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Abstract

Survival month for non-small lung cancer patients depend upon
which stage of lung cancer is present. Qur aim is to identify smok-
ing specific gene expression biomarkers in prognosis of lung cancer
patients. In this paper, we introduce the network elastic net, a gener-
alization of network lasso that allows for simultaneous clustering and
regression on graphs. In network elastic net, we consider similar pa-
tients based on smoking cigarettes per year to form the network. We
then further find the suitable cluster among patients based on coeffi-
cients of genes having different survival month structures and showed
the efficacy of the clusters using stage enrichment. This can be used to
identify the stage of cancer using gene expression and smoking behav-
ior of patients without doing any tests.

Motivation

e Smokers behaving in similar manner.

e Correlated data forming networks to build separate local
models.

e Finding the stage of cancer based on gene expression

 biomarkers. J

TCGA: LUAD, LUSC

e Molecular data from The Cancer Genome Atlas for
Lung Adenocarcinoma (LUAD) and Lung Squamous
Cell Carcinoma (LUSC) from cBio Cancer Genomics
Portal (http://www.cbioportal.org/), Broad Firehose web-

site (https://gdac.broadinstitute) and from Genomic Data
Commons Data Portal (https://portal.gdc.cancer.gov/).

e Clinical Data - 1024 patients, 77 Features.

— first nested 1item
— second nested 1item

e Gene Expression Data - 1016 Patients, 19223 Fea-
tures(Genes).

e Mapped LUSC data - 501 Patients, 19300 Features.
e Mapped LUAD data - 515 Patients, 19300 Features.

Network Lasso

[1] focuses on optimization problems posed on graphs. Con-
sider the following problem on a graph G = (V,E), where V 1is
the vertex set and E 1s the set of edges:

minimize » _ fi(zr;)+ Y gji(xj, zp) (1)

ay (4,k)ee

The variables are xq,...,xpeRP , where n = |V|.(The total
number of scalar variables is np.) Here x;eRP is the variable
at node 7, f; : RP — R U oo is the cost function at node i, and

gjr - BP X RP'— R U oo is the cost function associated with
edge(j, k).

min Yy fi(zi) + A > wjplle; — gl (2)
€V (7,k)ec
Our proposed regularizer can be solved by a general alternating
direction method of multipliers (ADMM) based solver.It con-
sists of the following steps (for each iteration k).

2P = argmin, Lp(z, 2 k)
2 = argmin, Lp(a:'kH, 2, uk) (3)
u/ﬁ-l _ uk 4 <£Ifk+1 . Z/f—l—1>

Network Elastic Net for Identifying Smoking
specific gene expression for lung cancer

Network Elastic-Net

Modeling:  Network Lasso, Isotropic Total Variation,
Anisotropic Total Variation

e [3] focuses on using combination anisotropic and istropic
total variations regularization.

e Isotropic Total Variation i1s equivalent to group lasso [3],
also known as /1 o regularization.

e Anisotropic Total Variation is equivalent to fused lasso [4],
also known as [ regularization.

Here regularization is the combination of /1 and [ 5.

min Y filz) + A\ ) wiplle — apllo+

1€V (j7k>€e (4)
Ao Y willay — @
(7,k)ee
ADMM

e Same updates except z-update.
e Coordinate Descent for z-update.

Simulation

We have created high dimensional synthetic data having clus-
tered and orthogonal coefficients. First, we have generated the
predictors such that z;; ~ Unif(—=1,1),j=1,.,10 and i =
1,...,100 and e; ~ N(0,1) and corresponding response variable
have been generated using below model :-

y; =2%xTio+3xr;3+2*%xx;u+0.1xe;,0=1,..,33 (S)
Y; =4xx;3 —0*xxjy —Oxx5 +0.1xe;,0=34,...,66 (6)

Yi = —0*xxjyy +06*xx;5+3*xx;56+0.1%xe;,0=067,...,100 (7)

Above 3 equations are 3 networks.

Weight Matrix - 95% density with 1 and O for 5%.
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Survival Model-Accelerated Failure Time(AFT)

Modeling: Accelerated Failure Time 2 T B ¥ HIl:
[2] discusses Accelerated Failure Time being weighted least ABCCI1 - ik e R I 002
square regression, where, NTSR2 | s e | ; von
Y1) < ... <Y, - order statistics of Vs, ACIP2 1 il a1 ]l At | |
5<1>, s 5(n> - associated censoring indicators. T | f | P 000
X(1), -+ X(p) - associated covariates. and it is further mean AN R ] i B
adjusted leading to below equations. AL - - - e e e - —0.01
WPS11 - : !
Denote DCT - ' '
SLC38AT - ! [l . ' ! - —0.02
* Vo i bt e I
Xy = (w2 (X () — Xw) (8) meem6s JERPEIUISMEER I s |
I AR RRIGENA RS RSN SRR AR AR
Y*: §Y _7 9 Indaw
(2) (mwy )2 (Y;) w) ©) e Inferring Stage of Cancer based on coefficient of gene vari-
Therefore weighted loss function 1s ables.
" e Clustering based on Coefficient of gene variables.
L x vk 2
L= 2; (Y(Z) X(Z)ﬁ ) (10) Count of Stage of Cancer vs Cluster
- Cluster Stage 1 Stage 2 Stage 3 Stage 4
For Network Elastic Net 1 53 26 12 4
. 2 3 2 1 0
; Yo = %@ 4 45 20 17 6
(11) | 5 13 6 6 1
Al —a) Z w8 = Brlly + A Z wikl| By — Brlly Significance of Stage of Cancer vs Cluster
(J:k)els (Jk)eE Cluster Stage 1 Stage 2 Stage 3 Stage 4
(12) 1 0.00 0.00 0.86 0.77
S 2 0.42 0.32 1.00 1.00
Cross-Validation 3 0.00 0.59 0.11 0.49
Robust Cross-Validation 1s important step to find the hyper- 4 0.00 011 0.04 0.13
parameters. We have split the data into 80:20 where Training 5 0.14 0.60 0.24 1.00
data 1s 80% and Testing data is 20%. For performance measure, ‘
[2] uses AIC.
Conclusion

AIC — Score = nlog(CV Score) + 2K (13)

e \ = 0.5 and o = 0 shows least AIC - 3331.

e Correlation between Actual adjusted survival months and pre-
dicted adjusted survival months 1s 0.77.

where CV Score is the loss for test data and K 1s corresponding
non-zero coefficients.

e 31 Significant Genes having norms greater than 0.03.

e Cluster 1 belongs to Stage 1 or Stage 2, Cluster 3 belongs to
Stage 1 and Cluster 4 belongs to Stage 1 or Stage 3.

Result
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