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Introduction

Simulation setup is part of an ongoing project.

Motivation

® Variable selection in high-dimensional settings with competing risks
® [xample setting: Clinical + gene expression data (p >> 1000)

Outcome

® 2 competing events, censoring approx. equal prevalence(!)



Generating Survival Times (1)
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Generating Survival Times (I1)
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Generating Survival Times (II1)
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Covariates: Structure

e N =400, p = 5000, 16 informative (12 per event)
® QOrganized in 4 blocks of correlated variables & uncorrelated noise

® Block1: p~ 0.5
® Block2: p &~ 0.35
® Block3: p &~ 0.05
® Block 4 p ~ 0.32
® Rest: p~ 0



Covariates: Generation

e j=1,...,pandi=1,...,N
° eij ~ N<07 1) and Ui{1,2,3} ~ U(07 1>
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Effect Assignment

® Cause-specific hazards for events k = 1, 2 and coefficients ,B(k)
o ﬁ](-k) = 40.5 for effect variables

Blocks
® Block 1 (“Mutual”):
® 4 variables with positive effect in both of,B(l’Q)
® Block 2 (“Reversed”):
® 4 variables with positive effect in ,3<1) and negative in ,3<2)
® Block 3 (“Disjoint”):
® 371: 4variables with negative effect in ,3<1) only
® 32: 4 (other) variables with positive effect in ﬂ<2) only



Event and Censoring Times (1)

L )\172: Constant baseline hazards for event times 7,

Cox-exponential model for events k = 1, 2:
AW () = Ay exp(xTBH)
(k)

2

® )\ Analogue for censoring times C;

Default setting: Ay = Ay = Ao = 0.1

(k) —log(U;) —log(U;)
’ Ak eXp(X?ﬂk)) ’ Ao

U,~U0,1) = —log(U;) ~ Exponential(A = 1)



Event and Censoring Times (l1)

Assign observed event times ¢; and censoring ¢, indicator accordingly

t, =min(TM, 7%, C,) 5 =141 ift,=T"
2 ift, =T



Resulting Outcome

o B sparse with 12 non-zero entries, Zle 5‘5@ =2
e exp(x! B*)) in range of [1074, 103

Event prevalences
Mean event counts and prevalence after 100 replicates with N = 400:

0 | n(min-max) | % (min- max)

0 | 118.0(97-136) | 29.5% (24.2% - 34.0%)
1 | 1651 (142 - 190) | 41.3% (35.5% - 47.5%)
2 | 116.9 (93 -141) | 29.2% (23.2% - 35.2%)




Thanks for listening!

Next up: Backup slides with code



Predictors: Code

X <- matrix(rnorm(n * p), nrow = n, ncol = p)

uil <- runif(n); ui2 <- runif(n); ui3 <- runif(n)

j_seq <- seq_len(p)

blockl <- which(j_seq <= 0.05 * p)

X[seq_len(n/2), blockl] <- -1 + X[seq_len(n/2), blocki]
X[-seq_len(n/2), blockl] <- 1 + X[-seq_len(n/2), blockl]
block2 <- which((j_seq > (0.05 * p)) & (j_seq <= (0.1 * p)))
X[, block2] <- 1.5 * (uil < 0.4) + X[, block2]

block3 <- which((0.1 * p < j_seq) & (j_seq <= 0.2 * p))
X[, block3] <- 0.5 * (ui2 < 0.7) + X[, block3]

block4 <- which((0.2 * p < j_seq) & (j_seq <= 0.3 * p))
X[, block4] <- 1.5 % (ui3 < 0.3) + X[, block4]



Efect Assignment: Code

ce <- 0.5

# first block

j_blockl <- which(j_seq <= 0.05 * p)

betal[j_block1[1:4]] <- ce

beta2[j_block1[1:4]] <- ce

# second block

j_block2 <- which((j_seq > (0.05 * p)) & (j_seq <= (0.1 * p).
betal[j_block2[1:4]] <- ce

beta2[j_block2[1:4]] <- -ce

# third block

j_block3 <- which((0.1 * p < j_seq) & (j_seq <= 0.2 * p))
betal[j_block3[1:4]] <- -ce

beta2[j_block3[5:8]] <- ce # offset by &



Event Times: Code

1pl <- X %*% betal
1p2 <- X %*% beta2

Til <- -log(runif(n)) / (lambdal * exp(lpl))
Ti2 <- -log(runif(n)) / (lambda2 =* exp(1lp2))
Ci <- -log(runif(n)) / lambda_c

ti <- pmin(Ti1, Ti2, Ci)
di <- as.integer(Til <= Ci | Ti2 <= Ci)
di[which(Ti2 <= Til & Ti2 <= Ci)] <- 2




Thank you for your attention

www.leibniz-bips.de/en

Contact

Lukas Burk

Leibniz Institute for Prevention Research
and Epidemiology - BIPS

Achterstralie 30

D-28359 Bremen

Germany

burk@leibniz-bips.de



mailto:burk@leibniz-bips.de

Bibliography

Bender, R, Augustin, T, & Blettner, M. (2005).Generating survival times to
simulate Cox proportional hazards models. Statistics in Medicine,
24(11), 1713-1723. https:/ /doi.org/10.1002/sim.2059

Binder, H., Allignol, A., Schumacher, M., & Beyersmann, J. (2009).Boosting for
high-dimensional time-to-event data with competing risks.
Bioinformatics, 25(7), 890-896.
https://doi.org/10.1093/bioinformatics/btp088

Binder, H., & Schumacher, M. (2008).Adapting prediction error estimates for
biased complexity selection in high-dimensional bootstrap
samples. Statistical Applications in Genetics and Molecular Biology,
7(1), Article12. https://doi.org/10.2202/1544-6115.1346


https://doi.org/10.1002/sim.2059
https://doi.org/10.1093/bioinformatics/btp088
https://doi.org/10.2202/1544-6115.1346

