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Background

Multiple Myeloma (MM) is a cancer of plasma cells that is preceded by a premalignant stage of
Monoclonal Gammopathy of Undetermined Significance (MGUS).

In clinical practice, the distinction between MM and MGUS is based on clinical symptoms, disease load
(for example, number of aberrant plasma cells, monoclonal protein level secreted by aberrant plasma
cells, etc.) which is at time ambiguous.

Several studies involving exome sequencing data analysis have been performed to understand the
genomic abnormalities in MM and revealed that the primary events in MM are either hyperdiploidy
(such as trisomy of chromosome) or non-hyperdiploidy (such as translocations) [1].

Further, the primary events are then followed by the secondary events (such as secondary
translocations, loss of heterozygosity, etc.) [1].

In a landmark study, the analysis of MGUS and MM paired samples reaffirmed the clonal heterogeneity
and presence of majority of genetic changes at MGUS stage [2].

The existence of the majority of genetic abnormalities seen in MM at the MGUS stage poses a challenge
in distinguishing MM from MGUS based on the genomic signatures and in defining critical genomic
events responsible for the progression of MGUS to MM [3,4,5,6].
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Challenges and Motivation

Challenges:

MGUS patients patients share many genetic aberrations of MM without showing any overt clinical
symptoms of MM that makes it challenging to differentiate MGUS from MM.

The early diagnosis of MM and the identification of relevant differentiating genetic and genomic
biomarkers between MGUS and MM present several challenges at the genomic-level and the subject-
level.

The subject-level challenges includes the lack of paired sequencing data as not all MGUS subjects are
progressed to MM, limited information about subject’s treatment time intervals, etc.

Similarly, the genomic-level challenges includes the availability of reliable workflow for analysing a pool
of large mutational information, identification of biomarkers, altered signaling pathways, etc.

Motivations:

With increasing complexity of genomics data, the recent advancements in machine/deep learning
(ML/DL) methods (such as somatic SNV prediction[7,8], CNV prediction [9,10], survival outcome and
treatment-sensitivity in MM [11,12], etc.) can be helpful to identify the meaningful patterns and infer
the salient information from multi-omics datasets that can be utilized to halt the disease progression.

In recent years, geometric deep learning (GDL) has emerged to incorporate graph structures into a deep
learning framework that enables the integration of exomic mutational profiles with gene-gene
interaction information (PPl network).
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Description of Global WES data repositories

* We have considered three datasets in this work (shown Table-1) that consists of whole exome
sequencing (WES) samples from three different ethnicities.

* The overall datasets contains 1154 MM samples and 61 MM samples that makes it an imbalanced
datasets (95% MM and 5% MGUS cases).

Table-1: Three global WES repositories were used in this work for identification of pivotal biomarkers to differentiate MM and MGUS.

# of MM/# MGUS
Data Repository Patients (including Ethnicity Sources Available data type
all time points)
phs0000748 MM patients: 1092 | American Population MMRF [13] Processed VCF files
EGAD00001001901 MGUS: 33 CeucEsEr Poplsian | el Gl Processed BAM files

Archive (EGA) [14]

PRINA685283,

PRINA 694218 MM: 82, MGUS: 28 Asian Population AlIMS [15] Raw FASTAQ files




Infographic abstract of Al-driven workflow and BDL-SP model
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Figure-1: Infographic representation of Al-based workflow with BDL-SP model architecture and post- hoc analysis for the
identification of pivotal genetic biomarkers that distinguish MGUS from MM.



Al-driven workflow for feature extraction and description of genomic feature matrix

BAM Files pr— VCF Files
28 MGUS BAM files in AlIMS Dataset - _T_-
33 MGUS BAM filesin EGA Dataset §
82 MM BAM filesin AIIMS Dataset C y SHV
1092 MM VCF files in MMRF Dataset

SNV Identification

m e

No. of Variants in MG US: 49423 variants
in MuSE; 445872 variants in Mutect2; 662645 variants
in Somatic-Sniper; 67017 variants in Varscan2.
No. of Variants in MM: 798222 variants
in MuSE; 12208915 variants in Mutect2; 12282973
variants in Somatic-Sniper; 1160770 variants in
Varscan2.

-+«

—
Filtering SNVs declared as benign using Fathmm-
Y XF method

Variant Annotation

using ANNOVAR

Variant Filtration

eeping 23 types of functionally significant SNV
and clustered them into three groupsi.e.

1. Non-synonymous SNV Group: Non-synonymous,
exonic, ncRNA_exonic, stop gain, stop loss, start
loss, exonic;splicing, splicing, frameshift insertion,
and frameshift deletion SNVs,

2. Synonymous SNV group: Synonymous, UTR3, and
UTRS SNVs, and

3. Other SNV Group: Non-frameshift insertion/
deletion/ substitution, intronic, intergenic,

Identification of significantly
mutated genes for each individual

variant caller using dndscv based on
g-value (£0.05)

Extraction of significantly mutated
genes from each variant caller

for both MGUS and MM datasets.

ncRNA_intronic, upstream, downstream, unknown,
nd ncRMA_splicing SNVs.

Union of significantly mutated genes from all 4
variant callers for MGUS lead to 362 genes.

& Genomic Feature extraction of three ]

Unian of significantly mutated genes from all 4 SNV clusters give a total of 28 features
wvariant callersfor MM lead to 617 genes. for each gene of every patient.
&
Union of above significantly altered genes in
MGUS and MM lead to 824 genes in total.

Protein-Protein Interaction Network for
824 significantly altered genes from

STRING Database

[ 5-fold cross validation of BOLSP J————

A 4
[ Feature matrix (824 genes x 28 ]

features) is obtained for all
1235 patients.

SHAP Analysis to obtained feature
importance and top genes

[Final list of top significantly mutated genes ]

A A
Fdenti‘fir.atiﬂn of MM driver & MM actionable genes; ldentification of 1

oncogene and tumor-suppressor genes; Pathway analysisto find altered
pathways; Noting the differentiable pattern in MGUS & MM.

 Genomic feature Matrix 28 Genomic Feature )

TP53

f824 Significantly
altered genes

/

Description of genomic features used in the feature matrix

Feature Number Feature Name

1 Total number of the SNVs

2 Total number of the SNVs in synonymous group

3 Maximum VAF of the SNVs in synonymous group

4 Median VAF of the SNVs in synonymous group

5 Mean VAF of the SNVs in synonymous group

[ VAF's standard deviation of the SNVs in synonymous group
7 Maximum AD of the SNVs in synonymous group

8 Median AD of SNVs in synonymous group

9 Mean AD of SNVs in synonymous group

10 AD’s standard deviation of the SNVs in synonymous group
11 Total number of SNVs in non-synonymous group

12 Maximum VAF of SNVs in non-synonymous group

13 Median VAF of SNVs in non-synonymous group

14 Mean WAF of SNVs in non-synonymous group

15 VAF's standard deviation of the SNVs in non-synonymous group
16 Maximum AD of SNVs in non-synonymous group

17 Median AD of SNVs in non-synonymous group

18 Mean AD of SNVs in non-synonymous group

19 AD’s standard deviation of the SNVs in non-synonymous group
20 Total number of SNVs in other group

21 Maximum VAF of SNVs in other group
22 Median VAF of SNVs in other group
23 Mean VAF of SNVs in other group
24 VAF's standard deviation of the SNVs in other group
25 Maximum AD of SNVs in other group
26 Median AD of SNVs in other group
27 Mean AD of SNVs in other group
28 AD’s standard deviation of the SNVs in other group

Figure-2: Al-based workflow to infer differentiable genomic
biomarkers to identify MGUS and MM using the whole-exome

sequencing (WES) data

Figure-3: Schematic layout of genomic feature matrix used for
the training of proposed BDL-SP model. 7




Algorithm for estimation of best ShAP score for genomic
attributes

A. Algorithm for computing best ShAP score for each B. Algorithm for computing best ShAP score for each genomic
gene at a sample level feature at a sample level

Input- Feature matrix of a sample

Start

Input- Featurs matrix of a sample

[ Predict a sample's class using each of the five trained J {

classifiers (obtained via 5-fold classification) classifiers (obtained via 5-fold classification)

Predict a sample's class using each of the five trained ]

For each classifier that correctly predicted this sample, apply ShAP
ShAP algorithm and collect ShAP scores for all B24 genes algorithm and collect ShAP scores on the 824 x 28 genomic feature
on their respective 28 genomic features. matrix (of size no. of genes x no. of genomic features/gene).
|Repaut the below steps for each classifier

that correctly predicted this sample until (A).

[For each classifier that correctly predicted this sample, apply]

Repeat the below steps for each classifier
that comrectly predicted this sample until (B).

each gene, collect features each gene, collect features
\_having positive ShAP scores. having negative ShAP scores.

h 4
( Of the 28 genomic features fur] [01 the 28 genomic features forJ

ShAP score for each feature.

!

For every gene, sum the For every gene, sum the For every genomic feature, sum
magnitude of all the positive

[ Collect genes having positive ] [Collect genes having negative J

ShAP score for each feature.

For every genomic feature, sum
magnitude of all the negative the magnitude of all the positive | |the magnitude of all the negative
ShAP scores and label it as ShAP scores and label it as ShAP scores and label it as ShAP scores and label it as
ShAPpas_score_gens. ShAPneg score_gene. ShAPpos_score_feat.

ShAPreg scors foat.

SMPpos_sco re_g:mcl >

ShAPney_a'wrc_ymt' |?

(Positive ShAP score will be

Negative ShAP score will be Positive ShAP score will be Negative ShAP score will be
considered as the best considered as the best considered as best ShAP score considered as best ShAP
ShAP score for that gene. ShAP score for that gene. for that genomic feature.

score for that genomic feature.

Collect the best ShAP scores of all
the genes.

Collect the best ShAF scores of
all the genomic features.

Save the best ShAP Score for each gene
obtained from all the five classifiers.

Save the best ShAP Score for each
genomic feature in all five classifier

best ShAP score for every genomic feature from
of five classifiers at a sample level. the results of five classifiers at a sample level.

A4
Choose the highest absolute ShAP score as the Choose the highest absolute ShAP score as the
best ShAP score for every gene from the resulls

End

Figure-4: Algorithm for the estimation of best ShAP score of (A) genes and (B) genomic features at a sample level




Benchmarking of proposed BDL-SP model [Quantitative Benchmarking]

A. Balanced Accuracy and AUC of BDL-5P and other cost-sensitive ML models

B. BDL-5P Precision-Recall Curve {PRC) for each fold
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Table-2: Confusion matrix of top-3 performing
models

Model Confusion Matrix
Name { TP=MGUS, FP=Not MM,
TN=MM, FN=Not MGUS }
] { TP=60, FP=67,
SR TN=1092, FN=2 }
] { TP=59, FP=68,
SN TN=1086, FN=2 }
] { TP=52, FP=33,
CereEl TN=1121, FN=9 }

Figure-5: (A) Benchmarking of proposed
BDL-SP model with baseline machine
learning models, Precision-Recall curves
(PRC) for all five folds of (B). BDL-SP, (C).
CSRF, (D). CS-Cat, (E). CS-XGB, (F). CSLR,
(G) €S-SVC, and (H) CSDT.



Benchmarking of proposed BDL-SP model

Post-hoc Analysis of top-performing models

Table-3: Types of four different gene categories (OG, TSG, ODG, and AG) and their counts in 824 significantly altered genes

Table-4: Counts of four gene categories in top-250 and top-500 genes obtained from the post-hoc analysis of top-3 models

Total number of previously reported

Gene Type genes present in the list of 824
significantly altered genes
Oncogenes (OG) 20
Tumor Suppresor genes 35
(TSG)

Both Oncogenes and 5
driver genes (ODG)

Actionable genes (AG) 19

(BDL-SP, CS-RF, and CS-Cat).

BDL-SP model CS-RF model CS-Cat model
Top genes (Top performing model) (Top performing model) (Top performing model)
0G TSG ODG AG oG TSG | ODG AG OG | TSG | ODG | AG
Top-250 15 20 5 12 7 10 1 4 6 5 1 4
Top-500 19 30 5 16 7 10 1 4 6 5 1 4

11p



Qualitative assessment of top-performing model at group level (MM/MGUS)

Table-5: (Top) Oncogenes (OG) and actionable genes (AG) (B) Tumor suppressor genes (TSG) and Both oncogenes and driver genes (ODG)

reported by top-3 performing models

Top significantly altered previously genes reported by | Top significantly altered previously| Top significantly altered previously
Top genes in MM BDL-SP Model genes reported by CS-RF Model genes reported by CS-Cat Model
and MGUS
Oncogenes Actionable genes Oncogenes | Actionable genes Oncogenes Actionable genes
Top-250 genes in N(K)ﬁéalLlT:zF%gR\?i\lll KRAS, NOTCH1, TP53, | TCL1A, LTB, TCL1A MGAM
MM and MGUs IRS1 MGAM A:BLZ | FGFR3, NFKBIA, NF1, [RPTOR,ABL2,|] RPTOR, NF1, ABL2 VAVl PG’R NFKBIA, APC,
combined SHAP y ' X NRAS, BRAF, MITF, TAL1, VAV1, |INFKBIA, NOTCH1 ' ' '| BRDA4, BRAF
analysis NRAS, BRAF, TCL1A, ARID1B, ARID2, RPTOR NOTCH1 BRD4
PGR, MITF, RPTOR ' '
KRAS, LTB, CARD11,
. INOTCH1, FGFR3, VAV1,| KRAS, NOTCH1, TP53
Top-500 genes in ’ ’ ’ ’ ’ ’ TCL1A, LTB,
MM and MGUs IRSL, [IEAL, (o2, FEIFRE, MANEL, AL RPTOR, ABL2,[ RPTOR, NF1, LG, AL, NFKBIA, APC,
combined SHAP NRAS, BRAF, TCLIA, NRAS, BRAF, MITF, TAL1, VAV1, |INFKBIA, NOTCH1 ABL2, VAVL, PGR, BRD4, BRAF
analysis PGR, MITF, RPTOR, | ARID1B, ARID2, RPTOR, NO"FCHl ’ ’ BRD4 '
TERT, BRD4, MECOM, |BRD4, RB1, FANCD2, APC
TAL1

Top genes in BDL-SP Model

Top significantly altered previously genes reported by

Top significantly altered previously

genes reported

by CS-RF Model

Top significantly altered previously
genes reported by CS-Cat Model

MM and MGUS Both oncogene | Tumor suppresor | Both oncogene [Tumor suppresor|Both oncogene and
Tumor suppresor genes : : X
and driver genes genes and driver genes genes driver genes
Top-250 genes HLA-A, HLA-C, HLA-B, LTB, NCOR1, LTB,
in MM and NOTCH1, TRAF3, TP53, EGR1, KRAS, LTB, CYLD, NFKBIA, NCOR1, CYLD,
MGUs NFKBIA, SDHA, IRF1, SAMHD1, | FGFR3, NRAS, NF1, EGR1, LTB NFKBIA, APC, BRAF
combined NF1, DIS3, MITF, ARID1B, ARID2, BRAF TRAF3, NOTCH1, MAX
SHAP analysis CYLD, SP140, KMT2C SDHA, KMT2C
HLA-A, HLA-C, HLA-B, LTB,
Top-500 genes| NOTCH1, TRAF3, TP53, EGR1, NCOR1, LTB,
in MM and NFKBIA, SDHA, IRF1, SAMHD1, KRAS, LTB, CYLD, NFKBIA, NCOR1, CYLD,
MGUs NF1, DIS3, MITF, ARID1B, ARID2, | FGFR3, NRAS, NF1, EGR1, LTB NFKBIA, APC, BRAF
combined CYLD, SP140, KMT2C, MAX, RB1, BRAF TRAF3, NOTCH1, MAX
SHAP analysis [FANCD2, ZFHX3, NCOR1, KMT2D, SDHA, KMT2C
KMT2B, APC, CMTR2, AMER1




Qualitative assessment of BDL-SP model at sample level (MM/MGUS)
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Figure-6: (A) The distribution of the number of previously reported genes
in four gene groups (OGs, TSGs, ODGs, and AGs) found significantly altered
and ranked in top-100 across all MM and MGUS samples in AIIMS, EGA,
and MMRF datasets, (B) The distribution of the number of previously
reported genes found significantly altered and ranked in top-100 across all
MGUS samples in AIIMS and EGA datasets. (C) The distribution of the
number of previously reported genes found significantly altered and
ranked in top-100 across all MM samples in AIIMS and MMRF datasets.

e On post-hoc analysis of BDL-SP model using

ShAP algorithm at a sample level, we
identified the top-100 significantly altered
genes for each sample and compared them
with previously reported genes (OG, TSG,
ODG, and AG) from MM related studies.
We compared the number of previously
reported genes (OG, TSG. ODG, and AG)
samples from  different  ethnicities
(American, Caucasian, and Asian)
statistically using unpaired Wilcoxon
ranksum test and observed the impact of
ethnicity among MM and MGUS samples.
The number of OG, ODG, and AG were
statistically different among MM and MGUS
samples (figure-6(A) and 6(B)).

On the other hand, none of the gene group
(OG, TSG, ODG, and AG) were statistically
different among MM samples in between
Asian and American ethnicity.

These observation indicates that the
ethnicity might be playing a significant role
in the disease development and should not
be overlooked.
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Qualitative assessment of top-performing model at sample level (MM/MGUS)

* On ranking of genomic features in post-hoc
analysis of BDL-SP model using ShAP
algorithm at a sample level, we observed
that the total number of SNVs and genomic
features associated to synonymous SNV
group (that contains synonymous SNVs,
UTR3, and UTR5 SNVs) were the most
contributing SNVs in differentiating MM
and MGUS.

e Although, the role of synonymous SNVs are
unclear in MM but, in recent studies, the
synonymous SNVs were observed as
significant contributor SNVs in multiple
cancer types [16,17,18].
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Figure-7: Genomic Feature ranking based on the BDL-SP post-hoc
explainability in MM and MGUS using ShAP algorithm




(A)

Pathway Enrichment Analysis using Enrichr [13,14,15]

Adjusted P-value Adjusted P-value
0.16102 Calcium signaling pathway 0.00002 A
RYR1; CACNA1B; ITPR1; RYR1; RYR2; CHRM3;, PDE1C; CACNA1B; ITPR1;
ITPR2; SLC25A5; RYR3; CACNA1A; ITPR2; ATP2B3; ITPR3; ATP2B2; CACNAIF;
\_ CACNA1G RYR3; GRIN2D; CACNA1l; PTK2B; NOS1; SLC25A5; FGFR3
-
0.73326 B cell receptor signaling pathway 0.00002
LILRB1 NFKBIA; NRAS; INPP5SD; LILRB1; KRAS; LILRAT;
\ LILRB2; LILRA2; VAV1; CARD11; LILRA4 y.
' N
0.57833 MAPK signaling cascade 0.00034
CACNA1B; FLNC; MAP4K1; DUSP2; MAX; CACNA1B; CACNA2DZ;
PAK2; CACNA1IG CACNA1A; BRAF; TRAF2; CACNA1F; CACNA1I; NRAS;
MECOM; NF1; FLNA; KRAS; TP53; PAK2; FGFR3
s ™
0.42260 Regulation of actin cytoskeleton 0.00040
ENAH; APC; ACTR3B; CHRM3; GSN; ITGA2; BRAF; ACTR3B; VAV1; MYLS;
| PAK2 NRAS; MYH14; MYH11; KRAS; EZR; PAK2; FGFR3; VCL
0.42260 Osteoclast differentiation 0.00048 h
FCGR2A; SIRPA; LILRB1 NFKBIA: CYLD:; SIRPA; MITF: TRAF2: LILRB1;
\ LILRA1; LILRB2; LILRAZ; SIRPB1; LILRA4 y
(" 0.36247 cGMP-PKG signaling pathway 0.00314
ITPR1: ITPR2: IRS1; ITPR1; ITPR2; ATP2B3; ITPR3; ATP2BZ;
| SLC25A5; MYH7 CACNA1F; SLC25A5; MYH6E; MYH7, ADCY5
f 0.42260 Proteoglycans in cancer 0.00428 h
GPC1; ITPR1; ITPR2; FLNC NRAS; ITGA2; ITPR1; FZD8; FLNA; ITPR2; BRAF;
§ ITPR3; KRAS; EZR; TP53; VAV1 )
f 0.18224 Lysine degradation 0.00683
L KMT2E; KMT2C; ASH1L KMTZ2E; KMT2D; MECOM; KMT2C; KMT2B; ASH1L
4 N
0.88434 PI3K-Akt signaling pathway 0.01655
HSP90AB1; LAMA3 HSP90AB1; VWF;, LAMAZ; IRS1; ITGAZ; LAMAJ]
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Figure-8: (A) KEGG pathways found to be significantly involved in progression of MGUS to MM. Top significantly altered genes that were identified by
post-hoc analysis of BDL-SP using ShAP algorithm as unique either in MGUS or in MM are shown in red colored font. (B) GOChord plot reveals the
association of driver/ TSG/ Onco/ Actionable genes associated with important pathways. The gene KMT2C was observed to be significantly mutated in
MGUS and MM; and the gene APC was mutated only in MGUS. All other genes are significantly mutated in MM only. © Important pathways significantly

altered in MM. Further, drugs used for pathways directed therapies associated with mutation in genes are highlighted.
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Key points of bio-inspired Al-driven workflow

The term bio-inspired refers to the ability of the workflow to comprehend the topological information
from PPl network and then imbibe the genomic features to identify the differentiating biomarkers for
MM and MGUS.

The integrated learning using topological information obtained from PPl network and exomic
mutational profiles enables the BDL-SP model to rank the genes based on their role in disease
progression more efficiently with few layers of graph convolutions network than the traditional
machine learning models that were trained only on the exomic mutational profiles.

When two ML/DL model perform similar quantitatively, it would be better if the model is chosen on the
basis of the interpretability with reference to the application domain. Here, The quantitative
performance of top-3 models (BDL-SP, CS-RF, and CS-Cat) were similar and on further post-hoc
benchmarking revealed the BDL-SP model has identified most number of previously reported genes.

The post-hoc analysis of the BDL-SP model also revealed the role of ethnicity in the initial phase of MM
(that is, MGUS) as the number of significantly altered OG, ODG, and TSG were statistically different
among MM and MGUS samples obtained from American, Caucasian and Asian ethnicity.

Further, total number of SNVs and the genomic features associated to synonymous SNVs were
observed to be the most contributing genomic features in differentiating MM from MGUS. Thus,
further analysis on the clinical impact of synonymous SNVs is strongly suggested.

Using this workflow, we have identified the the significantly altered pathways using Enrichr with the
help of top-500 significantly altered genes obtained from BDL-SP that become more/less significant
with disease progression from MGUS to MM. We observed that several pathways are selectively
dysregulated in MM and also, the pathways who lost their significance from MGUS to MM were
actually related to other cancer types.



Il

Conclusion

We designed and implemented an Al-driven work with novel “bio-inspired deep learning architecture for
the identification of altered signaling pathways in MM (BDL-SP)” to identify the differentiating biomarkers
in MM and MGUS.

The PPI network can be helpful to infer the genes playing significant role in MM disease pathogenesis. We
incorporated the PPl network of 824 significantly altered genes obtained using three global WES data
repositories.

On benchmarking the proposed BDL-SP model with several baseline machine learning models, the BDL-SP
models performed almost similar to CS-RF and CS-Cat models in terms of AUC.

When two model performed similar quantitatively, the model should be chosen on the basis of
interpretability with reference to the application domain using proper post-hoc analysis/benchmarking.

On post-hoc benchmarking of BDL-SP model using ShAP algorithm, the BDL-SP model reported the highest
number of previously reported genes (OG, ODG, and AG) as comparison to the traditional ML models.

The number of previously reported genes among MM and MGUS samples in multiple ethnicities were
observed to be statistically different and indicates the significant role of ethnicity during the initial phase of
disease and should not be overlooked.

We further validated our findings by performing pathway analysis on the top mutated genes and observed
that several signaling pathways such as Calcium signaling path- way, B-Cell receptor signaling pathway,
PI3K-Akt signaling pathway, MAPK signaling pathway, etc. are selectively and more significantly
deregulated with disease progression.

The genomic mutation associated to the synonymous SNV group (synonymous SNVs, UTR3, and UTR5)
were found to be the most significantly contributing differentiating MM from MGUS.
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