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The Cancer Context

* Cancer is one of the most well-characterized path-physiological &
path-biological disease systems at different molecular levels

* Multiple types of high-throughput data now available on the multiple

model systems: Patients, Cell-lines, Patent-Derived Xenografts (PDX), Organoids...
[growing day by day!]

 Motivates many precision medicine endeavors...
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Precision Oncology

* Precision Oncology 1.0
(~ 5 10 years ago)
Small numbers of molecular
abnormalities
» Always constrained by the
tissue-of-origin

* Precision Oncology 2.0

(Current)
« Dozens or 100’s of possible
mutational hotspots and

exomes of cancer-associated

genes.
« Could be tissue-agnostic

* Precision Oncology 3.0

(Future)
« Pan-omic analyses
« Multi-system integration
» Network analyses
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High-level Goals

Patients

Tumor ICGC, TCGA, TCPA

Systems

Pre-clinical

Models CCLE, MCLP, GDSC

ous  NCIG0, LINCS, DepMap

* Exploit the conserved biology between different —_ / g /

model systems (patients, cell-lines, PDXs) to calibrate
therapeutic response of drugs in patients

* Find optimal pre-clinical “avatars” as proxies for
patients

* |dentify key genomic drivers and mechanisms
explaining model system similarities

Statistically...
* Joint probability models across model systems
to borrow strength
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Bayesian Calibration of
Therapeutic Indices



Conceptual Integrative Framework

* m,n = # of samples
* p =# of genomic features
« =#ofdrugs

Veera Baladandayuthapani (Univ. of Michigan)

P R q
. . i - H — . -1- ‘
Tralnlng \ » Vertical o e WV
N\ — i - % % &
Model U n Cell lines’ Genomic Integration Ll = : p
i S . SENSITIVITY n S & . N
o VI = L Features > e B
System = =
Horizontal
Integration
Missing/Unlabeled
-—— -—— -—— 1
l l -y, >
- m Patients’ Genomic > | 2 4‘ ‘jf A
Features Drug Response | " ™
Prediction —_ - “comess

Bayesian Multi-system Integration



Naive supervised approach
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This does not account for
potential genomic
difference (or similarity)
between the model
systems!

Trained on cell lines and tested (independently) on patient’s data
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Calibration approach
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iR, Model Formulation

 Labeled data: (Dj, C]-),j =1, ..., N, (# of cell lines)
 Unlabeled data: (D;, P;),i = 1, ..., Np (# of patients)

— (Dj, Cj, P;) = drug response and genomic measurements
of jt"cell line, it" patient

— (Cj, P;) — each high-dimensional vector of G genes

— D; unknown

* Key goal: infer distribution of D;
— p(D |P, @) <- target distribution of interest (iR, distribution)

— 0O (model parameters)
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iR, Distribution

For a generic patient with genomic features P,

‘ o(D|P, e)‘ - fcp('D,C|'P, G)dC:/p(’D|C,'P,®)p(C|'P, 0)dc

C

- [p(p|c, ©)p(C|P,0)dC

— / p(D|C,©) x p(C|P,©) dC, (1)
o - ) i

W

[Drug-cell line model]  [Cell line-patient model]

Assumption, p(D|C,P,0) = p(D|C, ©)
Motivates two sub-models for iR computation.

« Many choices available for both sub-models
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iR, model specifications: Drug-Cell Line Model

Drug-cell line model

D=CB+e e~N07'1),
M C = genomic data from cell-lines

M 3 = corresponding regression coefficients

M Need to deal with high-dimensional setting (G >> N,)

* Drug-cell line model serves as our (labeled) training model
* Follows a penalized linear (ridge) regression model
* Can be more general: [insert your favorite prediction model]
* linear/parametric (e.g. lasso, horse-shoe...) or
nonlinear/non-parametric (e.g. trees, additive models)
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iR, model specifications: Cell Line — Patient Model

Cell line-patient model

where f;’s: vector of K latent factors, LA: loading matrix. €}, €5 ~ N(0, ¥ '), N(0, ¥, ")
respectively (K is unknown) !

e Latent factor models: captures the underlying genomic
similarity using low-dimensional factors (K unknown)
* Explicitly quantify --
* Source-specific (patients vs. cell line) &
e Shared variations separately (patients + cell lines)
 Dependence between genes
e Useful for clustering as well
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iR, Distribution and Calibration

Cell line-patient model factorization

Clt=Af+¢;, Plf=Af+ey; &~ N0,V ") [=1,2,

where f, the common K-dimensional vector of factors, follows N(0, Ix).
€1, €> and f are mutually independent.

1R, distribution

Under the two Gaussian sub-models the target iRy distribution p(D|P) is,

p(D|P) =N(B AA"(AA" + & )P 1+ BTvp)

where V is var(C|P)

o

Any distributional summary can be used to compute the iR, scores (mean, variance,
quantiles etc..)
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IR, Scores

The theoretical individualized theRapeutic index, or iRx, for a patient with genomic
profile, P, is defined as|E(D|P), as given in following proposition.

Under the proposed model in (2), (3) and the assumption (4), for a patient with genomic
profile P, iR (P) = BTAAT(AAT +w; 1) P = gTw, A(1 + ATW, A) ' AT P

~T ~ ~T [/—— —1 -‘
In practice, | iRx(Pi) =08 AA (Var(Pi)) Pi‘ (5)
where Va\r(P,-) = :Zl:le + \Tl_l, and ,/(;' A and @2 are the corresponding estimates. 4

Note dependence on shared variation
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Naive Scores

Alternative to iRy, naive index (NI), solely based on the drug-cell line model, is defined
as E(D|C = P;) = BT P;. Thus, NI(P;) =3 P;

Claim: Under the assumption of shared genomic variation across cell lines and patients,
MSPE(P;)ir, < MSPE(P;)ni . In addition, gain in accuracy is given by
(MSPE(P;)ni % MSPE(P;)ir, ) = (B"BP:)?, B = [WaA(lx + AW 4) 1 AT — 1]

Bottom-line

e Better predictive accuragcy in comparison to naive
plug-in approaches

« Can explicitly quantify accuracy gain based on
shared variation (and shown in simulations)
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Bayesian Estimation

Let ©,©; and O;: set of all parameters, Drug-cell line model parameters and Cell
line-patient model parameters respectively. Then

F

if ©1 and ©, are assumed independent to each other. Suffices to independently define
priors for each model and conduct MCMC steps in parallel.

Prior for drug-cell line model

W ©1={B,7}, p(BIr) ~ N(0,[Ar] 1), and p(r) ~ Ga(a-, b-)

M A normal prior for 3 automatically applies ridge penalization.

M )\, hyper parameter controlling shrinkage, assumed a weakly informative gamma.

Prior for cell line-patient model

MO, ={A K,¥1, W}, p(Anrxx) ~ multiplicative gamma process (MGP)
shrinkage prior {Bhattacharya and Dunson’s, 2011}, K determined by keeping
significant columns from left.

W p(¢1.i), p(¥2,i) ~Ga(a,b), i=1...G, iid.
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Impact of variability on relative accuracy gain

Shared Variation

Relative Gain
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Patient-specific variation

IR, dominates NI, PC-based models in all scenarios;
attributable to shared variation
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Clinical validation using existing trial data

* Hypothesis: pooling information across labeled and
unlabeled data (by using Cell line-patient model)
improves calibration accuracy

* Validate iR, (Semi-supervised) versus independent
methods while estimating true drug response obtained
from two clinical trials with drug-response data available

* Natural clustering due to latent factors can be used to
— Find optimal cell line “avatars” as proxies for patients

— ldentify key genomic drivers explaining cell line-patient
similarities; conserved biology
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Data

* A panel of cell lines from GDSC database (training model
system); log-IC50 as responses

e Target Clinical Data (drug responses are masked for validation)

— Multiple Myeloma Phase Il and Il clinical trials of bortezomib on
relapsed/refractory multiple myeloma patients, clinical response —
Responder (CR, PR, MR; n=85) vs. non-responder (PD, NC; n=84) (Muliigan

et al, 2007)
— Breast Cancer Docetaxel study for 24 breast cancer tumor, %
reduction of tumor after four cycles. Responder (25% reduction, n=10)

vs. non-responder(n=14) (chang et al, 2003)

* Used mRNA/gene-expression data

* Some pre-processing and normalization (~1000 genes for
fitting)

Veera Baladandayuthapani (Univ. of Michigan) Bayesian Multi-system Integration



Therapeutic response calibration

PCR_JOINT
PCR_IND
NI 1
1
iRx
0.81
1
0.025
25-

o
1)
Q
e Type
% . Non-Resp
k3] R
: [ Resp
& 0.0-

-2.5-

-5.0-

Ll Ll Ll Ll Ll Ll Ll Ll
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. Patients' subtypes
Multiple Myeloma
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Therapeutic response calibration

PCR_JOINT
PCR_IND
5.0-
0.0016
NI
iRx 0.99
0.083
0.017

25-
o
0
Q
3 Type
%I - Non-Resp
L . Resp
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Patients' subtypes

Breast Cancer
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Top Pathway Drivers of Shared Variation

Table 3: The table lists the top five canonical pathways, as given by Ingenuity Pathway Analysis (IPA) software, that may be associated with the
latent factors obtained from breast cancer patients. The significant pathways are selected based on adjusted Benjamini-Hochberg p-values. Only

factors with at least one significant pathway are mentioned here.

Ingenuity canonical pathways ( breast cancer patients)

F1*

F2

F5*

Hepatic Fibrosis / Hepatic Stellate Cell Activation
GP6 Signaling Pathway

Raole of Tissnue Factor in Cancer

Ostecarthritis Pathway

Oneostatin M Signaling

ERKS Signaling

Ephrin Receptor Signaling

Non-Small Cell Lung Cancer Signaling

G Beta Gamma Signaling

Actin Nucleation by ARP-WASP Complex

Leukocyte Extravasation Signaling
1C0OS4COSL Signaling in T Helper Cells
CD28 Signaling in T Helper Cells
Integrin Signaling

T Cell Receptor Signaling

F12

F4

F6

NFAT in Regulation of the Immune Response

B Cell Development

Thl and Th2 Activation Pathway
1COSACOSL Signaling in T Helper Cells
B Cell Receptor Signaling

Hepatic Fibrosis / Hepatic Stellate Cell Activation

Role of Tissue Factor in Cancer
Ostecarthritis Pathway

Hepatic Fibrosis / Hepatic-
-Stellate Cell Activation
Granulocyte Adhesion and Diapedesis

F&

Fi4

Hepatic Fibrosis [ Hepatic Stellate Cell Activation

T Helper Cell Differentiation

Crosstalk between Dendritie Cells-
-and Natural Killer Cells

M1 c apithelial
i i Sk = rdac by
Top two are MAPK signaling pathways uecen & b § WS 48 §3 =
. N L %z zbreasts 2 TE@E L
and the endocytic pathways. NKG2D (a recapior " g “receptors: © 8%
receptor activating natural killer cells - -
. . . ; D1 vir « jiac
(NK)) expression, in multiple myeloma ; af B oS5
(MM) cells after cord blood derived g o s adhesion 2 Elome  § ow
. © rheumatoid 0 D 2 @ glioma g >
natural killer cell (CB-NK) treatment gg Mm% 3 v E5lunction G g
. . cL - ertol ol
correlates with lower MM progression, W diape%esis 2 puripol . E
and NKG2D and NKP30 contribute e g
more to the cytotoxicity of MM cells. s ‘:éggﬁjgnc g
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Probabilistic Learning of
Treatment Trees in Cancer



Patient Derived Xenografts (PDX)

* Broad context: preclinical models in cancer
* Create “avatar” for patients to test different plausible treatments
* Typical choices:

* Tumor-derived cell lines: in vitro; cheaper but lower fidelity to human tumors
* Immuno-deficient mice: in vivo; more expensive with high clinical relevance

* Patient Derived Xenograft (PDX): implant cancer cell from a single patient
to multiple immuno-deficient mice

e Capture better micro-environment with higher clinical relevance

_|
[
3
S}
[ J
JiN
A 4
[ ]

cells / Apply different

. treatments and

/

measure “response”
metrics

v
®
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PDX Experiments

* Multiple PDXs from same patients
with set of treatments (usually same)

* Response: some metric of difference
in tumor size (esp. in cancer)

 Use PDX data as a pre-clinical trial to
screen different treatments; “co-
clinical trials”

* Key scientific question(s):

. . color gradient: change
* Evaluate the effectiveness of multi-drug S

combinations response(s)

* |dentify underlying plausible biological
mechanisms
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Tree-based representations

* Key concept: Treatments with the same target or biological mechanism
should induce similar responses

* Engender mechanism-related clustering among treatments

* Infer hierarchy among treatments: partition + how clusters relate to
each other

* “Flat” clustering (e.g. k-means) only shows partition patterns

? 0 * Known entities at the
ee o § B leaves, i.e., the different
—¢) |58 treatments
> Unknown tree to be
o = inferred from the
9@9 gy 2] treatment responses
Similarity for | ‘ E : 2.3 We call this a treatment
treatmer;ts {3,4,5} 03:’ = tree (RxTree)
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Treatment Trees (RxTree) on PDXs

* Rxtree empirically characterizes the mechanism similarity

* Rooted tree: root + internal nodes + branch lengths + Ieaves
‘ Y / ‘ T ' observable

clusters of treatments

* Key idea: Treatments that stay clustered “longer” have higher
mechanism similarities

The tree suggests two

oe _o § o0 treatment groups
Treatments 1 and g g corresponding to two
4: different but _o 2 3l different mechanisms
known biological >
mechanisms; the =
rest treatments ooe §m . —
have unknown =@l The horizontal position
mechanisms Similarity for 7 @ of “A” measures the
treatments {34,5} a mechanism similarity

I

. t for treatments {3,4,5}.
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Basic Construction of RxTrees

Observed data i.e., responses matrix Xyxj = [X1 ... X1]" for | treatments and J
patients

T
c X;= [le ...XI]-] observed response column for j-th patient across | treatments

Model the responses through a generative model that results in a Gaussian
likelihood:

o« X;|ZT~MANy(0,27),j=1,..,]

EiTl.,: covariance between treatments i and i’ and measures their similarity

%7 has a special structure: tree-based covariance (not usual covariance)

Needs specific constraints; non-trivial to estimate
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Dirichlet Diffusion Trees

« Model 27 through Dirichlet diffusion tree (DDT) model (Neal, 2001)
* Generate tree randomly through scaled Brownian motion

s W 5
! § ) ".'wlA‘f\f', ’H(;: ‘ﬂ.“ ’w,‘z-‘
Represent the tree with Lo
I LT A
the backbone oo [
t=I0 t1
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Inferential summaries

* Given posterior samples, we can compute

* Aglobal MAP of the Rx-tree that represents the
overall hierarchy

* Local uncertainty estimates of posterior co-

clustering probabilities (PCP) for any subset of (A) ' 'ﬁ‘ (B) 1 —
treatments o] % —é _f_l_%]j:i?"l
£ 1 : Lt
I g X 4 i i
) —{
ipir=="
» PCP4(t) € [0,1] quantifies propensity among 5| | x:
treatments to cluster g ’ ._,T3
&) 3 , L
* Integrated PCP (iPCP € [0,1]): area under the PCP e % —
curve as a scalar summary of PCP 1’4‘_‘
Input PDX Data iPCPy L
p !I " =t
e Several advantages of iPCP: t t
* Interpretable metric: expected (or average) chance of
co-clustering for treatments
* Can compute multiway “correlations” (2,3,4...
treatments) <- useful to find combination therapies
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Motivating data: NIBR-PDXE

* Novartis Institutes for BioMedical Research -
PDX Encyclopedia (NIBR-PDXE)
* High-throughput treatment screening using PDX

1,075 PDX lines with 1 X1 X 1 design (one animal
per PDX model per treatment)

e Across ~16 cancers and 62 treatments
e 38 unique therapeutic entities

* Used in 36 monotherapies or in 26 combination
therapies

* Focus on five cancers with more complete
responses

* Breast carcinoma (BRCA); Cutaneous melanoma
(CM); Colorectal cancer (CRC); Non-small cell lung
carcinoma (NSCLC); Pancreatic ductal carcinoma
(PDAC)

Esophagus, 157

Pancreas, 110

Ereast, 74
Stomach, 215 —Lung, 57
Lymphoma, & Skin, 67

Others, 32

CMNS, 10 Kidnay, 27
Endometrium, 20

Gao, H. et al. High-throughput screening using patient-derived
tumor xenografts to predict clinical trial drug response. Nat.
Med. 21, 1318-1325 (2015)
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RxTrees

BRCA MAP Rx Tree
E LEEO11
Target Pathways binimetinib
B PI3K-MAPK-CDK HDM201
O Receptor
A MDM2 CGM097
+ JAK
f Combination Therapy LFA102
Other INC424
Correlation 5] tamoxifen
05 CLR457
06
07 BKM120
| 83 BYL719 + LIM716
g0 LEEO11 + everolimys
iPCP BYL719 + LEEQ11
10 BYL719
| 08 j
06 paclitaxel
04 LLM871

umab
—>b5 LIM716
—o BGJ398
S LKA136
3] trastuzumab

CRC

Target Pathways
B PI3K-MAPK-CDK
O Receptor

A MDM2

® BRAF

M Combination Therapy
+ Other

Correlation

L&
CGMO97

HDM201

9 LKA136

MAP Rx Tree

9 cefuximab

cetuximab + encorafenib

5FU
_E BYL719 + encorafenib
BYL719
ﬁ BKM120

CLR457
i BYL719 + binimetinib
i CKX620

i LEEO11

i

binimetinib

LJC049
encorafenib

CcMm

Target Pathways

B PI3K-MAPK-CDK

O Receptor

A MDM2

® BRAF

H Combination Therapy
ther

Correlation
06

E CGMOg7
© TAS266
-
La
L

MAP Rx Tree

LDE225

LGW813

LDK378

WNT974

binimetinib

BKM120

LEEO11

dacarbazine

BKM120 + encorafeil

LEEO11 + encorafenib

\ = encorafenib + binimetinib

—_— encorafenib

PI3K, MAPK and CDK inhibitors belong to a tighter subtree across cancers
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IPCPs

iPCP further quantifies the similarity

{A) BRCA

Treatment Type | Combination Therapy B Monotherapy

BKM120, CLR45 _ 1
BYL719 + LEEO11, BYL719 + LIM716

BYL719 + LEE011, LEE011 + everolimus s

BYL719 + LUM716, LEEO11 + everolimus
CGM097, HDM201
LLM871, paclitaxel-
CLR457, paclitaxel
BKM120, paclitaxel

BYL719 LLM871 _

CLR457, LLM871
BKM120 LLM871:
CGM097, LFA102:
LEE011, LIM716
HDM201, LFA102

blnlmetlnlh, LEE011
CLR457, LEE011-

BYL719, LEE011-

LEEO11, LLM871

LEEQ11 + everolimus, LIM716 + trastuzumab
BYL719 + LJM716, LIM716 + trastuzumab-
BYL719 + LEE011, LJM716 + trastuzumab-
BYL719, LIM716
LJM716, paclitaxel
CLR457, LUM716

LJM716, LLM871

Treatments Pairs
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Mechanistic Similarities in Monotherapies

* Treatments have different targets might have a high mechanistic
similarity
* Might share a common downstream mechanism (hypothesis)

* PI3K and MAPK

* High pairwise iPCP
 BBRCA: (binimetinib, BKM120): 0.743; (binimetinib, BYL719): 0.744; (binimetinib, CLR457):
0.743
CRC: (binimetinib, BKM120): 0.737; (binimetinib, BYL719): 0.739; (binimetinib, CLR457):
0.754; (CKX620, BKM120): 0.737, (CKX620, BYL719): 0.736, (CKX620, CLR457): 0.768

* CM: (binimetinib, BKM120): 0.8882
e High multi-way iPCPs in BRCA (0.7422), CRC (0.7300) and CM (0.8882)
* Plausible biological explanation: PI3K and MAPK can be induced by ERBB3

phosphorylation aioetal, 2012)
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Combination Therapies

* Investigate combination therapies to identify synergistic mechanisms

* Combination therapies tend to form a tighter subtree

* Mechanisms under combination therapies are similar to each other and are closer to the
PI3K-MAPK-CDK pathways.
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Breast Cancer

* Four combination therapies were tested in

BRCA
* Three therapies targeting PI3K-MAPK-CDK
 {BYL719 + LIM716, BYL719 + LEEO11 and
LEEO11 + everolimus} form a subtree with a
high three-way iPCP (0.8719)
Clinical relevance: PI3K-CDK inhibitor,
BYL719 + LEEO11, has synergistic
regu lation (Vora et al., 2014; Bonelli et al., 2017; Yuan et al., 2019)

High three-way iPCP suggest mechanistic
synergy for combination therapies
targeting:

* PI3K-ERBB3 (BYL719 + LIM716)

* CDK-MTOR (LEEO11 + everolimus)

Veera Baladandayuthapani (Univ. of Michigan)
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Pan-Cancer Models
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Resources

Probabilistic Learning of Treatment Trees in Cancer
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Software: https://github.com/bayesrx
Shiny Apps: bayesrx.com
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https://github.com/bayesrx
http://bayesrx.com/

Summary

e Efficient harnessing of information from pre-clinical
data

— Potential uses: re-purpose existing drugs, IND, FDA-
approved agents; drug-screening

— Find potentially useful combination therapies

* Incorporate multi-omic data (e.g., epigenomics,
proteomics, metabolomics, microbiome)

e Extension to other model systems e.g., Organoids
* Relax linearity/Gaussian assumptions; non-par Bayes!
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If you can’t convince them, confuse them.
— Harry Truman
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