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Background

|—> Intratumor heterogeneity (ITH)
O ITH of tumor-infiltrated leukocytes (TILs) is an important

phenomenon of cancer biology with potentially profound ‘

clinical impacts.

(d Multi-region sequencing data provides a promising Multi-region design
opportunity that allows the exploration of ITH, i.e.,
(J TRACERx study revealed the association of SCNA to patient
prognosis (Jamal-Hanjani et al. 2017);
L Abdullabbar et al. 2020 studied differentiate highly
immune-infiltrated tumor regions by the number of immune

hot and cold tumors at a population level reveal patient

survival.
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Background

|—> Intratumor heterogeneity (ITH)

Multiregion Mutation and
Copy-Number Analysis
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O ITH of tumor-infiltrated leukocytes (TILs) is an important
phenomenon of cancer biology with potentially profound
clinical impacts.

(d Multi-region sequencing data provides a promising
opportunity that allows the exploration of ITH, i.e.,

(J TRACERx study revealed the association of SCNA to patient
prognosis (Jamal-Hanjani et al. 2017);

(] Abdullabbar et al. 2020 studied differentiate highly
immune-infiltrated tumor regions by the number of immune

hot and cold tumors at a population level reveal patient
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Background

|—> Motivation
d However, none of these studies have systematically studied the intratumor heterogeneities of TILs, which

may provide valuable insights into cancer biology and personalized cancer treatment.

 Computational methods have developed to study Bulk
tissue/ Blood
. . . RNA tumor draw
the composition of the TIL in bulk gene expression . il OR U ol BSOS
> 5= T

data: =z Signature matrix ke FERTR
@ > == 00000 =7 profile
(1 CIBERSORT applies linear support vector regressior > 55 )

CIBERSORT|—>»

Significance| /
analysis

(SVR) (A. M. Newman et al. 2015); @—’ =

O EPIC employs a weighted least squares and impose (> =

%00 QLO®O

weights on informative genes. " - (A. M. Newman et al. 2015)

O However, none of these methods developed for ITH and not suitable for multi-region design.
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Background
I—>Aim
 In this work, we aim to develop a computational method:
d decompose mixed bulk gene expression data to estimate the relative immune cell abundance while
accounting for the within-subject correlation.
[ assess the intratumor heterogeneity by the variability of cellular compositions from immune cells for

each patient and seek its association with the survival outcomes.
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Statistical model

|—> Reference profile construction

 Let Xygk represents an observed cell-type-specific reference
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]
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0 50 100 150 2.0 3.0 4.0 5.0

L g indicate the gene index Linear space Log space

O v indicate the sample index belong to cell type k

O kindicate the cell type CT1 (T1 CT2 CT2 (T3 (T3
Gene 1_ 243 823 45 30 537 299

1 Gene 2 46 52 20 7 46 41

log(Xugk) ~ N (kgks ) “ Gene 3 99 50 9 69 38 25

gk Gene 4 95 45 17 23 25 11

(1 The observed gene expression is modeled as log-normal Gene 5 11 18 26 22 17 8
Gene 6 90 45 19 9 21 7

distribuﬁon Gene 7 044 415 167 98 125 57
Gene 8 100 58 133 6 49 18

1 Estimated cell-type-specific mean expression Agk Gene 9 15 /111 9 5 32

) Gene 10 107 164 44 113 14 22

O Estimated cell-type-specific variability Ay Gene 11 4582 3270 2104 5756 860 672
Gene 12 321 151 32 60 250 310

Gene 13 425 617 69 230 42 155
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Statistical model

|—> Mixed bulk data

 Consider a study of N patients. Let I;(|I;| > 1) denote the tumor sample index for patient i.
O Let Y, represent the mixed gene expression from sample s € I;

log(Y. E hskWsg + €54, for s € I, Patient 1 Patient 2

D s , .

I 1 I 1

Sample 1 Sample 2 Sample 3 Sample 4

_ N Gene 1 134 134 249

O hg is the unobserved cellular composition. Gene 2 >> 62 -8 32
Gene 3 48 171 145 24

O Wi,y is a three-dimensional tensor that stands for the hidden. Gene 4 50 28 53 33
Gene 5 118 67 60 164

O €sg IS the error term that follow a normal distribution with mean 0 Gene 6 21 74 36 21
Gene 7 80 219 148 144

and variance 1/,. Gene 8 28 45 49 29
Gene 9 6 12 19 19

Gene 10 47 179 49 135

Gene 11 3301 3670 643 5192

Gene 12 120 206 415 147

Gene 13 370 537 257 420
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Statistical model

|—> Mixed bulk data
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Statistical model

|—> Model hidden variables — cell-type-specific gene expression
(1 To characterize intratumor heterogeneity within the sample patient subject, a hierarchical Bayesian approach
is taken in two steps:

[ First, we allow each patient to have his or her own pure cell type profile parameters Uigk

i, 1
log(ngk) Nd N(:uigky )\_)7 for s € Iia
gk

where the hidden gene expression, Wy, also follows a log normal distribution.

We then center the patient-specific mean expression to cell-type-specific mean expression

iid 1 .

tigk ~ N(pgr, ——), fori € 1,..., N, Mg ~ Gamma(agk, Byk)-
pgk)\gk:

O pgyi controls how much information we borrow from the mean reference profile.

O a4k and B4, determine the prior knowledge of the variability of gene expression.
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Statistical model

|—> Model hidden variables — cell-type-specific gene expression
(1 To characterize intratumor heterogeneity within the sample patient subject, a hierarchical Bayesian approach
is taken in two steps:

[ First, we allow each patient to have his or her own pure cell type profile parameters Uigk

i, 1
log(ngk) Nd N(:uigky )\_)7 for s € Iia
gk

where the hidden gene expression, Wy, also follows a log normal distribution.

We then center the patient-specific mean expression to cell-type-specific mean expression

iid Age 4 &l

Wigk ™~ N(‘Ezgk, . ), foriel,....N, Agp ~ Gamma(]ozgk, Bkl
gk \gk

O pgi controls how much information we borrow from the mean reference profile.

O a4k and S, determine the prior knowledge of the variability of gene expression.
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Statistical model

|—> Model hidden variables — relative cell type abundance

U Second, we use Dirichlet distribution to model the proportions of cell types for each sample

hsla e ooy th ~ DlI‘(CﬂT),

where
O mis a Kby 1 vector pooled across all samples with };;, 7, = 1.
O C; is a patient-specific parameter that controls the variability of the cellular composition across
samples within each patient,
4 C; tends to be small, it indicates a more heterogeneity cellular composition

O C; tends to be large, it indicates a more homogeneous cellular composition
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Statistical model

|—> Likelihood approximation

L Recall the observed gene expression Y, can be decomposed as:

log(Y, Z hskWsgk + €59, for s € I,

1 However, there is no closed form solution for a summation of independent log-normal distribution. We,
therefore, adopt the Fenton-Wilkinson (FW) approximation (Fenton 1960) to approximate the likelihood by

another log-normal distribution as follows:

1
log(Ys,) = N(log(z hsWsgk), )\—), forsel;, i=1,...,n
k 59
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Statistical model

|—> Overview of model structure

Gene g

Sample s Observed gene

Observed gene-specific expression
variability ~ o
| Global cell-type
mean proportions

< %
a
Cell-type-specific gk <
L — - Cell-type
gene variability T X
,ng Pl S proportions
Cell-type-specific \ Intra-tumor
4—
gene mean expression Kok T heterogeneity
. /
Scallng.f?ctor for_gene- Pk 7 A
specific variability
Cell type k i

Patient-specific mean expression

O Observed Q Unobserved Hyper-
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Model optimization

|—> Collapse over the hidden gene expression
(d We adopt Collapsed Variational Bayesian (CVB) method to optimize the model.
O Computationally more efficient than MCMC.

(J To perform CVB method, we first marginalize over the hidden variables Uigk's and Agp’s

N
H H P(log(ngk) |,LLgk7 Pgk; Cgk, /ng)

1=1 s€l;
N
B /A / H Hp(log(ngk)luz‘gk, Agk) X P(Ligk|gks Agk, Pgk) X P(Agk|atgr; Bgk) dirgk - - - dpngr dAg
05

1=1 s€l;
21

gk
_ F(Oén) ng gk (27’(’)_ 5
T'(agr) Bem TIX, VL] + pok

I
where o, = 25 + agg, log(Wigr) = ﬁ D et log(Wsgk), and

N/2

1 > Iz 10 Ws — 2
Bn = Bk + 5 Z{Z(log(ngk) — log(ngk))2 4 paklLi( |]g(| - ;ki Lgk) 3
( s€l; i g
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Model optimization

I—>Varia’tiona| parameters

[ To estimate the remaining hidden variables, we introduce the following variational distributions:

Qlog(Wisgk) |Vigks Tgk) ~ N('yz-gk,ngk), forsel,, i=1,2,...,N; ¢g=1,2,...,G; k=1,2,...

Q(hsh'°-ath|§sla---7§sK) NDiI‘(fSl,...,gsK) fOI‘SEIi; g= 1,2,...,N; k = 1,2,...,K,

where
O Q(-) denotes the variational distribution to approximate the posterior distribution.
QO {Vigkligk: {Tgklgr and {si}s k are variational parameters to be optimized.

Q Intotal, thereare (N X G X K) + (G X K) + (S X K) parameters to be estimated.
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Model optimization

|—> Derivation of the evidence lower bound
O Let Z = (W, H) denote the unobserved variables of interestsand @ = (a, B, p, u, A) denote the hyper-

parameters.
P(Y,W,HW)}
QW,H) ~

log(P(Y)) = Eqw,m){log

) ELBO
> [ aum)aumiog "D IO

> Bo{logP(Y|W, H, \)} + Eq{logP(W |, p, v, )} + Eo{logP(H|C, m)}

N Vo

)dZ

a (¢}

b
— Eq{logP(Wly,7)} — Eqg{logP(H|{)} .

Y

d e

d We applied Limited-memory BFGS to maximize this objective function iteratively.

1 The gradients with respect to variational parameters have been derived to speed the optimization.
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Model optimization

|—> Empirical solution through moments
[ The relative cell type abundance can be estimated by variational parameters.

Q specifically for cell type k, hy, = Zﬁsz

[ The expectation of the fraction of cell type k can be obtained as El[h.;]| = CCZ—“’“W = T

 The intratumor heterogeneity score C; for each patient can be computed through the first and second

moments,

5 A7 19 Zkﬁk(l—ﬁk)
C’L — fC’(ﬂ-kahsk) — Zkvar(hsk) .

where 37, var(hg) = Y, Tl
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Simulation

|—> Simulation settings and results

' We consider 100 patient, with 4 to 8 (a) Estimated CT Proportions (b) Estimated CT Proportions  (¢) Estimated ITH From ICelTH
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Simulation

|—> Sensitivity analysis and results

d We consider 100 patient, with fixed
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Real data application

|—> TRACERXx Study

[ The multi-region RNA-seq data are available in 45 patients with 140 samples in total.
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Conclusion

O In this project, we proposed a Bayesian hierarchical model, ICelTH,
to estimate the relative cell type abundance by leveraging the
prior information while accounting for the within-subject
correlations.

[ ICelTH assesses the intratumor heterogeneity by quantifying the

variability of the targeted cellular composition and reveals the

association between heterogeneity of immune cells to the patient

THE UNIVERSITY OF TEXAS

survival. Z)Ander SOn
LanecerCenter

Making Cancer History”

1 We develop an efficient variational inference approach to the
model estimation, and the method is available through a user-
friendly R package on Github
(https://github.com/pengyang0411/I1CelTH).
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