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Introduction

Intratumor heterogeneity (ITH) of tumor-infiltrated leukocytes (TILs) is an important phenomenon
of cancer biology with potentially profound clinical impacts. Multi-region gene expression data
provide a promising opportunity that allows for explorations of TILs and their ITH for each subject
described as follows:

Multi-region sequencing design Intratumor heterogeneity

CRUK0004

. Gene expression datareveals =~ cRukogss / Decqnvolu‘uon model esimates
ene : ) cruroo? crUKo0sS relative cell type abundance
within-subject correlation T SR

0070 CRUKO0065 CRUK0065
\» CRUKWO ¥ CRUK0070 2 Ruf065 - CRUK0065
UK0070
CRUK0018 \gRUK0018 CRUKOOTY o
CRUKO0025
S

CRUKO0005

ol S
. 4 ¥ iy
< s o 3
= 4 tlt" R ):
P iR AP P et
£ SR W =
\/ R L} S N

TY $CAC
1
1 e .
' Cellular composition predicts
! survival outcomes
. Low Risk Score
=R High Risk Score
z
5,’ 4
0 .
CRUKO0100 Time

Figure 1. Multi-region sequencing study design.

|CelTH model is designed to address the challenges of assessing ITH using multi-region RNA-seq
data, as they can reveal differences in gene expression and immune cell infiltration between
different regions of the same tumor.

Method

Considering a total of K immune cell types are of interest here, the observed gene expression
Y54 can be decomposed as:

k
where hg;. is the unobserved cellular abundance from cell type &k in sample s, and W, is a
three-dimensional tensor that stands for the hidden expression profiles of gene ¢ in sample s
from cell type k. esq is the error term that follows a normal distribution.

To characterize intratumor heterogeneity within the same patient subject, a hierarchical Bayesian
approach is taken in two steps. First, each patient is allowed to have their own pure cell type
profile parameters p; 4. per gene and per cell type. This is expressed as:

i.i.d 1
|Og(ngk) ~ N(Nz’gka ), fors € I;.

Agk
Second, we use Dirichlet distribution to model cell-type-specific parameter, hg.. For sample

s € I;, we have
hgiy...,hex ~ Dir(Cym), (2)

where (1) 7 is a K by 1 vector pooled across all samples with ) ;. 7. = 1 to represent the global
cellular composition, and (2) C; is a patient-specific parameter that controls the variability of the
cellular composition across samples within each patient, thereby revealing [TH.

The Fenton-Wilkinson (FW) approximation [1] is used to approximate equation (1) by another
log-normal distribution as follows:

1 .
l0g(Ysg) = N(Iog(z hsiWsgk)s )\—), forsel;, i=1,...,n.
sg

k
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Prior specifications

To incorporate prior knowledge from existing reference profiles, we use conjugate prior distributions
for the patient-specific mean expression parameter ;Lz-gk’s and variability Ay

ii.d 1
tigk ~ N(fgk:
9 I pakAgk

where g, a1 and 3, . are determined by the mean and variance from the reference matrix.

>7 )‘gk ~ Gamma@‘gka ng)a

Optimization

We use the Collapsed Variational Bayesian (CVB) method to optimize the ICelTH model. To
perform a CVB method, we first marginalize over the hidden random variables p;4's and Ag.'s,

N
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After we integrate out the latent variables, we introduce the following variational distributions on
the remaining unobserved variables, that is W ;. and hg,

QUog(Wygi)) ~ N(Yigks Tor)s - QUhst, -+, hsge) ~ Dir(€st, -, &)

where Q(-) denotes the variational distribution aims to approximate the true posterior density and
{%gk}i,g,k’ {Tgk}gjk, and {fsk}s,k are variational parameters that seek to be optimized. In total,

thereare (N x G x K)+ (G x K) + (Zi]\il I; x K) parameters to estimate.

The final objective function is based on the evidence lower bound, derived as follows:

P(Y,W, H|0)
log(P(Y)) > \EQ(W,H){lOg QW 1) };
FLBO
> Eg{logP(Y|W, H,\)} + Eg{logP(W|u, p,, B)} + Eg{log P(H|C, )} (3)
Ef e g
— Eqg{logP(Wly,7)} — Eg{logP(H|{)},
1 Y

where Z = (W, H) and 8 = («, B, p, i, A) denote the unobserved variables and hyperparameters,
respectively. We apply Limited-memory BFGS (Broyden-Fletcher-Goldfarb-Shanno) to iteratively
maximize the objective function defined in equation 3 and its gradient with respect to variational
parameters has been derived to speed the optimization.

To obtain the intratumor heterogeneity parameter C; in equation 2 for a specific subject 7, we
compute the first and second central moment for s € I, as follows,

Cimt, ) (1 — 7p)
_ — 1, Varlha ] = . 4
; C, Zcﬁc Qs ar| s,k] Ci+1 (4)

Then, the total variance across samples within subject i is ;. Var|hg | = ) Wkgjj’f) which the
ITH score can be calculated as follow:

Ny 2kl —T)
Ci = fo(fg, hsr) = Zk var(hyp) 1. (5)

This equation estimates the degree of ITH within each patient. In particular, the numerator in
equation 5 represents the expected variance of the cell type proportions across all samples, while
the denominator represents the actual variance within each subject.

The software is available at GitHub
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Simulation study

We conduct extensive simulation studies to evaluate the performance and robustness of our

proposed method, ICelTH, as well as benchmark it against CIBERSORT [3] and EPIC [4].
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Figure 2. Results of analyzing the simulation data in the setting with four cell types and randomly generated sample
numbers (3-5) per patient.

The results show the |ICelTH provides the most accurate estimation of cell-type-specific propor
tions and a better ability to dichotomize low vs high intratumor heterogeneity groups.

Real data application on TRACERX

We apply the ICelTH model to analyze RNA-seq data in patients from the TRACERx cohort [2].
The multi-region RNA-seq data are available in 45 patients, and it results in 140 tumors in total.
We seek to associate the survival outcome with intratumor heterogeneity scores estimated from
our proposed method.
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Figure 3. Results of analyzing the TRACERX data.

|CelTH is capable of classifying patients into different risk groups according to the ITH estimation
of targeted TlLs that shape the either pro- or anti-tumor processes.
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