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Clinican’s prediction for a cancer patient
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Dynamic Prediction
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 Conditional failure function (van Houwelingen and Putter 2013)

F(t,t+w|X,Z)=Pr(D<t+w|D>t, X, Z)

X = time-to-tumour progression (TTP)
D = time-to-death (or OS)
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Figure 1. The proposed prediction scheme.



Dynamic prediction via joint models
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 Joint frailty-copula model (for meta-analysis)

Cr(t|u)=ur,(t)exp(p;Z,) for TTP
3
A(t]u) =u”4,(t) exp(B,Z,) for OS

Clinical + Genetic covariates

High-dimensional Gene expressions:

Breast cancer:

van't Veer et al. (2002); van de Vijver et al. (2002) > MammaPrint (70 genes)
Sotiriou et al. (2006); Haibe-Kains et al. (2006) = GGI (93 genes)

Ovarian cancer:

Yoshihara et al. (2010) Yoshihara et al. (2012) = Ridge Pl (88 genes, or 126 genes)
Emura et al. (2018) = Compound covariate (128 genes)

Lymphoma:
Rosenwald et al. (2002) = Outcome-predictor score (17 genes)
Matsui S (2006) = Compound covariate (75 genes or 85 genes)




Clayton copula model
Pr(X >x, D> y|u)=[S, (x|u)?+S,(y|lu)?-1]"*

Pr(X=X,D=Yy)Pr(X >x,D>Yy)

Pr(X=X,D>Yy)Pr(X >x,D=Yy)
6@ >0: Positive dependence

{ —1< 6 <0: Negative dependence

0+1= = Qdds ratio In 2 x 2table

| 0
e Kendall's tau = ) Relapse | Relapse-

free
Death | X=x,D=y | X>x, D=y
Alive | X=x,D>y | X>x, D>y




Schematic algorithm
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‘R RGui (32-bit)
File History Resize Windows

Install “joint.Cox”

| = | "R R Graphics: Device 2 (ACTIVE)

R R Console /

> librarv(joint.Cox)
Loading package: surviwval
Warning message:

Prediction results “F”’

package ‘survival’ was built under R wersiomn 3.4
>

> betal=c(1l,1) # regression coefficients

» betad=c(l,l) # regression coefficients

> theta=8 # copula parameter

> eta=1 § frailty parameter

> alpha=1

>»g=c(l, 1, 1, 1, 1) # hazard coefficients

> h=c(l, 1, 1, 1, 1) # hazard coefficients

> lower=0 ##% lower limit of © ###

> upper=10 ###% upper limit of t+w #%FF

>

> Z1=c(l,-1) # length mu=st be consistentfwith be
> Z2=c(1l,-1}) # length must be consistenf with be
>

> time=2

> W_num=20

> widths=seq(0,upper-time, length=w

>

> X=1 § time-to-tumour progressi

> F.prediction(time=time, width=widths, Z1=2Z1, 2Z
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+ alpha=alpha, g=gg -, loweDn upper, Fplot=T
= w X F
[1,] 2 ©0.0000000 1]0.0000000
[2,] 2 0.4210526 1|0.3595411
[3,] 2 0.8421053 1|0.5455026
[4,]1 2 1.2631579 1|0.6571347
[5,] 2 1.6842105 1|0.7300665 -
[6,] 2 2.1052632 1|0.7811548 T|me-t0-tumour
[7,] 2 2.5263158 1|0.8126943
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Figure 2: The screenshot of the R console after running the codes.
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Example: Breast cancer data (Haibe-Kains et al. 2006)

time-to-metastasis or censoring T. (

metastatic status (O or 1)

time- to- death or censoring Metastasis

5 =0)

—®

vital status (O or 1) T, (7,

=1) Death

U

Estrogen receptor status (ER=1 for positive; =0 for negative)

Tumor size (Size=1 for > 2 cm; =0 for < 2 cm)

Lymph nodal status (Node=1 for present; =0 for absent)

Age at diagnosis (Age=1 for age <40; =2 for 40<age<50; =3 for age>50)
The 70-gene signature developed by van't Veer et al. [1, 2]
(MammaPrint=1 for high; =-1 for low)

The gene expression grade index (GGI) developed by Sotiriou et al. [3]
(GGI=1 for high; =-1 for low)

: Covarlates Surgery Follow-up end
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Breast cancer data (Haibe-Kains et al. 2006)

Maximum No. of events (event rates)

Dataset? (median)

follow-up days Metastasis Death Censoring

CAL 5,165 (4,219) 109 24 (22%) 75 (69%) 34 (31%)
BTSN 6694(3,232) 295  101(34%)  79(27%) 216 (73%)
1)\ el 9,108 (5,101) 196 62 (32%) 56 (29%) 140 (71%)
UCSF 8,267 (2,799) 120 19 (16%) 39 (32%) 81 (68%)
9,108 (3,769) 720 206 (29%) 249 (35%) 471 (65%)

CAL = U of California, San Francisco, California Pacific Medical Center (United States)
NKI = National Kanker Instituut (the Netherlands)
TRANSBIG = dataset collected by the TransBIG consortium (Europe)

UCSF = U of California, San Francisco (United States).
12



Fit the joint frailty-copula model (Emura et al. 2017)

Lty ) =ur(t)exp(B,Z, ;) <= hazard for metastatis
A (tu; ) =ui A, () exp( BZ, ;) <=hazard for death
Pr(X; >x, Dy >ylu) =[Sy (x| u)™+Sy(ylu)™”-11"" <« Clayton copula

J,Maximum Penalized Likelihood Estimator (R package joint.Cox)

ﬁ;Zl = (—0.15x Age)+(—0.23x ER) + (0.27 x Size) + (0.20x MammaPrint) + (0.19x GGI)
f}’ZZ2 = (—0.36 x ER)+(0.14 x Node) + (0.27 x Size) + (0.17 x MammaPrint) + (0.25x GGI)
f,(t) =0.20x M, (t) +0.39x M, (t) + 0.19x M, (t) + 0.43x M, (t) + 0.25x M (t)

Ay (t) = 0.05x M, (t) +0.37 x M., (t) + 0.38x M, (t) + 0.09x M, (t) + 0.00x M (t)

0 =10.7 (95%Cl: 8.6-13.4)

betal=c(-0.15, -0.23, 0.27, 0.20, 0.19)

beta2=c(-0.36, 0.14, 0.27, 0.17, 0.25)

g=c(0.20, 0.39, 0.19, 0.43, 0.25) # baseline hazard coefficients <:I Set pa ra mete rS
h=c(0.05, 0.37, 0.38, 0.09, 0.00) # baseline hazard coefficients

theta=10.7

eta=0.067



.“Ef Step 2: Set patient information

Patient 1:
Age at diagnosis = 45; Estrogen receptor = positive; Tumor size > 2cm;

Lymph nodal status = present; MammaPrint = High; GGI= High

The patient-level information for covariates are set as
Z, = (Age, ER, Size, MammaPrint, GGlI) ,
Z, = (ER, Node, Size, MammaPrint, GGI) .

Hence, we set the following values for our proposed algorithm:

Z1=c("age"=2,"er"=1,"size"=1,"MAMMAPRINT"=1,"GGI"=1)
Z2=c("er"=1,"node"=1,"size"=1,"MAMMAPRINT"=1,"GGI"=1)
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Step 3: Set prediction time

Patient 1:
Age at diagnosis = 45; Estrogen receptor = positive; Tumor size > 2cm,;

Lymph nodal status = present; MammaPrint = High; GGI= High

5 patients with the same status as Patientl
(in the dataset)

e 2 patients developed metastasis <1000 days

e 3 patients developed metastasis >1000 days

=>» Set our prediction time at t=1000 days
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Step 3: Set prediction horizens

Metastasis é w %

o——H— 1
t=0

t=1000 (days) t=9,108 (days)
prediction time Largest follow-up time
time=1000
w_num=20

widths=seq(0,upper-time,length=w_num)

> round(widths,0)

[1] 0O 427 853 1280 1707 2134 2560 2987 3414 3841 4267
[12] 4694 5121 5548 5974 6401 6828 7255 7681 8108



Step 4: Draw the plot

* Gene expressions

« Tumour size, ER status, etc. é w yea IS 9

sy

Surgery
at t=0

t=1000 t+w

Probability of death
F(t,t+w|X =x,Z)=Pr(D<t+w|D>t, X =X, Z)
J:(CE’O][ Sy (x|u), Sp (t|u)]-ClILS, (x|u), Syt +w|u)] )u§x (x|u) f, (u)du

[ IS, (x]u), S (tu) TuS, (x| u) f, (u)du

J, compute by an R package joint.Cox

F.prediction(time=time, width=widths, Z1=71, 72=72, X=300,
betal=betal, beta2=beta2,eta=eta, theta=theta,
alpha=alpha, g=g, h=h, lower, upper, Fplot=TRUE)
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Step 5: Validate the results

Three criteria to be met:
(i) The 95%CI not too wide

(ii) The prediction error sufficiently small
(iii) The model not over-fitting

Brier score (prediction error)
Err(t,t+w)=E[{I(D>t+w)=S{t,t+w|H(t, X),Z)¥|D>t]
where St t+w|-)=1-F(, t+w|)

Ref: Gerds and Schumacher (2006, Biometrical J)
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Estimation of Brier score

* Under the joint model:
Err(t,t+w) :%ZI(TJ > U)W (6 E+W{ (T, >t+w) =S t+w|H(E,T,), Z;) ¥

! Compute a bootstrap 95%Cl
Re-sample from the risk set of size Y(t)=2_ I(T;>t)

e Under the null model:

Err™(t,t +w) =%Z|(T{ > )W, (L t+w) L I(T; >t+w)—S™M(t,t +w) )

Validation criterion:
[95%CI of Err(t,t+w)] << Err'™(t,t+w)
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Figure 5: Estimated prediction errors (Brier scores) using the breast cancer data. The
prediction tims is set at t =1000 days.

21



The joint model over-fitting?
Estimator of Brier score

Err(t,t+w) :%ZI(T; >t )Wy (6 t+ W (T, >t+w)—S(t,t+w|H tT,).Z;)¥
ij )
Cross-validated estimator Leave-one-out estimator

Bt w) = o ST > ORI > tow) =S O LwlHET), Z,) ¥
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Summary & Discussions

A guide for clinicians to apply joint.Cox With progresson

F(ri+w| X =x,Z)

- How to fit a joint model

- How to set prediction time
- How to draw the plot

- How to validate the results.

Bivariate joint survival model (copula model)
- Intermediate event (TTP) and overall survival (OS)

TTP is outcome, not covariate

- TTP can be a primary endpoint (at time t =0)
- But TTP can be a predictor (at time t > 0)

Optimism bias of prediction error
- Mainly come from high-dimensional gene expressions (p>>n)
(Sol 1) Use existing scores such as MammaPrint (70 genes) and GG/ (93 genes)
(Sol 2) Use compound covariate (univariate feature selection)
Little bias even if selection & predictor development is performed
within each cross-validation fold (Emura et al. 2018)
(Sol 3) Use R packages for feature selection & predictor development:
SGL (Simon et al. 2013), penalized (Goeman et al. 2017), SIS, compound.Cox, etc..

Without progression
F(t,t+w| X >1,Z)
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