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High-throughput data (103 — 10° variables)

* Looking for low-dimensional set of observables

a b monatonically increasing
* Gene or Protein expression by an up/down ~ s
regulation 3 N
* Features selection is a critical step ]
* Exploration of all feature space is an NP-hard Sxpression of gere 1 T
problem Methods that select variables for multi-dimensional signatures

based on single-variable performance can have limits in
] predicting higher-dimensional signature performance. As
* Few samples available shown in the Fig. a, in which both variables taken singularly
perform poorly, but their performance becomes optimal in a 2-
dimensional combination, in terms of linear separation of the

e |ll-posed problem b o e,
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e Discriminant classifier for the couple scoring The peeudo codeof e eopured DRGSR RS e

e Evaluation of all possible couples of features

DNetPRO algorithm

Result: List of putative signatures
Divide the data into training and test by a Hold-Out method;
. for couple < (feature_l, feature_2) € Couples do
(] C re a t I O n Of t h e fu I Iv CO n n ectEd n etwo rk e“dSrsorc estimation using the DA Classifier through Leave-One-Out cross validation;
Sorting of the couples in ascending order according to their score;
Threshold over the couples score (K-best couples, e.g. based on the statistical distribution of couple performances) in
. . order to obtain at least one connected component;
() Th res h o I d I ng O n n etWO r k We I g h t S for component € connected_components do
if reduction then
| Iteratively pendant node removal;
end
Signature evaluation using the DA Classifier;

e Extraction of connected components as putative
signature

Algorithm 1: DNetPRO algorithm for Feature Selection.

Language
B Cython
s python

 Evaluation of the signatures

mz_IIIIIIllIIIIII

Source code: https://github.com/Nico-Curti/DNetPRO dxao j
Implementation: C++ (backend), Python (frontend) 2x10°2
Algorithm complexity: O(N?) o

Parallelism: naive parallel Number of Threads
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Step 1

Evaluation of all the
possible couples of features
(genes in this case)
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Source code: https://github.com/Nico-Curti/DNetPRO
Implementation: C++ (backend), Python (frontend)
Algorithm complexity: O(N?)

Parallelism: naive parallel
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Step 2

Discriminant classifier for
the couple scoring
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Source code: https://github.com/Nico-Curti/DNetPRO
Implementation: C++ (backend), Python (frontend)
Algorithm complexity: O(N?)

Parallelism: naive parallel
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Step 3

Creation of the
Q\ fully connected network
‘ weighted on couple

performances
S

@

’ Source code: https://github.com/Nico-Curti/DNetPRO
Implementation: C++ (backend), Python (frontend)
Algorithm complexity: O(N?)
Parallelism: naive parallel
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Step 4

Thresholding on network

o weights according to the
‘ performances, i.e., keep

/.\r | only the best couples
) O

Source code: https://github.com/Nico-Curti/DNetPRO
Implementation: C++ (backend), Python (frontend)
Algorithm complexity: O(N?)

Parallelism: naive parallel
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Step 5

Signature 3 Extraction of all the
. connected components das
Signature 1 Enatiee

putative signature for the
,‘\? @ final classification task

Signature 4

Source code: https://github.com/Nico-Curti/DNetPRO
Implementation: C++ (backend), Python (frontend)
Algorithm complexity: O(N?)

Parallelism: naive parallel
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Step 6

Evaluation of the signatures
Best in terms of classification
Signature I
efficiency and

’.\? | dimensionality

Source code: https://github.com/Nico-Curti/DNetPRO

Implementation: C++ (backend), Python (frontend)
\‘ Algorithm complexity: O(N?)

Parallelism: naive parallel
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Gene1 Gene2 Classifier
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/ — m Network ;
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Source code: https://github.com/Nico-Curti/DNetPRO
Implementation: C++ (backend), Python (frontend)
Algorithm complexity: O(N?)

Parallelism: naive parallel
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 Application of TCGA dataset Cytokine Dataset
* 4 cancer dataset (GBM, KIRC, OV, LUSC) * 289 patients
* 3 omics for each dataset (MRNA, miRNA, RPPA) * CTLvs MClvs AD
, . Number Boccardi et al., JAD, 2019
Cancer mRNA miRNA Protein  of samples
GBM  AgilentG4502A H-miRNA_8x15k RPPA
17514 233 ’ 210 Bovine Dataset
KIRC HiseV2 GA+Hiseq RPPA
20530 1045 166 243
oV AgilentG4502A H-miRNA_8x15k  RPPA e 12k genes
17814 798 165 379
LUSC HiseqV2 GA+Hiseq RPPA
20530 1045 174 121 e 15 samples (PP vs NP vs NN)

Curti et al., Scientific Report, 2022 Malvisi et al., Animals, 2020
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a mRNA c miRNA e RPPA
DDA{  0.673 0.658 0.618 poa{  0.682 W DDA 0.714 0.671 0.578
KNN 0.721 0.579 0.607 0.617 KNN ) 0.582 KNN 0.683 0.643 0.595 I Benchmark With a set Of State'Of'
DA{  0.713 0.589 0.710 0.640 pa{ 0677 0.605 DA 0.667 0.620 0.575 h -art cIassifiers
LR 0.697 0.589 0.668 0.604 LR 0.657 0.594 LR 0.652 0.645 0.618 0.7 t e-a *
NC{  0.670 0.594 0.615 0.612 NC{  0.670 0.584 NC 0.707 0.671 0.599
pLs{ 0713 0.589 0.671 0.640 PLS 0.677 0.605 PLS 0.667 0.620 0.589 Yuan et al., Nature BiOtECh”O/Ogy,
RF 0.633 0.619 RF 0.692 7 0.589 RF 0.664 0.643 m 06 2014
SVM 0.725 0.608 0.658 0.626 SVM 0.621 0.531 0.625 SVM 0.721 0.696 0.625
(procz’(‘;itrzRg 0.739 0.666 0.641 0.589 (pmcDe’z‘jﬁtrZRS 0.738 0.620 0.598 0.609 (proc[;’gﬁtrZRB 0.734 0.615 0.660
(pmc%ﬂitrzRé)) 0.724 0.637 0.616 0.586 (pmc%'gﬁtr’;"é; 0.700 0.599 0.628 (proc'i’;ﬁtr’;RB% 0.620 I0 .
b & & & o g & & & ¢ ] & & &
wo069  mI0S8 w053 w055 o5 w066 w036 oSS wIgss o 049 hl 04 o020
0.75 07 I procedure A
; 0.70 [ procedure B Results obtained by the DNetPRO on the mRNA,

0.65 _ . miRNA, and RPPA samples related to the four

0.65 - o0 . ‘ T , 06 : cancer types in the Synapse dataset.
0.60 T ' . Comparison of the DNetPRO results with the
0.55 05 % —= methods used in the work of Yuan et al., Nature
' . . : Biotechnology (2014), in terms of the maximum

o o

v u

o wl
o
w
o

AUC (Area Under the Curve)

os 0.4 f AUC value obtained on a 10-fold cross-validation
0.45 - X procedure.
— 0-40 03 ‘ Distributions of the AUC values related to each
KIRC GBM LUsC ov KIRC GBM LUSC ov KIRC LUSC oV

analyzed dataset.
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Signature CTL vs MCI

Signature CTL vs AD

IL-1-a
A)
Accuracy Sensitivity Specificity
AD versus HC AD HC
Men 16/25 (64.00%)  8/12 (66.67%) 8/13 (61.54%)
Women  33/48 (68.75%)  27/38 (71.05%)  6/10 (60.00%)
Total 47/72 (65.24%)  36/54 (66.66%) 11/18 (61.11%)
B)
Prediction Sensitivity Specificity
MCI as non-HC MCI HC
Men 15/26 (57.69%)  15/26 (57.69%)  24/36 (66.67%)
Women  41/47 (87.23%)  41/47 (87.23%)  23/51 (45.09%)
Total 62/73 (84.93%)  62/73 (84.93%) 36/87 (41.38%)

Network rendering using:
https://github.com/Nico-Curti/BlendNet
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Bovine Dataset

Best signature of 123 probes with 100% accuracy

Gene expression levels
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Network rendering using:
https://github.com/Nico-Curti/BlendNet
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Network pedestrian mobility

Unraveling pedestrian mobility on a road network using ICTs
data during great tourist events.

* Reconstruction of the pedestrian mobility network
e Same network analysis of DNetPRO algorithm
* Roads play the role of genes

 Couples weighted according to the mobility score

7] o :
@T\l g@ Mizzi et al., EPJ Data Science, 2018
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 Combinatorial approach to explore the entire feature space
* Easy interpretation of the results

e Fast computation in parallel architectures

e Large scalability on high-throughput data

e Algorithm tailored to omics data but applied also to no-biological data
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Thank you for
the attention
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