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Outline

e Review of COMBINER.

e Addition to COMBINER.
— Feature selection algorithm.

— Improved Greedy search algorithm.

* Future directions: Multi-omic extension of
COMBINER.



Microarray: Gene Expression Data
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System Level Objectives of the Gene
Expression Analysis

e Understand how information is encoded in the
DNA controls the formation of different
molecules and gene regulation, i.e., a
Biological network

 Understand the genesis of a given disease
such as cancer or PTSD.

e |dentification of relevant Bio-marker for
diagnosis, health monitoring and possible
drug target sites.



Effective Modules
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Four challenges: Different effective

1.  How to identify modules subnetworks
2. How to compare modules -

3. Small sample size

4 Multi-segment data

Common modules



High-Dimensional Data Set

e 20,000-25,000 protein encoding genes in
Human (source: Human Genome Project).

 Example: Breast Cancer data set
Netherlands : 295 patient, 14000 gene
USA: 286 patient, 22000 gene
Belgium: 198 patient, 20000 gene

OBIJECTIVE : To Identify a hand full of relevant
Bio-Marker from a noisy, high dimensional and
subject dependent data.




Reducing Dimensionality From a Biological
Relevent Persepective
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Selection of Core modules in Inference
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Inferred core modules used for
analysis
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COMBINER Approach for the Breast

Cancer data set
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Multivariate ensemble approach: An
alternative to t-score for feature
selection

S(R) —

S(R,) —>

We replace the t-score (a univariate measure) of
each pathway by the importance score for each
feature (a multivariate measure).

A supervised classifier which gives importance score
for each feature is used.
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Multivariate ensemble approach
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The Algorithm

Algorithm 1 ES algorithm

Surrert = S o T = {1,2,...,N}
Savg = On 1
for j= 1 :N do

SPert = Sicir—(5))

Sper't (J) _ Su-npert (J)

A = Sperf L Sunpﬂf't

Savg — Safug +A

end for
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Selection of Core modules in Inference

ol Choose top “T”
Cohort 1: Inference Set Pathway activities/Features
500 x k-fold random
splits

500 x k-fold
classifiers

Eliminate
features

Cohort 2: Validation  _
Set

[ Best feature set ]

[ Repeat “k” times ]—

¥

[ Most frequent best feature set ]
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Results for breast cancer data set
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Going from core module to biomarkers

e Obtain those core modules from COMBINER
that has a frequency of 95% for each
inference/validation pair.

* Find subset of genes in the above core

modules common to all inference/validation
pathways.

* Define threshold to identify the most frequent
genes found above and define these as
Biomarkers.



Result: Comparison with known

Cancerous genes

Threshold=100 Threshold=120 Threshold=220
Cancer gene t-score ES t-score ES t-score ES
Data bases | % of N=110 | % of N=182 | % of N=42 | % of N=57 | % of N=21 | % of N=15
NetPath 40.74 47.80 56.10 50.88 71.43 73.33
Atlas 50.93 43.96 48.78 47.37 52.38 33.33
Census 4.63 7.69 4.88 877 4.76 13.33
CANgene 1.85 1.10 2.44 0 4.76 0
G2SBC 68.52 54.94 60.98 45.61 47.62 40.00
COSMIC 8.33 13.19 7.32 5.26 9.52 13.33
KEGG 14.81 20.33 24.39 24.56 42.86 46.67
NCG 11.11 11.54 12.19 10.53 19.05 20.00
No. predicted No. of known Known CG by | Known CG Known CG
Biomarkers CG t-score and by only by only
Threshold | t-score ES t-score ES ES algorithm t-score ES algorithm
100 110 182 84 142 51 33 91
(76.36%) | (78.02%)
120 42 57 34 48 12 22 36
(80.95%) | (84.21%)
220 21 15 19 14 2 17 12
(90.48%) | (93.33%)




Result: complementarity of the two
approaches
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CORG Revisited: Improved Greedy
Search
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Partitioning
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Activity scores for each partition in a given

pathway

G1,G2
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Integration of partitions for each

pathway
S(R,)>S(R)>S(R)
{R1} {P1,P2} {G1,G2}

R1
P1
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Results: Breast Cancer Data
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Human PTSD methylation data

Data: blood tissue, 49 PTSD vs 49Control
~60% of probes with the highest variance across all samples.
Hence we have only 24579 probes instead of the full ~40000.

Data collected at two sites : Bronx and NYU
Distribution of number of control and PTSD subjects is very skewed.

Batch Correction
Uncorrected
ComBat
Limma correction for location (NYU vs. Bronx VA)
Limma correction for processing (Batches 1-6)
SVAPLS



Results: AUC Obtained by COMBINER
for Human Data

__ Rawdata | Batch2 | SVAPLS

0.7037 +/- 0.0547 0.6914 +/-0.0561 0.9487+/- 0.0443



Pathways Raw data (freq >=5,max=8)

KEGG_CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION
KEGG_ALDOSTERONE_REGULATED SODIUM_REABSORPTION
PID_HIF1_TFPATHWAY

REACTOME_SIGNALING_BY_RHO_GTPASES
REACTOME_TRANSMEMBRANE_TRANSPORT OF SMALL MOLECULES
REACTOME_HEMOSTASIS



Pathways Batch 2 (freq>=7,max=10)

KEGG_ARACHIDONIC_ACID_METABOLISM
KEGG_CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION----inflamation
KEGG_CELL_ADHESION_MOLECULES_CAMS
KEGG_HEMATOPOIETIC_CELL _LINEAGE
KEGG_OLFACTORY_TRANSDUCTION

KEGG_SYSTEMIC_LUPUS ERYTHEMATOSUS----inflamation
KEGG_HYPERTROPHIC_CARDIOMYOPATHY _HCM
REACTOME_GENERIC_TRANSCRIPTION_PATHWAY
REACTOME_NEURONAL_SYSTEM

REACTOME_SIGNALING_BY_GPCR
REACTOME_PEPTIDE_LIGAND_BINDING_RECEPTORS
REACTOME_CLASS A1 RHODOPSIN_LIKE RECEPTORS-----signaling of neuro transmittor
REACTOME_SLC_MEDIATED _TRANSMEMBRANE_TRANSPORT
REACTOME_GPCR_LIGAND_ BINDING

REACTOME_METABOLISM_OF LIPIDS AND_LIPOPROTEINS



Pathways SVAPLS (freq>=10,max=15)

KEGG_PPAR_SIGNALING_PATHWAY
KEGG_FOCAL_ADHESION

BIOCARTA_PPARA_PATHWAY

PID_HNF3BPATHWAY ---regulator gene
PID_TAP63PATHWAY ----metabolism
REACTOME_EXTRACELLULAR_MATRIX_ORGANIZATION
REACTOME_HDL_MEDIATED_LIPID_TRANSPORT
REACTOME_AXON_GUIDANCE
REACTOME_HEMOSTASIS



Results: AUC Obtained by COMBINER
with improved greedy search

0.7037 +/- 0.0547 0.6914 +/-0.0561 0.9487+/- 0.0443
0.8626+/-0.0717 0.9042+/-0.0405 0.9834+/-0.0173



Raw Data: (freq>=4, max=5)

KEGG_MAPK_SIGNALING_PATHWAY
KEGG_CALCIUM_SIGNALING_PATHWAY
KEGG_CELL_ADHESION_MOLECULES_CAMS
KEGG_REGULATION_OF_ACTIN_CYTOSKELETON

PID_CERAMIDE_PATHWAY

REACTOME_SIGNALING_BY_RHO_GTPASES
REACTOME_GASTRIN_CREB_SIGNALLING_PATHWAY_ VIA PKC_AND_MAPK
REACTOME_PEPTIDE_LIGAND BINDING_RECEPTORS
REACTOME_DIABETES_PATHWAYS
REACTOME_TRANSMEMBRANE_TRANSPORT OF SMALL_MOLECULES
REACTOME_METABOLISM_OF_NUCLEOTIDES
REACTOME_GPCR_LIGAND BINDING



Batch 2: (freq >=5, max=8)

KEGG_WNT_SIGNALING_PATHWAY

KEGG_AXON_GUIDANCE

KEGG_OLFACTORY_TRANSDUCTION

PID_FRA_PATHWAY--cell proliferation, differentiation, and transformation
REACTOME_DEVELOPMENTAL_BIOLOGY

REACTOME_PEPTIDE_LIGAND BINDING_RECEPTORS
REACTOME_NEUROTRANSMITTER_RECEPTOR_BINDING_AND_DOWNSTRE
AM_TRANSMISSION IN_THE_POSTSYNAPTIC_CELL
REACTOME_AXON_GUIDANCE

REACTOME_METABOLISM_OF LIPIDS_AND_LIPOPROTEINS



SVAPLS: (freq >=4, max=6)

KEGG_MAPK_SIGNALING_PATHWAY
PID_INTEGRIN1_PATHWAY

PID_AVB3_INTEGRIN_PATHWAY

PID_DELTANP63PATHWAY
REACTOME_EXTRACELLULAR_MATRIX_ORGANIZATION
REACTOME_GPCR_LIGAND BINDING

REACTOME_LIPID DIGESTION_MOBILIZATION_AND_TRANSPORT
REACTOME_HEMOSTASIS
REACTOME_ADAPTIVE_IMMUNE_SYSTEM



Future Work

e Use COMBINER with the Feature selection and greedy
search on the human PTSD.

e Use improved COMBINER to infer core network module
with human PTSD data.

e Test strategy to use COMBINER with different OMIC
and epigenetic data sets.
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