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Neural survival regressions

- Cox PH model (Cox 1972)
A(t | Z) = Mo(t) exp (87 2)

- 1-layer NN instead of 8T Z (Faraggi and Simon 1995)
- No significant improvement observed due to the shallowness and computing limits.
- Deep NN ; DeepSurv (Katzman et al. 2018)
- Remarkable results achieved in applications using the multilayer NN.
- and a lot of variants...
- Deep Partially Linear Cox Model ; DPLCM (Zhong et al. 2022)

- “The first theoretical analysis of neural survival regression.”
At | X, 2Z) = Xo(t)exp {87 Z + g(X)}

- Neural Frailty Machine (Ruofan, et al. 2023)

- Extended to include frailty model and theory



Frailty Model : Beyond the CoxPH model and PH assumption

- Cox PH model (with the covariate vector Z)
At ]| Z) = Ao(t) exp (ﬁTZ)

- PH assumption gives time-independent harzard ratio.

- Frailty models extend CoxPH model via multiplicative random
effect to capture unobserved heterogeneity

ANt | Zyw) =wr(t, Z)
w ~ fo(w)
; usually 1-dim parametrized

and positive rv. (e.g, Gamma)



Neural Frailty Machine : Two frameworks

- Frailty model
ANt | Z,w) =wv(t,Z)

if w = 1 (degenerated) and T(t, Z) = Ao (t) exp(B" Z), it becomes CoxPH model.

- The proportional frailty scheme (PF)

U(t,Z) = h(t)m(Z)
=exp(h(t) + m(Z)) ;handm are approximated by DNN

- The fully neural scheme (FN)
v(t,Z) =exp(v(t,Z)) ;v areapproximated by DNN

* Both schemes use w ~ Gamma(1, 0)



Estimating strategy : Maximizing log partial likelihood

- Using the frailty transform (negative log Laplace transform), one
can construct the log partial likelihood.

Go(z) = —log (Buny, [e797])
- PF scheme:
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- FN scheme:
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* Integrals of an exponentially transformed DNN's are evaluated using numerical integration. 4



Asymptotic theo

- True function : 3 - Holder class
- DNN structure : O(logn) layer and O (nﬂ% logn) sparsity
- Metric
Hellinger distance of conditional distribution: (2in zhong et al. 2022)

d ((E,“%) = \/]EZNJPZ {HQ (P(;,,“Z:ZHMO,Z:Z)}

- PF scheme : ¢ = (ho, mo, 60) and &, = (ﬁrﬁg)

- FN scheme : ¢o = (v0, 60) and $n = (Dﬂ,,(in)

Remark 1. Because of the frailty transform, likelihood can not be well-controlled by the L2
metric.

Remark 2. To develop L2 theory, need additional curvature assumption on likelihood.
- Theorem : Convergence Rate
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- Evaluation metrics :

S (Ev tO; tmax) =

/ 1 Z (0,5t Zﬂ) e (1,5¢ |Azz->) 1(w>0)
T Sc (T7) Sc(t)

to  "Mi=1

-¢:{0,1} x [0,1] — R™; binary classification loss function
- Integrated Brier score (IBS)
¢(D,D)={D - D}?
- Integrated negative binomial log-likelihood (INBLL)
¢(D,D) = (1 - D)logD + Dlog(1 — D)
- Details of the metric (Graf et al. 1999)



Experiments

- Real world data Results (IBS, INBLL)

* boldfaced : the best result / underlined : the second-best result

Model MIMIC-III KKBOX

IBS INBLL IBS INBLL
CoxPH 20.4010.00  60.021000 12601000  39.4010.00
GBM 17700000  52.30:p00 11814000  38.15:0.00
RSF 17794010 53.34+0.41 14.46+0.00 44.3910.00

DeepSurv  18.58.40.92 55.9842.43 11.3140.05 35.2840.15
CoxTime 17.6841 .36 52.08+3.06 10.70 . o 33.104 499
DeepHit 19.8041.31 59.03+1420 16004034  48.6411.04
SuMo-net 18.62 11,23 54.51 12,07 11.58 10,11 36.61 10,28
DCM 18.02 10,49 52.83 1004 10.71 10,11 33.24 1 0.06
DeSurv 18.1940.65 54.69 1983 10.77 10.21 33.2240.10

NFM-PF 162894 49.18.005 11.02.0;; 351000
NFM-FN 1747, 5148 ., 10.63:008 3281014

- Author’s remark.
- Not so much significant improvements
- Lack of open-to-public large-scale survival datasets.
- No authoritative train-test splits.



Experiments

- Real world data Results (C-index)

* boldfaced : the best result / underlined : the second-best result

Model METABRIC  RotGBSG FLCHAIN  SUPPORT  MIMIC-III KKBOX Ave. Rank
CoxPH 6342, 51 06141, 7000, 56.80 00 740li000 83.0l.000 | 1133
GBM 64.024179  67.354116  79.47s110s 61461080 75201000  85.8440.00 77
RSF 64471182 67.331134 61.63:1084 75.4Tx017  85.79+0.00 8.00
DeepSurv  63.95.5 12 G7.2041 2 6091055 80.08:p44 8559 508 8.50
CoxTime 6622, g9 67414, 45 6154 0 7878002 87.31i004  5.00

DeepHit 66.3311 61 66.3841 07 63.20;0 85 79161050  86.121006 6.50

DeepEH 66.594200 67.9311 08 61.5141.04 - 6.33
SuMo-net  64.821150  67.2041.3 62184075  76.231106  84.TTro.02 7.00
SODEN 64.824105  66.97i075 61.10+0.59 — — 10.17
SurvNode — 64.6444.01 67.30+1 65 55.37+0.77 — 11.50
DCM 65.76., 25 66.7541 55 6210005 76454031  S3.48.007 8.33
DeSurv 65.88.000  67.304; 45 6147007 8097 050 S6.11.005 5.67
NFM-PF  64.98.157  67.77., 5 61.33:0853  79.5610.15  86.2310.01 4.67

NFM-FN  66.634150  67.732109

6221 04 808,05 866100 2.16

- Author’s remark.

- (Rindt et el,, 2022) observed loose correlation between the C-index
and the likelihood-based learning objective.
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