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R is also known as the Numerical-Statistical Software Group. It
gvative clinical trial software design services, including software and
or all stages of clinical trial design, planning, conduct, and
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ominent peer-reviewed statistical journals.
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Design and Statistical Considerations for
Phase I Cancer Clinical Trials

Prob(DLT .
) 1 Dose-Toxicity Curve

0.75 /

0.50

7777777777 /433
0.25 ;
|
- |

1. Premises:
There is an unknown dose-toxicity curve.
Higher toxicity is associated with higher efficacy.
Given a certain target toxicity level (TTL) one is willing to accept, the goal is
to find the maximum tolerated dose (MTD) which yields the TTL.

2. Key Elements
(a) Define the dose limiting toxicity (DLT)
(b) Choose a starting dose
(c¢) Define the dose escalation scheme in terms of dose spacing, dose assignment,
and cohort size
(d) Determine the MTD by an algorithm or a model-based method

3. Major drawback of the conventional Phase I design:
starts too low, escalates too slow, and takes too long



Dose Assignment / Cohort Size of the
Conventional 3+3 Design

1. Enter 3 patients at the starting (lowest) dose level
2.1f 0/3 has DLT — Next 3 pts at the next higher dose level Examples

If 1/3 has DLT — 3 more pts at the same dose level 1 ol ] Dose Level
“ohort 2 3

1/3+0/3 has DLT — Next 3 pts at the next higher dose level ! 03

1/3 +21/3 have DLT — Exceeds the MTD

PR

1 2/3 or 3/3 have DLT — Exceeds the MTD

3. If the current dose has not exceeded the MTD, repeat step 2 MID b

o

4. If the current dose has already exceeded the MTD: ~ Cohort
(a) current dose = starting dose: MTD not defined BT
(b) current dose > starting dose
(i) only 3 pts treated at the previous level, enter 3 more pts at that
level 0/3+0-1/3 DLT — Declare the level as MTD
0/3 +2-3/3 DLT — Exceed the MTD go back to step 4

o
w

0/3
MTD R

[

(ii) 6 pts already treated at the previous level (must be 1/6 DLT):
— Declare that level as MTD 3. Dose Level

5. If need to escalate beyond the last dose level: MTD not defined 1

e
w

One drawback: The MTD does not correspond to a fixed TTL.

For example, the 3+3 Design may choose the MTD at a level of 23%
DLT in one trial, and in another trial, it may choose the MTD at a level 6 13
of 15% DLT.

Another drawback: The algorithm is not flexible enough to choose the
MTD at any TTL. In practice, different TTLs may be accepted

depending on the patient population, disease site, available trtmt

Continual Reassessment Method
(CRM)

(O’Quigley et al, Biometrics, 1990)
1.A Bayesian methodology to estimate thedose-toxicity curve and
to assign patient at a level closest to the current estimate of the

MTD

2. Choose a family of dose-toxicity curve to model
p =Prob(DLT at dose d) = f (d | a ) with parameter a,e.g.:

) " d
Hyperbolic tangent model: p = [M] = { ¢ ]
2 d, d
e te
One-parameter logistic model: p = drad
|pe3tad

Powermodel: p = a*P@

3. Goal: find the MTD d* which yields the pre-specified TTL p*
ie: d* =f1(p*|a)

4. Scheme
(a) Assume a vague or non-informative prior distribution for a.
(b) Given the current information of a, treat 1 patient at the dose level
closest to the current estimate of the MTD
(c) Observe the toxicity outcome of the patient
(d) Update the info of a by computing its posterior distribution
(e) Repeat steps (b)-(d) until the max number of patients isreached.

- 14-
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dea to estimate toxicity probability

Initial guess of the Mathematical

Dbsarved toxicity toxidty maodel to describe
data probabilities for the dose-response

all dose levels relationship

Properties of CRM

Advantages of CRM

1.It is a model-based method with a clearly defined objective.

2.1t treats more patients at doses closer to the target MTD and, hence, reduces the number of
patients treated at ineffective dose levels.

3.Because more patients are treated around the target level, it gives more precise estimate of the
Prob(tox) at MTD.

4.Although CRM does not determine the lowest dose level and dose spacing, there is no restriction of
treating patients only at pre-speci- fied doses. (e.g.: continuous infusion)

Disadvantages of CRM

1.It may be TOO AGGRESIVE. Patients may be treated at very high toxic doses in the early phase
of the trial.
2. Success depends on the proper choice of the dose-toxicity curve and the prior distribution of its

parameter(s).
3.Because of cohort size 1, it may take long time to complete a trial with high patient accruals.

4. Need special computer programs to implemg{%t_the design.
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UM o
0_T—opsiion_1_p_T « epafion_)
:

pr is target toxicity prob

s T Only requires a definition of an equivalence interval (El)
wl [pr — &1, pr +e2]

£ o

LB Rhysician specifies lowest toxicity prob acceptable to treat

UPM for \ . ° .
0, p_T-opséon_1} [T—= ;.‘S".X.., - e patients without dose escalation — pr — &4

< == pecifies highest toxicity prob acceptable to treat
without dose de-escalation — pr + &,

O] 1. [pr+ez, 1]

Ji et al (Clinial Trials 2010, JCO 2013)

Comparative Simulation Results with matched
sample sizes

3+3 design has higher risks of exposing
pts to toxic doses above MTD

Compared to mTPI, 3+3 does not yield
higher probs in identifying correct MTD

Blis equally transparent as 3+3,
to implement with free software,
gle in practical situations
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Bi@statistics Faculty: Suyu Liu, Ying Yuan, Ken Hess

combines the simplicity of the 3+3
uperior performance of more
e|-based designs, e.g.,
t method (CRM).

dose escalation and
paring the observed
g pair of fixed,
de-escalation

Liu Sand Yuan Y (2015) JRSS-C, 64, 507-523.
Yuan Y, Hess K, Hilsenbeck, S & Gilbert M (2016), Clinical Cancer Research, 22, 4291-4301.

Start at the lowest
dase

Treat a patient ora B
conort of patients
Stoo the tral and Yos Reach the maximum
select the MTD \@V
lNu
Compute the DLT rate at
the current dose
Wiithin ta, 5}
Escalate the dose Ay ""E i De-escalate the dose |
0% Amer Cn Ao Cancer Reseanch
Statistics in CCR AAGR
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Compute the DLT rate at
the current dose -~
-~

-

|
Within (A, Ay)

Retain the current

Haea De-escalate the dose

Escalate the dose

Escalation/Deescalation Boundaries

Target toxicity rate for the MTD

Boundary 0.1 0.15 0.2 0.25 0.3 0.35 0.4

. (escalation) 0.078  0.118  0.157 0.197 0236 0276 0316

Aq(de-escalation)  0.119 0.179 0.238 0.298 0.358 0.419 0.479

+

=0.186 Compute the DLT rate at =0.208

the current dose/
/

o

I
Within (0.196, 0.298 )

Retain the current

De-escalate the dose
dose

Escalate the dose

22-Nov-2018
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Novel Phase | Trial Designs
Heng Zhou', Ying Yuan', and Lei Nie®
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Who's Using Our Software?
Each Dot Represents the Location of One Person
(19,800 Are Currently Shawn) 06 June 2018
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rates in phase lll cancer clinical trials

index of cancer treatments
iy phase trials
esponse models:

od of administration, including
, and drug delivery system

metastatic or locally advanced solid tumors
secretase inhibitor
krug effect in vivo: blocks Notch signaling via
d produces a slower growing
i human cancer cells

ng, 20mg, 23mg, 31mg

Secondary objectives:
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hedule) - concentration relationship

he body does to the drug

(DCEO)

Mechanism

Drug intablet

‘ Administration

AV
Drug in Gltract
‘ . Elimination
vasorptlon 7~ _Excreted frombody

Drug in circulatory -
system ~
Distribution R3S
Metabolism
Drug in actionsite

Pharmacological
| effect

Dose-concentration process

Metabolism

Accumulate

N
Clinical response

Concentration-response process |

Motivation: Mechanistic dose-response modeling

22-Nov-2018
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Pharmacokinetics Pharmacodynamics

+. Concentration v.s

scnotn = e p————— PD marker is latent
Concentration Effect
To identify PD model para’s need
(\ i to link PD marker to obs DLT
= outcome

Concentration

PK/PD modeling links 2 important
fields of pharmacology together,
result in integrated PK/PD models
1 describing dynamic drug effect

' ensity over time in response to

PK/PD modeling

Dosef

Scheduls ——— Effect vs. time

Time

odeling/profile information based on PK/PD data from

ification of the PK/PD profile information base
in vitro and in vivo studies

PK/PD data in clinical

se-finding trials
ation in phase I/l

22-Nov-2018
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ime: s = (s4,S2,...,SK)

(when applicable)

PK models

» |V administration:
» Drug concentration profile for a one-compartment model
with IV administration:
de(t)/dt = —kec(t), ¢(0) =d/V
» Closed-form solution:
c(t) = %e*ke'

» Based on the superposition principle (Wang and Ouyang,
1998), we have:

L
c(t)=Y e kl-sd)t>s
=3 (t> s)
» Extravenous administration (EV): similarly developable
based on solving c¢(t) (and a(t)) analytically from a system
of two differential equations

22-Nov-2018

17



22-Nov-2018

PD model

One of the most commonly used PD model under steady-state
conditions is the following sigmoid Emyax-model:

 Epax x C(t| @)
T EC, +c(t]| )

e(t | ¢.v)

where e(t | ¢. 1) is the measured (or latent) effect, and
1) = (Emax. ECsp. ) are PD parameters, in particular, with ECsq
being the concentration that causes 50% of the maximum effect

Emax-

Additional notation

» A prespecified window for evaluating DLT: [0. t"®/]
» Drug cumulative ?ffect up to time t:
Wt 7.¢.9) = [y elc(u| 7. ¢) 4] du

» For one-compartment model with |V administration:

K ~
Emax x (Z%ekm(usﬂl(u > sk))
ot
au

J=1

n(tlr.0) = / g
Jo K 4
ED;, + (Zvﬁekw(usﬂi(u > sk))

j=1
which has an analytical form;
» Toxicity probability within the window [0. t"®'] for patient /:
Trno=1—€xp [*'l(fre’f | 7}. . 1p)]

» Recorded concentrations at times #;: Xj
» Clinical outcome (DLT) for patient i Y; € {0,1}

18
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Models for PK data and clinical outcome

» Sampling model:
Xij = c(tj | Tigp) + ej. and p(Y; = 1) = 7.

with normal residuals ¢j; ~ Normal(0. 02).
» Independent prior distributions:
» Unif(0,10) for ke
» Unif(0,5) for ~
» Unif(0, 100) for each of V, Epayx, ECso, and o2

Posterior inference
Posterior distribution:
p(0|D) o L(X. Y[6.1;)g(0)
=L(Y|0)L(X|0)g(8)

“ wl T, 2
=H1;[m%ex‘o{_[x” Cgilz i.0)] }

ref Y
<1 (1 — exp {— /, e [c(t)tj|7i. 6] du})
i J0
.ref 1_Yi
(exp{—/ e [c(t)tj|i. 0] du})
J0

x g(@).
where 6 denotes all unknown parameters, and g(8) is the

joint prior distribution for 6.
Posterior MCMC simuilation usina hvnerrectanale slice samnlina

19



gen: defined as (15)REEEEl ULt

® decision point, the
nown parameters is
data at that point.

® g regimen 1 to

Pr|p(r|D) < ¢] > w,

Algorithm 1 Semi-mechanistic dose finding (SMDF) design

Input: tuning parameters ¢, y.n,,. c; NYPerprior g@,,. o>, 8 p0,)
Output: MTD «**; estimated dose-toxicity curve (optional);

Allocate the first cohort of patients at the starting dose (lowest dose);
repeat
Update " using (15) based on the current data;
Allocate the next cohort at ™, subject to no skipping of uniried doses. When no DLT has occurred in any
patient at any dose, allocate the next cohort at the next higher dose;
if there is no safe dose then
terminate the trial inconclusively;
end if
until n = n,, or frial is terminated.

22-Nov-2018
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jdea to estimate toxicity probability

Drug plasma

Observed toxicity Mathematical model to
congentration
data pr deseribe the dode-
i concentration-response
relationship
Dose-limiting toxicity
probability estimation

evels, target toxicity of 0.3

ler 2 different clinical settings:
cohort size 3

SMDF design:
1,3,5,10, 12, 24) hours

en in 7-day trtmt cycle

a trtmt cycle
ing para y= 0.1

22-Nov-2018
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b at level j: pj =a; P (@ a~N(0,1.34)

afety constraint by Zohar & Chevret (2000)

eleton) prior probabilities by Lee and Cheung
gensitivity of CRM design to choice of

mTPI (modified Toxicity Prob Interval) desig

BOIN design:

PKPOP deS
gction scheme is the same as in the SMDF design
AUC is estimated using the IV model

ate data:
DF design using IV + 5PL (5-para

By
nltlr.0)= = fu;
/ [14+[(5 et ) 18] ]

0

except using
pXicity prob

22-Nov-2018
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idea to estimate the toxi

Observed toxicity
data

Pharmacckinetics
models to
describe dose-
concentration

refationship Pharmacckinetics Observed toxicity

parameters| AUC) data

Mathematical
maodel to describe
the AUC-response

T relationship

Dose-limiting toxcity
probability estimation

general allocation scheme of CRM, SMDF and PKPOP are quite similar

Start at the
lowest dose

Allocate patients
o MTD

23



TABLE 1 Operating Characteristics of SMDF design, CRM designs using two initial guesses, BOIN design, mTP1
design and PKPOP design. The data is simulated using IV-5PL modsl. The maximum sampls size is set 1o bs 30

and cohort size is 3.

Doseimgl 7 15 30 &0 12
Toucty 0065 0157 0261 0361 0451 None T Nt
~ %Sel 001 0 G50 031 0078 000 025 2995
F aPs 389 591 1103 687 244
% Sel 000 010 040 038 011 000 026 3000
CRM: 8P 424 585 938 759 295
%Ssl 000 013 051 031 005 000 025 3000
Sconaiot CRMZ  gpw 391 642 1159 BI7 171
%Sel 001 018 041 030 010 000 024 2997
BON  sps 432 820 975 ses 202
% Sel o0 017 044 029 008 000 0N 209
o g pe 17819 1033 546 182
%Sel 010 034 034 017 005 000 020 3000
PKPOP  gpms 833 1097 933 345 o088
Toucty 0167 0301 0425 0506 0527 MNone Tx Nt
% Sel 016 050 02 001 000 002 030 2966
SMOF  sps 832 1340 673 105 05
% Sel 019 052 026 002 000 001 030 2979
CAMI  sps 936 147 622 159 026
%Sel o018 0§ o022 002 000 001 030 297
Sownao2z CAMZ2  spi 978 1226 645 112 010
%Sel 023 051 018 003 000 002 029 2988
BON  sps 1084 1237 508 115 013
%Sel 024 051 020 003 000 001 028 2961
mIPl  gpis 1054 1234 521 087 005
% Sel 049 03 012 001 000 001 02¢ 2989
PKPOP  gpiy 1594 1055 309 029 001
Towicity 0001 0010 0094 0.301 0500 None Tox Npt
%Sel 000 000 008 074 018 000 024 3000
SMOF  sms 300 302 499 13N 589
%Sel 000 000 012 062 02 000 025 3000
CAMI  sps 301 307 470 1129 783
%Sel 000 000 009 072 019 000 025 3000
Scenaio3 CAMZ g 300 202 496 1342 50
% Sel 000 000 017 067 016 000 022 30.00
BON  sps 300 323 750 1141 485
% Sel 000 000 017 068 017 000 022 3000
mP gpw 300 318 674 1233 474
%Sel 000 001 028 080 012 000 019 3000
PKPOP g 300 361 899 1183 278
%.Sel seiecton probabdey
 Prs: average number of paients alocated ai each dose
None. probabiity of inconclusive trials
Tou average percentage of patents expenencing toxcrty
Mot average rumber of patients.in the tial
CRU1: CAM design using iniial guess (0.121,0.304, 0,300, 0.402,0.501)
CRMZ: CAM design using insial guess (.062.0.160, 0,300, 0.453,0.586)
TABLE 1 (Continued)
Tocicity 0.126 0165 0207 0252 0298 MNone Tox  Npt
%Sel 0.1 o1 028 029 032 000 021 2989
SMOF  zps 481 632 823 571 48
%Sl 002 008 026 029 035 000 021 2967
CRMI gps 575 535 693 610 573
%Sel 002 014 033 029 021 020 020 2992
Scenaos CAMZ  2pis 577 679 842 561 A3
%Sel 004 013 021 028 035 001 020 2983
BOIN  gps 580 7.14 679 546 465
%Sel 005 015 023 028 0 001 020 2979
mPl sps 632 7.5 678 524 388
%Sel 003 034 o027 0417 020 000 020 3000
PKPOP g¢pis 378 1295 7.3 367 288
Tocicity 0419 0509 0586 0656 0716 None Tox  Npt
%Sel 032 004 000 000 000 06 0244 1880
SMOF  eps 1508 320 048 003 0.00
%Sel 049 003 000 000 000 047 043 2259
CAMY  2pis 1947 228 069 015 0.0
%Sel 053 002 000 000 000 045 044 2190
Scenario5 CAM2  gprs 2001 171 015 003 000
%Sel 040 005 000 000 000 055 043 2023
BOIN  2ps 1661 321 042 000 000
%Sel 041 007 000 000 000 051 037 147
miPl gps 1005 335 038 000 000
%Sel 047 006 000 000 000 047 043 2336
PKPOP  sps 2077 233 023 002 000

%Sel: selection probability

# Pis: average number of paients allocaied at each dose
None: probability of inconclusive trials
Tox: average percentage of patients experiencing toxicity

Npt: average number of patients in the trial

CRM1: CRM design using initial guess (0.123,0.204,0.300,0.402,0.501)

CRM2: CRM design using initial guess (0062,

160,0.300,0.453,0.504)

True MTD is third dose,
CRM2 selects frue MTD with highest prob,
SMDF performance close to CRM2

True MTD is second and fourth dose levels,
SMDF selects frue MTD with highest prob
amongst é designs,
SMDF allocates most pts at frue MTD
and fewest pts to overly toxic dose levels

True MTD is highest dose,
Toxicity of fourth dose level close to that of true MTD

Max $§=30:

CRM1 and BOIN select true MTD with highest prob,

SMDF is third best, selection prob close to CRM1/BOI

Selection prob of CRM2, PKPOP designs much lower
(approx. 0.2)

Max $§=20:

CRM?1 select true MTD with highest prob,
SMDF is third best

All dose levels are to;

A satisfactory design should recommend
inconclusive” with high prob

recommends “inconclusive” with high prob

22-Nov-2018
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Sosnario 1

m

5

Soenano 3

BOM CAM mTPi PRPORSMOF

B

BOIN CRM mTP PRPOPSMOP

Oparating Characterkstics

CRM mTPI PRPOPSMDF
Design

B setection Porcentagerto [l # ot P at Taeget

TABLE 3 Operaling Characterisics of SMOF design, CRM designs Using two infial guesses, BOIN design, m1PI
design and PKPOP design. The data is simulated using Ursino's model. The maximum sample size s set to be 30
and cohort size is 3

Dose(mg) 3465 4469 6081 8363 10037

Toicty 0.038 0079 0.166 0303 0399 MNone Tox Npt True MTD is second and fourth dose levels,
%Sel 000 001 022 048 029 000 024 291 CRM2 selects frue MTD with highest prob,
SMOF  spw 345 356 699 868 7.23
% Sel 000 001 017 049 033 000 024 3000 .
CRAM1  gps 351 380 642 045 702 Performance of SMDF, CRM!, BOIN, mTPI designs
%Sel 000 001 022 054 023 000 022 3000 are close to each of

Scenariot CAMZ  gps 347 389 B16 953 4%

%Sel 000 00z 025 048 025 000 021 3000
BON  spx 353 473 824 872 477

%Sel 000 002 026 049 023 000 021 3000
mIPl  gPs 355 482 815 992 435

%Sel 0068 005 020 033 028 000 019 3000
PKPOP  4pw 542 577 730 652 500

Tomicty 0.156 0261 0420 0801 0837 NA Tax Npt

%Sel 016 053 025 001 000 004 029 288
SMOF 4P 915 1083 746 15 020

%Sel 012 053 032 001 000 001 030 2967
CRM1  2py 874 1092 B10 180 010

%Sel 011 057 030 001 000 001 029 2975
Scenario2 CAM2  gps  ase 1200 790 126 005

%Sel 016 051 029 002 000 002 028 2952
BON  2ps 921 1202 696 127 008

%Sel 018 050 028 002 000 002 025 2955
mTPl  gpw 908 1208 7.19 115 008

%Sel 030 042 024 002 001 001 028 2968
PKPOP  gpi 1185 1096 578 087 0.13

Toicity 0419 0563 0725 0854 0906 NA  Tox Npt
%Sel 037 001 000 000 000 063 044 1832

pse levels are toxic

SMOF  #Ps 1580 203 o046 002 000 guate design should recommend mostly
% Sel 052 002 000 000 0.00 086 044 2234 2\ (e . n

CAMI  4pe 1068 223 041 002 000 usive Inal.s and terminate the trial
% Sel 054 002 000 000 000 044 044 2305 gs pOSSIbIe

Scenariod CAMZ  gps 2024 238 041 002 o000

% Sel 042 002 000 000 0.00 057 044 2006 "

BON gpe w34 371 02% 000 600 cor_\cluswe correctly
%Sel 046 003 000 000 000 051 038 1482 high prob

mPl  gPs 1202 262 017 000 000
%Sel 044 008 000 000 000 050 044 2141
PKPOP  spw 1823 288 026 002 000

%Set: selection probability

2 Pts: average number of patients allocated at each dose.

None: probability of inconchusive trials

Tox: average percentage of paients experiencing ioxicity

Not: average number of patents in the trial

CRM1: CRM designs using initial guess (0.123.0.204,0.300,0.402.0.501)
‘CRM2: CRM designs using initial guess (0.062. 0.160.0.300,0.453.0.594)
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TABLE 3 (Continued)

Toxicity 0.018 0042 00%9 0202 0283 NA Tox Npt
%Sel 000 000 002 023 074 000 013 2997
SMOF  spis 315 308 401 634 1339
%Sel 000 000 002 013 079 000 013 30.00
CAM!  sps 317 311 402 657 1313
) %Sel 000 000 004 031 065 000 018 3000
Scenaio4 CRM2  gpis 316 321 484 818 1061
%Sel 000 000 004 031 065 000 017 30.00
BOIN  #pts 317 364 533 79 991
%Sel 000 000 005 034 061 000 0.17 30.00
mTPl  #pis 318 370 522 B34 956
%Sl 006 004 011 02 060 000 016 30.00
PKPOP  #pis 480 435 586 573 266

%Sel: selection probability

# Pts: average number of patients allocated at each dose

None: probability of inconclusive trials

Tox: average percentage of patients experiencing toxicity

Npt: average number of patients in the trial

CRM1: CRM designs using initial guess (0.123,0.204,0.300,0.402,0.501)
CRM2: CRM designs using initial guess (0.062,0.160,0.300,0.453,0.594)

Scenario 4 :

TABLE 4 Operaling Characteristics of SMDF design, CRM designs using two inifial guesses, BOIN design. m1PI
design and PKPOP design. The data is simulated using Ursino's model. The maximum sample size is set to be 20
and cohort size is 2

Dosefmg) 3465 4459 6081 8369 10037
Tﬂ(m 0038 0079 0166 0303 0399 None Tox Npt
%Sel 000 003 024 03 033 000 023 1983
SMOF  sps 245 287 456 a74 531
%Sel 000 003 021 038 038 000 023 2000
CRAMI  gps 244 201 448 528 4%
% Sel 000 004 0258 045 0zs 000 021 2000
Scenaiot CPAM2  spw 240 318 537 565 340
%Sel 000 007 032 03 021 000 019 2000
BOIN  sps 283 42 573 488 283
%Sel 001 006 027 034 031 000 021 199
miPl sps 248 352 523 S02 a7
%Sel 005 014 021 031 031 000 020 1998
PKPOP  sps 324 391 465 432 397
Toxicty 0158 0261 0420 0601 0857 NA Tox Npt
%Sel 020 04 028 004 000 004 030 1931
SMDF  sps a2 624 482 147 038
% Sel 018 048 o3 004 o000 002 030 1989
CRMI  oPw 660 655 467 155 032
%Sel 016 04 031 003 000 001 029 1988
Scenarioz CRM2  gpy 631 747 477 121 0w
%Sel 021 049 025 00 000 003 02 196
BON  sps 753 735 ar3 om 0.0
% Sel 021 04 o3 0.01 0.00 004 029 1928
WP gps  E12 715 482 124 O
%Sl 025 03 028 004 000 0D 029 1941
PKPOP  sps 665 705 428 119 023
Tocicty 0419 0563 0725 0854 0906 WA Tox  Npt
%Sel 041 00t 000 000 000 055 045 1313
SMDF  sps 1045 203 051 008  0.00
%Sel 05¢ 005 000 000 000 041 044 1522
CAMI  gps 1242 227 047 005 001
%Sel 060 006 000 000 000 034 044 1649
Scenarics CAMZ2  sps 1347 258 040 003 000
% Sel os1 004 000 000 000 045 044 1476
BOIN  gps 1235 211 028 002 000
%Sel 047 007 000 000 000 046 040 1082
TPl #Ps 778 263 038 003 000
%Sel 044 009 001 000 000 047 045 1400
PKPOP  gpw 1044 306 044 005 000
%Sel: selection probability
2 Pis: average number of patients allocated at each dose
None: probability of nconclusive rials
Tox: average percentage of paients experiencing toxicity
Not. average number of patients in the tial
CAM1: CAM designs using initial guess (0. ).204.0.300,
CAM2: CAM designs using initial guess (0.062. 0.160.0.300.

A 0.501)
554)
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TABLE 4 (Continued)

Toxicity 0.019 0.042 0.099 0202 0.283 None Tox  Npt

%Sel 000 000 006 025 069 000 018 1996
SMOF  spis 213 229 305 399 849

%Sel 000 000 004 026 070 000 018 20.00
CAM1  4pis 213 235 304 439 810

%Sel 000 000 008 031 061 000 017 2000

Scenario4 CRAM2  #pis 211 246 362 515 666
%Sel 000 002 013 035 050 000 015 20.00

BOIN  #pts 232 307 445 506 510

%Sel 000 002 012 026 060 000 017 20.00
mTPl #pis 214 265 384 470 667

%Sel 004 005 010 020 061 000 016 20.00
PKPOP  spts 267 297 362 388 685

%Sel: selection probability

# Pts: average number of patients allocated at each dose

None: probability of inconclusive trials

Tox: average percentage of patients experiencing toxicity

Npt: average number of patients in the trial

CRM1: CRM designs using initial guess (0.123,0.204,0.300,0.402, 0.501)
CRM2: CRM designs using initial guess (0.062,0.160,0.300,0.453,0.594)

gn improves identification of MTD in most scenarios when
erating process is similar, yet still different from ,

may perform best in some scenarios,
ensitive to the choice of the skeleton
is considerably different from the
initial guesses outperform the

perform worse in scenarios 3 and 4

erforms second best

mTPIl, and PKPOP
of the MTD allocation,

22-Nov-2018

27



TABLE 5 Toxicity Probability Estimation

Maximum Sample Size=30 Maximum Sample Size=20
True Model  Scenario SMDF PKPOP SMDF PKPOP
Bias MSE Bias MSE Bias MSE Bias MSE

1 0.006 0007 -0017 0025 0017 0.010 -0.017 0.037

2 0.021 0013 -0010 0030 0019 0.020 -0.005 0.046

IV+5BL 3 0.017 0005 -0001 0014 0025 0.006 0.000 0.022

4 0.001 0009 -0047 0021 0015 0.015 -0.038 0.029

5 0.069 0026 0016 0020 0069 0.035 0002 0.035

1 0023 0007 -0017 0016 0025 0.010 -0.012 0.026

) 2 0034 0019 0007 0040 0034 0028 0026 0.067

Ursino 3 0402 0043 0086 0052 0.115 0.064 0.137 0.098
4 0.022 0005 -0.017 0.010 0.024 0.007 -0.013

Investigate performance of estimation of dose toxic

5 | APPLICATION

We illustrate the SMDF design by applying it to the setting of the phase | trial of the y-secretase inhibitor for
metastatic or locally advanced solid tumors. We consider a hypothetical realization of the trial under the SMDF
design, generating drug concentration data and outcomes using the IV + Emax model as shown in (17). The protocol
allows for @ = 5 total dose levels of 7mg, 15mg, 30mg, 60mg and 120mg. The drug is administered by IV in a
28-day treatment cycle with a once-weekly treatment schedule. The primary objective of the study is to identify
the MTD, defined as the dosage with the probability of DLT closest to the target ¢ = 0.3. Characterization of the
PK profile is a secondary objective. The plasma concentrations of the drug for all patients are to be evaluated at
s =(1,3,5,10,12,24) hours after the first dosing. A maximum of » = 30 patients can be enrolled.

Figure 1 summarizes the allocation history of the hypothetical realization of the trial. The selected MTD is 15mg,
which is the second dose level as the dash line indicated. A total of 12 patients are treated at the MTD, with 6 of
these 30 patients experiencing DLT. The numbers above each point are the observed data for each new allocated
cohort. The numbers before the slash is the number of patients experiencing DLT for the new cohort while the
numbers after the slash is the number of patients allocated at the dose level for the new cohort.

= . MTD a1 the end of the il

E%)

w3 oy L
i o o

oy

FIGURE 1 o ve of ma wia The sash P
MTD at o ot of ik The rummers sbows 8ach posn 2% 1% cbserved Gata or e2ch nem abocated conorl
The rusmber bekre i siash s S rumber of pafints experiencrg DLT br fa new cobr whie e rsmber afer
50 5250 g e ofpaterss abacated 2 i Socs lovl b ha new conert
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pposed a new modeling framework for the relationship

ding designs in single- and multiple-schedule
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es in the extension of the

stem of differential

Transcriptomies ’

Cell lines

+ whole cell extract
+ media

+ surface proteins

+ nuclear proteins

Genomics I:I

. Proteomics
Biomarker panels

Therapeutic targets

Immunomics
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Biological complexity requires
multi-dimensional and multi-system
analysis

Biological analysis requires an

appreciation of context

Understan®

» Triple-negative breast cancer
* Breast cancer proteomics

» Lung adenocarcinoma

Integrative Clustering

atients with breast

oorithm

Applications
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€ modifications

Genomics (DNA) Transcriptomics
copy number, phenotype (mRNA)
(aCGH, SNP arrays) gene expression arrays,
mutation status (DNAseq) RNAseq

P . o

Proteomics
RPPA, 2-d gels

I ’

Integromics: to understand biology (regulatory
mechanisms) and clinical association/prediction

P e T

[ES——_- )

tumor subtypes,
(patient-specific)

7

» Develop frameworks to model mechanistic & clinical outcomes
» Assess within and between platform interactions
» Imaging + genomics — multiple levels of correlation

IAppllication: application in glioblsastoma now extended to the colorectal
cancer moon shot

TEAM: Wang, Balad®
researchers

DNA methylation:

Gene expression:

False positive rate

The part of G The part of G
regulated by M not regulated by
(latent) M (latent)

l Clinical outcome:
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Application: TCGA kidney cancer

TEAM: Franceé

[ Commgrbene dann Tlelhood
YN E Lyl &8V, 2, X ) Laip, 8.0, XIT!
Nl + X0 0 2% adly) [ NIX 24+ 3 st i)

e ™ ing a threshold of 0.5 on its marginal posterior
™ R node is proportional to its number of
- L igher marginal posterior probabilities.
B i gdes correspond to miRNASs.

DINGO: Differential Network analysis in GenOmics

DINGO: Model
““passenger” event : some
conditional dependencies are
shared across groups

““driver” event : other conditional
dependencies are unique to the

— negative
— positive
B F * Edge width is proportional to
edge strength

c—l—-;’ * Sign:

mpose the conditional

) de Bencies into a
@ We construct all p(p—1)/2 test statistics which can be constructed

as a differential score as

X 40 _ 5
Differential Score: 6‘52 )= ab—Bab. (3)
Sab
where (’;S’) and g)ii) are Fisher's Z transformation of the estimates of

(2)
ab '
standard error.

p(at) and p.;’, respectively, and 55’ is the bootstrap estimate of
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gncer Genome Atlas (Glioblastoma) mRNA expression, DNA

pber and Methylation data
urvivors and 73 short-term survivors

(a) mRNA expression DNA copy number Methylation
FOXOIA

CCND2 GRB2

Step 1: Cancer- Step 2: Subject- Step 3: PRECISE
specific network specific network network score

Suppressed
Activated

Neutral

Input

op

. Subtype Identificatiol

<

2. Outcome prediction

<O

PRECISE: Personalized Cancer-Specific Integrated Network Estimea#

TEAM: Baladandayuthapani, Ha, Do (Biostat); Mills (Systems Biology); Liang, Akbani (B
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Pathways

We focus on 12 pathways

Supplementary Table S2. Pathways and gene/protein names

Pathway Genes

1 Apoptosis BAK1, BAX, BID, BCL2L11, CASP7, BAD, BCL2, BCL2L1, BIRC2

2 Breast reactive CAV1, MYH11, RAB11A, RAB11B, CTNNB1, GAPDH, RBM15

3 Cell cycle CDK1, CCNB1, CCNE1, CCNE2, CDKN1B, PCNA, FOXM1

4 Core reactive CAV1, CTNNB1, RBM15, CDH1, CLDN7

5 DNA damage re TPS3BP1, ATM, BRCA2, CHEK1, CHEK2, XRCCS, MRE11A, TP53, RADSO0, RADS1, XRCC1
6 EMT FN1, CDH2, COL6A1, CLDN7, CDH1, CTNNB1, SERPINEL

7 PI3K/AKT AKT1, AKT2, AKT3, GSK3A, GSK3B, COKN1B, AKT1S1, TSC2, INPP4B, PTEN

8 RAS/MAPK ARAF, JUN, RAF1, MAPKS, MAPK1, MAPK3, MAP2K1, MAPK14, RPS6KAL, YBX1
9 RTK EGFR, ERBB2, ERBB3, SHC1, SRC

10 TSC/mTOR EIF4EBP1, RPS6KB1, MTOR, RPSE, RB1

11 Hormone receg ESR1, PGR, AR

12 Hormone signa INPP4B, GATA3, BCL2

Rewiring protein signaling pathways in cancer

We investigate cancer-specific integrated networks across all cancer
sites.

Aim 1. Pathway activity

The pathway activity is measured by the connectivity in the
corresponding integrated network. If the pathway contains p number
of proteins, the connectivity is defined by

number of edges between proteins

Connectivity score =

total number of possible edges, (g)

where 0 < Connectivity score < 1. Higher connectivity score means
higher pathway activity (more cross signaling between proteins).

Aim 2: Edge consistency

We investigate tumor-specific /conserved edges. For an edge, the
number of cancer sites that hold the edge are measured.

22-Nov-2018
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faculty, researchers, and analysts to implement established and new
esearch areas (faculty recruitment committees consist of external members)

ease if possible the current competitive level of external research
R01 in biostatistics methodology for impactful research areas

gcal institutions, including GSBS, Rice University, and Texas
r joint graduate programs, with emphasis on
ive recruitment processes to attract students with

e—environmental interactions that
e our methodology & collaborative
es to cancer development, antitumor
icacy of immunotherapies and
-driven clinical trial designs
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“This could be the discovery of the century. Depending
of course, on how far down it goes.”

»

If we can predict the move of our opponent, we can
Meive a better chance of winning the game
lglejghcr Bergman movie — The Seventh Sedll
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