -> t- + AD test -> discover
of miRNAs discarded by the t-test

v' The AD test is particularly valuable when distributions differ in the tails,
which could reveal underlying biological differences

v' Caution in using class comparison for ranking purposes

21
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Discussion (3)

CLASS PREDICTION

v Bootstrap selection with the application of 3 machine learning algorithms
(PAM, RF, Elastic SCAD SVM) + classifier cross validation -> robust results

v’ Egg-shaped plot used as a tool for giving an insight of interconnections
among the selected features (inherent biological dependences)

v’ Different SVM models <-> different subgroups of features <-> choice of
parsimonious models

v’ Caution due to small sample size (large bootstrap intervals)

22
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Discussion (5)

v 5 top miRNAs: miR-486-5p, miR-92, miR-451, miR-16 (literature) +
miR-22 (new one)

v Consistent results in class comparison and bootstrap selection (raw
and ratio data)

v The concordance of the results with literature data corroborated the
ability of HS as pre-analytic hemolysis detector

v’ Study limitations:

1. lack of availability of a testing set for unbiased assessment of classifier
performance

2. SVM -> ‘surrogated’ class probabilities

v Application to other types of ‘omics’ data (with proper adjustments)

23
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Future perspectives

(] DATA PRE-PROCESSING
» Search for an alternative normalization method

(] CLASS COMPARISON

» Use of the AD test and search for a corresponding effect measure -> volcano plots
able to detect as DE also features with irregular expression distributions

(J CLASS PREDICTION
» Fitting of other types of models for classifier development

24
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High-dimensional ‘omics’ data: issues

4

v

n samples
<<

p features

%

DATA PREPARATION
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CLASS PREDICTION
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- ABSTRACT -

Circulating miRNAs have the potential as cancer biomarkers but no consolidated
guidelines are established for discovery analyses. Several issues (e.g. data normalization,
expected miRNA up regulation in one of classes, sample size limitation) can affect results
making many approaches unsuitable. We developed a structured pipeline with innovative
applications of existing bioinformatics methods including: 1) an assumption-independent
normalization method based on miRNA ratios in data pre processing; 2) the combination
of the results of two statistical tests (t- and Anderson Darling) to detect miRNAs with
significant fold change or general distributional differences in class comparison; 3) the
application of a bootstrap selection procedure together with machine learning techniques
to guarantee result generalizability and study the inter connections among the selected
miRNAs in class prediction. We applied the pipeline to compare hemolized and non
hemolized plasma samples, identifying four miRNAs known to be hemolysis related (miR
486-5p, miR-92a, miR-451, miR-16) together with a new one, miR-22.
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Team Biomarkers welcomes you all to the next
chapter — 7th International Conference on
Biomarkers & Clinical Research scheduled for
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