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Introduction GROUP @ pang

@ We study regression analysis with time-to-event data under right
censoring.

o Event time T > 0 with survival function S(t), density f(t) and
hazard function A(t).

o Feature vector Z.
o Censoring time C which satisfies TL C|Z, resulting in observed
tuple T=TAC,6=I(T <C).
CoxPH model [Cox72]

In its linear form, the widely used CoxPH model assumes the proportiona
hazard (PH) assumption

A(t1Z) = Ao(t)el2) (1)
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@ Due to limited expressivity, there have been attempts that generalizes
CoxPH using more elegant function approximators like neural
networks [FS95, KSC*18].

@ Nonlinear CoxPH models still assumes proportional hazard
assumption which has limitations in modeling specific phenomenons
like crossing hazards [Ben83|.

@ A more general solution: Using the idea of frailty.

Frailty model [Hou86|

In its linear form, (multiplicative) frailty model introduces an additional
unobserved heterogeneity w into the hazard/intensity formulation:

At]Z,w) = wo(t)el?? (2)
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To further enhance the capability of frailty model, we equip neural
function approximations. The resulting modeling framework is called
Neural Frailty Machine (NFM) which we propose to approaches.

Proportional frailty scheme (PF)

The PF scheme directly replaces linear term in ordinary frailty model with
a neural network m(Z) that depends only on the features.

At]Z,w) = we®+m(2) (3)

v

Fully neural scheme (FN)

The FN scheme further relaxes the separation between baseline hazard and
feature dependence, using a neural network h(t,Z) for approximation.

A(t|Z,w) = we"(+9) (4)

o
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Parameter learning é ANT
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We use observed log-likelihood as the learning obJectlve
PF-Scheme We use two MLPs h = h(t; W" b") and m = mi(Z; W™, b™)
as function approximators to h and m.

L(W" b W™ b™, 6)

:% |J;[n]5i|°gg9( Z)/ ehs) ds) +6h(T)+6m(Z)_(;9( m(Z)/ s)ds)] _

FN-Scheme We use v = v(t, Z; W”,b"”) to approximate v(t, Z)

L(WY,b",0)
i v v 7—, ! v v
Z i log gy (/ V(s,Zi Wb )ds> +6;0(Ti, Zi; WY, b”) — Gy (/ eV(s:ZiW b )ds) .
i€[n] 0

Here Gy is defined as the negative of the logarithm of the Laplace
transform of the frailty distribution, with gy being its derivative w.r.t. t.
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We study the rates of convergence for estimated parameters with the true
parameters lying inside a Holder ball with radius M and smoothness
parameter 3. Under the following two distance metrics

dpF ($n7¢>0> = \/EZNJPZ [Hz(P(;mZzz I ]P’tbo,z:z)] , dEN <1va¢0> = \/]EZN]PZ [Hz(R;mz:z I Pwo,zzz)]

where QAS,, and @Zn are bundled parameter updates and H denotes Hellinger
distance, we have the following statistical guarantee:

Theorem

Under some regularity conditions, we have

dpr @n,czﬁo) = Op (nim%> , dEn ({P\nﬂﬁo) = Op <n723+72d+2>

where d is the feature dimension and logarithmic factors are hided.
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Empirical evaluations é AL pang
Empirical evaluations over 4 relatively small scale datasets.

Model METABRIC RotGBSG FLCHAIN SUPPORT

IBS INBLL IBS INBLL IBS INBLL IBS INBLL

CoxPH 16.461090 49.574266 18.251044 53.761111 10.051038 33.181116 20.544038 59.581036
GBM 16.611082 49.871244 17.831044 52781111 99803 32.88.505 19.181030 56.46:0.10
RSF 16.621064 49.611154 17.891042 52.77+101 9.96:037  32.921105 19.11,0,45 56.284; 9
DeepSurv 16.551093 49.851302 17.801049 52.624125 10.09:1038 33.28:115 19.204041 56.481108
CoxTime 16.54i0_33 494673:2_57 17.80i0_53 524563:1_47 10.283:0_45 34.1811_53 194173:0_40 56.4511_10
DeepHit 17504083 52.104216 19.614038 56.674+110 11.834039 37.724102 20.664032 60.064072
DeepEH 16.5610_65 4944211_53 17.6210_52 520811.27 10.11:{:0_37 33.3011_10 19.30i0_3g 56.6710_94
SuMo»net 16.49;&0_83 49.7412_21 17.77:&0_47 5246211_11 10.07*040 33.20:&1_10 19.4010_33 56.87:&0_95
SurvNode 16.67i1‘32 49-73i3.89 17~42i0.53 51-70i1.16 10~40i0.29 34~37i1.03 19.58‘{0,34 57~49i0‘84
DCM 16.581087 49.481223 17.664054 52.264123 10.134050 33.40+138 19.294042 56.68+1.00
DeSurv 16.714075 49.614215 17984046 53.2341.15 10.064062 33.184+193 19.504040 57.28+0.80
NFM-PF 1633575 49.07,,9¢ 17.60.055 52124134 9.964030 32.841115 19.144039 56.35+1.00
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Empirical evaluations over 2 datasets with larger scale

Model MIMIC-111 KKBOX

IBS INBLL IBS INBLL
CoxPH 20-40i0.00 60.02i0_00 12~60i0400 39~40i0.00
GBM 17.704000 52.304000 11.814000 38.1510.00
RSF 17.79:|:0.19 53.34:|:0‘41 14.46:|:0,00 44.39:‘:0.00
DeepSurv 18.58:&0,92 55.98:&2‘43 11.31:|:0.05 35.28:‘:0.15
CoxTime 17.68i1,36 52~08i3.06 Mi0.06 Mio.ﬂ
DeepHit 19.80i1_31 59-03i4.20 16~00i0434 48.64i1.04
SuMo-net  18.6241,3 54.514597 11.584011 36.614¢08
DCM 18.021049 52.834092 10.714011 33.2410.06
DeSurv 18.19:&0‘55 54.69:&2‘33 10.77:|:0.21 33.22:‘:0.10
NFM-PF 16.28:|:0_36 49.18:|:0_92 11.02:|:0,11 35.10:‘:0.22
NeurlPS 23
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Conclusion and future works GROUP @ pang

@ We have introduced NFM as a flexible and powerful neural modeling
framework for survival analysis.

o NFM is shown to be both statistically correct in theory, and
empirically effective in predictive tasks.

o Future directions: Establishing theory guarantees toward more realistic
predictive metrics instead of nonparametric parameter estimation.
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