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Abstract

Deep learning models trained on electronic
health records are increasingly used for clin-
ical risk prediction, yet modeling heteroge-
neous treatment effects remains challenging.
Most approaches treat treatment as an un-
differentiated covariate (S-Learner), conflat-
ing treatment effects with baseline risk, while
training separate models for treated and un-
treated patients (T-Learner) suffers from treat-
ment imbalance and sparsity. We propose
a structured hazard factorization that decom-
poses the hazard into a shared baseline com-
ponent and a treatment-specific hazard ra-
tio network, enabling direct estimation of
time-varying, covariate-dependent hazard ra-
tios without post-hoc computation. By shar-
ing a baseline while isolating treatment effects,
the framework acts as a hybrid between S-
and T-Learners, improving efficiency and re-
ducing majority-group dominance under imbal-
ance. We further extend the model with dif-
ferentiable subgroup assignment for regularized
treatment effect estimation and inverse propen-
sity weighting to adjust for confounding.

In simulations with known ground truth,
our approach improves hazard ratio recovery
while maintaining competitive survival predic-
tion, and the subgroup extension recovers latent
heterogeneity when assumptions hold. On two
real-world clinical cohorts from the UK Clini-
cal Practice Research Datalink, the framework
produces time-varying hazard ratios and identi-
fies subgroups characterized by established risk
factors. Our results demonstrate that explicit
hazard factorization provides useful inductive
bias for incorporating treatment into deep sur-
vival models, bridging flexible neural architec-
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tures with hazard ratio estimation familiar to
clinical practice.

Keywords: Deep Survival Models; Treatment
Effect Heterogeneity; Hazard Ratio Estimation

Data and Code Availability All simulation ex-
periments are reproducible via the accompanying
code available on GitHub.! Analyses involving real-
world clinical data were conducted using the UK
Clinical Practice Research Datalink (CPRD), a pri-
mary care database subject to formal data gov-
ernance requirements. Access to CPRD data is
available via application through the CPRD web-
site (www.cprd.com) to the Medicines and Health-
care products Regulatory Agency and requires rele-
vant approvals.

Institutional Review Board (IRB) This study
is based on synthetic simulation data and sec-
ondary analysis of de-identified primary care elec-
tronic health records from CPRD, which has been ap-
proved by the Independent Scientific Advisory Com-
mittee (ISAC) for Medicines and Healthcare products
Regulatory Agency (MHRA) research with Study
Reference ID 22.001903. Use of CPRD data for re-
search purposes is covered by CPRD’s ethics approval
from the UK Health Research Authority.

1. Introduction

The widespread adoption of electronic health records
(EHRs) has enabled development of clinical predic-
tion models to support prognosis and treatment de-
cisions (Goldstein et al., 2017). In most modeling ap-
proaches, treatment indicators, such as medication or

1. https://github.com/natlhong/HazardDeSurv
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procedures, are included as static covariates, treated
identically to demographics or laboratory measure-
ments. This approach, analogous to the causal S-
Learner (Kiinzel et al., 2019), employs a single model
incorporating treatment as an input feature.

In clinical practice, treatment effects are rarely
uniform. Patients with different characteristics
respond differently to the same intervention, a
phenomenon termed treatment effect heterogeneity
(HTE) (Kravitz et al., 2004; Kent et al., 2018).
When a single global model is trained, patterns from
the majority group tend to dominate, while sub-
group performance declines even if overall perfor-
mance appears competitive. Training separate mod-
els for treated and untreated patients (T-Learner)
can better capture HTE but becomes inefficient un-
der treatment imbalance and sparse exposure. Other
approaches such as the X-Learner and R-Learner
(Kiinzel et al., 2019) aim to improve HTE estimation,
with the X-Learner mitigating treatment imbalance
by weighting pseudo-effect models toward the larger
group, and the R-Learner leveraging residualization
with propensity scores.

Beyond heterogeneity, treatment effects may vary
over time. Classical Cox proportional hazards mod-
els (Cox, 1972) assume constant hazard ratios, an
assumption frequently violated in practice (Stensrud
and Hernan, 2025). Methods extending the Cox
framework (e.g., DeepSurv (Katzman et al., 2018))
inherit this limitation, while most deep survival mod-
els do not natively produce hazard ratios, with the
causal inference literature instead targeting alterna-
tive estimands such as differences in survival proba-
bilities (Jeanselme et al., 2025; Curth et al., 2021; Hu
et al., 2021) or restricted mean survival time (RMST)
(Royston and Parmar, 2013; Nagpal et al., 2022).

We propose a structured hazard factorization
framework that separates baseline risk from binary
treatment effects in deep survival models. By pa-
rameterizing treatment through a dedicated hazard
ratio network, the framework directly produces time-
varying, covariate-dependent hazard ratios, avoiding
unstable post-hoc contrasts. Hazard ratios are the
standard estimand in classical clinical research, yet
remain largely unavailable in existing deep survival
approaches. Our framework therefore establishes a
principled connection between flexible neural archi-
tectures and classical hazard ratio analysis. The
multiplicative structure encodes the assumption that
treatment modulates baseline risk rather than induc-
ing separate dynamics, providing regularization un-
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der treatment imbalance while retaining parameter
efficiency through a shared baseline hazard.

2. Methodology
2.1. Background

Our framework lies in the field of survival analy-
sis, which studies time-to-event outcomes under right
censoring, assuming non-informative censoring (inde-
pendence of censoring and event time given covari-
ates). Let x € RP denote covariates and a € {0,1} the
binary treatment indicator. The observed outcome is
(T,8), where T is the observed time and § € {0,1}
indicates whether an event occurred (6 = 1) or the
observation was censored (§ = 0).

In prediction tasks, we are interested in the condi-
tional event distribution given covariates,

F(t|x,a) =Pr(T <t]|x,a)

:1—exp<—/0t/\(s|x,a)d8),

where A(t | x,a) denotes the hazard function, i.e., the
instantaneous risk of an event at time ¢ given survival
up to ¢ (derivation provided in Appendix A). This
representation underpins our proposed methodology.

Cox Proportional Hazards (PH). The Cox
model parameterizes the hazard function rather than
the event time distribution directly, assuming a log-
linear effect of covariates on the hazard:

At ] x,a) = Xo(t) exp([x,a] " B),

where Ag(t) is an unspecified baseline hazard and
B = (Bx, Ba) denotes covariate coefficients. Under
this model, the hazard ratio for treatment is exp(3,),
which is a constant independent of time.

Cumulative Density Function (CDF)-Based
Deep Survival Models. Flexible neural ap-
proaches such as DeSurv (Danks and Yau, 2022),
SuMo-Net (Rindt et al., 2022), and NeuralFineGray
(Jeanselme et al., 2023) directly estimate the condi-
tional cumulative distribution function:

F(t|x,a) =9(uy(t,x,a)),

where u, is a neural network with monotonicity con-
straints in ¢, and ¢ is a link function mapping [0, c0)
to [0,1]. By modeling the CDF directly, these ap-
proaches provide flexible estimation without propor-
tional hazards assumptions. However, they do not
define a hazard function and therefore cannot pro-
duce hazard ratios directly.
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2.2. Modified DeSurv Formulation

We build on the deep survival method, DeSurv, which
models survival through a monotonic function:

t
u(t,x,a):/ 9o (s,%x,a)ds,
0

where g4 > 0 is enforced via a SoftPlus activa-
tion, and u(t,x,a) is integrated numerically. The
original DeSurv uses the mapping F (¢t | x,a) =
tanh(u(t, x,a)), which has two issues: (1) unbounded
loss when g4 — oo for events (Appendix B), and (2)
u(t,x,a) lacks standard survival interpretation.

We instead adopt the following mapping:

F(t|x,a) =1—exp(—u(t,x,a)).

Under this mapping, u(t, X, a) corresponds to the cu-
mulative hazard A(t) = fg A(s)ds (Kalbfleisch and
Prentice, 2002). This connection to standard survival
quantities enables our subsequent hazard factoriza-
tion, while ensuring bounded loss during training.

2.3. Hazard Factorization

Models Survival Estimates
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Figure 1: Proposed framework: the hazard A(¢ | x)
factors into baseline g4(t,x) and treatment effect
h,(t,x), whose product integrates to the cumulative
hazard A(t). The link ¢(z) = 1 — exp(—=x) yields
survival probabilities.

Consider the S-Learner approach: a single neural
network g¢4(t,x,a) models the hazard. While flexi-
ble, this has two drawbacks. First, HR(¢,x) must be
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computed post-hoc as a ratio of two function evalua-
tions, amplifying uncertainty through error propaga-
tion. Second, under treatment imbalance, gradients
predominantly flow from the majority class, poten-
tially degrading minority performance.

We propose a structured factorization that ex-
plicitly separates baseline and treatment effects. For
binary treatment a € {0, 1}, we factorize:

At | x,a) = gg(t,x) - hyu(t,x)"
_ {g¢<t,x> ot ),

gqﬁ(ta X)a
where g4 is the baseline hazard network, and h, is
the treatment effect network (Figure 1). Both are
parameterized as multilayer perceptrons with Soft-
Plus output to ensure positivity. By construction,
the treatment effect is given directly by the h, net-
work:

1

)

a =

At | x,a=1)

HR(¢,x)

RO

and the cumulative hazard under treatment becomes:

t
u(t,x,a=1) = / 94(8,%) - hy(s,x)ds.
0

This factorization leaves the original learning ob-
jective unchanged. Model parameters are estimated
by minimizing the negative survival log-likelihood,

N

c [157;1 log(F"(t;)) + 15,0 log(1 — F(ti))]

<.
—

-

|11 og(A(1)S (1)) + L5, -0 los(S(1))|

i=1

where S(t) = 1 — F(t) is the survival function and
F'(t) = f(t) is the corresponding density function.

Relationship to Meta-Learners. Our hazard
factorization can be viewed as a hybrid between S-
and T-Learners. Like S-Learners, the model shares
a baseline hazard g4 across treatment arms, allowing
efficient use of all available data. Like T-Learners,
it isolates treatment-specific components, preventing
treatment effects from being absorbed into baseline
risk estimation. The multiplicative structure imposes
a regularizing constraint. Rather than learning arbi-
trary, arm-specific hazard functions, the model learns
how treatment modulates a shared baseline. This in-
ductive bias is particularly valuable under treatment
imbalance, where estimating fully separate dynamics
is statistically unstable.
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2.4. Latent Subgroup Assignment

To further regularize treatment effect estimation and
reduce variance under limited treatment data, we in-
troduce a latent subgroup variable Z € {1,...,M}
that induces parameter sharing in the hazard ratio
network across individuals with similar treatment-
response dynamics. Subgroup membership probabil-
ities are modeled as

exp(,y,n(x))

S exp(¢n(x))

j—1€Xp
where 7(x) is a learned feature representation of the
covariates and {(,, }M_, are subgroup-specific param-
eter vectors. Conditioned on subgroup assignment,
the treatment effect is parameterized as a subgroup-
specific, time-varying hazard ratio (HR)

Tm(X) =P(Z =m|x) =

ha(t | Z=m) = W™ (¢),

where hftm) depends only on time and is shared across
individuals within subgroup m. This restriction re-
duces the number of treatment-effect parameters,
lowering variance and improving stability. Covari-
ates influence the treatment effect only through sub-
group assignment, while the subgroup-specific func-
tions {h&m)} define the temporal response profiles.

To enable end-to-end training through discrete
subgroup assignments, we apply the Gumbel-
Softmax relaxation (Jang et al., 2017). Let

Gy ~ Gumbel(0,1),
exp((log mp + Gin)/7)
> Ly exp((logm; + G;) /1)

where 7 > 0 is a temperature parameter. As 7 — 0,
the relaxed assignment z approaches a one-hot vec-
tor, recovering discrete subgroup membership. In
our experiments, we anneal 7 during training (from
1.0 to 0.2), and at inference we use hard assignment
M = arg max,, Tm,(X).

Zm =

2.5. Low-Rank Factorization for
Individualized Effects

The subgroup-based formulation can be relaxed to al-
low individualized hazard ratios by replacing discrete
subgroup assignments with a low-rank factorization
of the hazard ratio. Specifically, we parameterize

hu(t,x) = eXp( i a(t) 5k(X)>7
k=1

T

where a : Ry — RX captures time-dependent struc-
ture and B : R? — R¥ captures covariate-dependent
structure. This formulation can be viewed as a con-
tinuous analogue of the subgroup model, replacing
discrete assignment with a low-dimensional latent
representation. The rank K governs the expressive-
ness—stability trade-off. Small K enforces strong reg-
ularization and shared structure, while larger K per-
mits more flexible individualized effects.

2.6. Propensity Score Weighting

In EHRs, treatment assignment is observational
and confounded by covariates. We therefore con-
sider a propensity-weighted variant of our subgroup
model that incorporates stabilized inverse probabil-
ity weighting (IPW) (Rosenbaum and Rubin, 1983;
Robins et al., 2000). The procedure follows a two-
step design in which propensity scores are estimated
independently and then fixed during survival train-
ing, preventing downstream survival gradients from
corrupting the propensity signal.

Stage 1: Propensity Estimation. We first esti-
mate the propensity score e(x) = P(A =1 | x) using
a separate multilayer perceptron trained with binary
cross-entropy loss. Given the fitted propensities é(x),
we construct stabilized inverse probability weights

a
YA a; = 1)
e(xi)
YiTy 1-a
T 4 = Oa
1— é(Xz) !
where @ = N7'3".a; is the empirical treatment

prevalence. To improve numerical stability, propen-
sity scores are clipped to [0.01,0.99] before weight
computation (Austin and Stuart, 2015).

Stage 2: Weighted Survival Learning. The
propensity model and weights are then held fixed,
and the survival model is trained using a weighted
negative log-likelihood,

N
L= wili0),
=1

where ¢;(0) denotes the individual negative survival
log-likelihood contribution. This reweighting creates
a pseudo-population in which treatment assignment
is independent of measured confounders.
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3. Experiments

3.1. Simulation Design

We conduct proof-of-concept simulations with known
ground truth to evaluate each method’s ability to
recover time-varying hazard ratios under controlled
violations of standard assumptions. Each survival
dataset consists of N = 20,000 subjects with 10 ob-
served covariates, generated under a Weibull propor-
tional hazards model (Bender et al., 2005). Treat-
ment assignment is non-random and depends on ob-
served covariates through a non-linear logistic model,
inducing confounding and treatment imbalance (ap-
proximately 40% treated). Censoring follows an inde-
pendent exponential distribution with rate 0.05 and
a maximum follow-up of 20 years, yielding approx-
imately 40% observed events. An overview of the
simulation settings is provided in Table 1, with full
details given in Appendix C.

To study HTE recovery, we partition the popula-
tion into two subgroups. Subgroup 1 (40%) has no
treatment effect (HR = 1), while subgroup 0 (60%)
experiences a beneficial treatment effect. Subgroup
membership is determined by a latent marker. In
Scenario A, this marker is directly observed and
hazard ratios are constant over time, corresponding
to a proportional hazards setting. In Scenario B,
subgroup membership is unobserved and only indi-
rectly reflected through three noisy proxy covariates
v1, Vg, v3 (with moderate correlation 0.6-0.8 to the
latent marker), while hazard ratios vary over time,
violating the proportional hazards assumption.

Scenario C focuses on robustness rather than
HTE recovery. In this setting, treated and untreated
outcomes are generated from different distributional
families (Weibull vs. Gompertz), such that no true
multiplicative hazard ratio function exists. This sce-
nario stress-tests the behavior of the proposed factor-
ization when its structural assumptions are violated.

Table 1: Simulation scenarios.

Scenarios Hazard Ratios
A: Heterogeneous Subgroup = 1: HR(¢) =1
& Constant Subgroup = 0: HR(¢) = exp(—1)
B: Heterogeneous Subgroup = 1: HR(¢) =1
& Time-Varying Subgroup = 0: HR(¢) = exp(—0.0751¢)

C: Mis-specified
(Non-Multiplicative)

Treated Hazard: Weibull
Untreated Hazard: Gompertz
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3.2. Real-World Primary Care Cohorts

We apply our method to two cohorts derived from
the UK Clinical Practice Research Datalink (CPRD)
Aurum database (Herrett et al., 2015), which con-
tains anonymized longitudinal primary care records
from general practices across England. These cohorts
were selected to evaluate our framework in realistic
observational settings where treatment assignment is
confounded by indication and treatment effect het-
erogeneity is clinically plausible.

RAAS-Inhibitor Cohort. RAAS inhibitors
(ACE and angiotensin receptor blockers) have es-
tablished renoprotective effects in diabetic patients
(Lewis et al., 2001), though benefits in broader hyper-
tensive populations without pre-existing kidney dis-
ease remain less certain (Jafar et al., 2003). We study
the association between RAAS inhibitor use and sub-
sequent stage 3—5 CKD incidence among hypertensive
patients aged 50-70 in London who remain CKD-free
at 90 days following diagnosis (N = 103,451; 47.7%
treated; 5.3% CKD incidence), with time zero defined
at this landmark to allow for treatment initiation.
Patients are followed for up to 10 years.

Anticoagulant Cohort. Anticoagulant therapy
reduces stroke risk in patients with atrial fibrillation,
with evidence suggesting broader mortality benefits
(Hart et al., 2007). We study the association be-
tween anticoagulant use (warfarin and direct oral an-
ticoagulants) and all-cause mortality among patients
aged 60-80 diagnosed with atrial fibrillation in Lon-
don (N = 25,563; 39.4% treated; 18.4% mortality),
with time zero defined at 30 days post-diagnosis to
allow for treatment initiation. Patients are followed
for up to 5 years.

Both cohorts include covariates capturing demo-
graphics, comorbidities, and laboratory measure-
ments (BMI, blood pressure, HbAlc, lipid profiles,
and renal function markers).

3.3. Baselines and Implementation

We benchmark against several DeSurv-based base-
lines: (i) Ignore Treatment, which models the
baseline hazard without including treatment as an in-
put; (ii) S-Learner, which incorporates treatment as
an additional covariate; and (iii) T-Learner, which
trains separate models for treated and untreated in-
dividuals. We also compare to DeepSurv (Katzman
et al., 2018), a neural-network extension of the Cox
PH model. DeepSurv also functions as an S-Learner,
incorporating treatment as a standard covariate.
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Figure 2: Average estimated hazard ratios over time.
from predictions under treatment ¢ = 0 and a = 1.
lines to proposed variants, and the black dotted line

All models are trained with the Adam optimizer
(Kingma and Ba, 2014) (learning rate 10~*) for up to
500 epochs with early stopping (patience 50). Deep-
Surv and DeSurv use hidden layers [32,32]. In the
factorized models, the subgroup network uses [16, 8]
with M = 2 subgroups; the low-rank model uses [8, §]
(time) and [8] (covariates) with rank K = 2; and the
propensity network uses [32, 16]. Batch sizes are 256
for simulations and the Anticoagulant cohort, and
512 for the RAAS-Inhibitor cohort. Full details are
provided in Appendix D.

3.4. Evaluation Metrics

Survival Prediction. We report standard survival
prediction metrics, including time-dependent concor-
dance (C*?), integrated Brier score (IBS), integrated
negative binomial log-likelihood (INBLL), and the
negative survival log-likelihood (—SLL). Formal def-
initions are provided in Appendix E. For simulation
studies with known ground truth, we additionally
compute the Integrated Squared Error (ISE) be-
tween the predicted and true survival curves,

1L
ISE = —
S N;/@

which directly measures deviation from the true sur-
vival distribution over time. In our analysis, we em-
phasize —SLL and ISE, as they constitute proper scor-
ing rules (Rindt et al., 2022). DeepSurv does not de-
fine a full survival likelihood and cannot be evaluated
using —SLL.

Hazard Ratio Recovery. In simulations where
the data generating process is known, we evaluate
recovery of the hazard ratio using the Integrated

max

(F(t | x;) — E(t | xi)>2 dt,

S- and T-Learner hazard ratios are obtained post-hoc
Solid lines correspond to benchmark methods, dashed
denotes the ground-truth hazard ratio.

Huber Error (HR-IHE):

1 N tmax _
HR-THE = — z_; /0 Ls (HR(t,xi) - HR(t,x,—)) dt,
where L is the Huber loss:

L(;(l‘) = {

We set § = 0.2. The Huber loss adds robustness
to large deviations at isolated time points, which is
important because hazard ratios are unbounded.

1.2

2T

8 (x| = 56),

lz| <6
lz| > 6

4. Results

4.1. Simulation Results

Figure 2 and Table 2 summarizes results across all
simulation scenarios. In settings with HTE (Scenar-
ios A and B), the proposed subgroup models consis-
tently achieve a substantially lower hazard ratio er-
ror than baseline methods, with HR-IHE reductions
of approximately 3-5x relative to S- and T-Learners.
The gains are most pronounced in Scenario B, where
there are time-varying treatment effects. Notably, the
improvements in hazard ratio recovery do not com-
promise survival prediction, with the proposed mod-
els achieving competitive or superior survival met-
rics. In Scenario B, the Propensity Subgroup model
attains the lowest ISE while simultaneously achiev-
ing the best HR-THE, suggesting that the multiplica-
tive inductive bias can improve both survival estima-
tion and treatment effect recovery when the assumed
structure approximately holds. The robustness of the
approach is studied in Scenario C, where the multi-
plicative hazard assumption is deliberately violated
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Table 2: Simulation results (mean + std across 5 folds). Best results bolded.

Scenario  Model ctd ¢ IBS | INBLL | -SLL | ISE | HR-IHE |
A DeepSury 0.723 (0.007) 0.141 (0.002) 0.436 (0.005) - 0.021 (0.001) 0.218 (0.014)
. Ignore Treatment  0.704 (0.004) 0.146 (0.001) 0.449 (0.003) 0.366 (0.006) 0.118 (0.003) 1.266 (0.023)

@ S-Learner 0.721 (0.006) 0.141 (0.002) 0.437 (0.005) 0.351 (0.004) 0.028 (0.002) 0.170 (0.032)

® T-Learner 0.722 (0.007) 0.141 (0.002) 0.437 (0.005) 0.350 (0.004) 0.025 (0.002) 0.245 (0.039)

T Subgroup 0.722 (0.006) 0.141 (0.002) 0.436 (0.004) 0.350 (0.005) 0.023 (0.001) 0.052 (0.025)

& Propensity Subgroup 0.722 (0.006) 0.141 (0.002) 0.436 (0.004) 0.350 (0.005) 0.022 (0.002) 0.052 (0.024)

& LowRank 0.722 (0.007) 0.141 (0.002) 0.437 (0.005) 0.350 (0.005) 0.026 (0.001) 0.249 (0.027)

B DeepSury 0.708 (0.008) 0.159 (0.003) 0.481 (0.009) - 0.025 (0.003) 0.482 (0.050)
. Ignore Treatment  0.706 (0.006) 0.161 (0.003) 0.485 (0.008) 0.321 (0.005) 0.067 (0.005) 1.121 (0.020)

@ S-Learner 0.708 (0.007) 0.159 (0.003) 0.482 (0.008) 0.314 (0.006) 0.031 (0.005) 0.335 (0.075)

® T-Learner 0.709 (0.006) 0.159 (0.003) 0.482 (0.007) 0.312 (0.007) 0.028 (0.002) 0.312 (0.025)

T Subgroup 0.711 (0.006) 0.159 (0.003) 0.480 (0.008) 0.309 (0.006) 0.020 (0.001) 0.047 (0.009)

2 Propensity Subgroup 0.711 (0.006) 0.158 (0.003) 0.480 (0.008) 0.309 (0.006) 0.018 (0.001) 0.047 (0.012)

£ LowRank 0.710 (0.006) 0.159 (0.003) 0.481 (0.008) 0.311 (0.007) 0.026 (0.002) 0.237 (0.030)

C DecpSurv 0.712 (0.007) 0.150 (0.003) 0.459 (0.007) - 0.012 (0.001) 0.220 (0.019)
. Ignore Treatment  0.708 (0.006) 0.151 (0.003) 0.462 (0.007) 0.356 (0.008) 0.036 (0.001) 0.898 (0.000)

% S-Learner 0.711 (0.007) 0.150 (0.003) 0.460 (0.007) 0.352 (0.007) 0.015 (0.001) 0.226 (0.020)

% T-Learner 0.710 (0.006) 0.150 (0.003) 0.460 (0.007) 0.352 (0.007) 0.023 (0.002) 0.260 (0.054)

T Subgroup 0.710 (0.006) 0.150 (0.003) 0.460 (0.007) 0.352 (0.007) 0.019 (0.002) 0.040 (0.021)

2 Propensity Subgroup 0.710 (0.006) 0.150 (0.003) 0.460 (0.007) 0.352 (0.007) 0.020 (0.001) 0.045 (0.021)

£ LowRank 0.710 (0.006) 0.150 (0.003) 0.460 (0.007) 0.352 (0.007) 0.019 (0.001) 0.198 (0.058)

by generating treated and untreated outcomes from
different distributional families. In this setting, the
lowest predictive performance was achieved by Deep-
Surv, while our subgroup approach yields the low-
est HR-IHE. The LowRank model shows intermediate
performance. It improves over S- and T-Learners but
does not match the Subgroup models for HR recovery.
This suggests that when discrete subgroup structure
is present, explicit subgroup assignment provides a
more regularized and stable representation than con-
tinuous low-rank factorization.

Figure 2 provides a complementary qualitative
view of hazard ratio estimation over time. In HTE
scenarios, the S-Learner approaches (DeSurv: blue
solid, DeepSurv: purple solid) produce hazard ra-
tio trajectories that drift toward a population-level
average, reflecting the behavior of a single global
model optimized under heterogeneous effects. The
T-Learner (green solid) mitigates this by fitting sep-
arate models for treated and untreated groups, which
produces a subgroup-average hazard-ratio trajectory
that more closely matches the ground truth. How-
ever, the substantially worse HR-IHE scores in Ta-
ble 2 indicate that this comes at the cost of increased
variance and large individual-level errors. DeepSurv
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(purple solid), consistent with its Cox-based formula-
tion, yields time-constant hazard ratios and is there-
fore unable to represent time-varying treatment ef-
fects. In contrast, the proposed models (dashed)
closely track the ground-truth hazard ratios (black
dotted) across all scenarios. Even in Scenario C,
where no true multiplicative hazard ratio exists, the
proposed models produce correct estimates.

4.2. Real-World Primary Care Results

Table 3 reports the predictive performance on the
two CPRD cohorts. In contrast to the simulation
results, incorporating treatment information yields
only marginal improvements over ignoring treatment
at the population level. In the RAAS-Inhibitor co-
hort, the -SLL improves slightly from 0.138 (Ignore
Treatment) to 0.137 (S-Learner and Subgroup mod-
els), while differences in the Anticoagulant cohort
are negligible across all methods. These results sug-
gest that, after adjustment for measured covariates,
treatment effects are either modest at the population
level, heavily confounded by unmeasured factors, or
obscured by a high noise-to-signal ratio typical of ob-
servational EHR data.



STRUCTURED TREATMENT MODELING IN DEEP SURVIVAL ANALYSIS

Table 3: CPRD results (mean =+ std across 5 folds). Best results bolded.

Cohort Model ctd ¢ IBS | INBLL | -SLL |

RAAS-Inhibitor DeepSurv 0.805 (0.009)  0.039 (0.001) 0.150 (0.003) -
> Ignore Treatment 0.806 (0.011)  0.039 (0.001) 0.148 (0.002)  0.138 (0.003)
4 S-Learner 0.807 (0.010)  0.039 (0.000) 0.148 (0.002)  0.137 (0.003)
A T.Learner 0.803 (0.008)  0.039 (0.000) 0.149 (0.001)  0.139 (0.002)
% Subgroup 0.807 (0.010)  0.039 (0.000) 0.147 (0.002) 0.137 (0.003)
£ Propensity Subgroup  0.807 (0.010)  0.039 (0.000)  0.148 (0.002)  0.138 (0.003)
£ LowRank 0.806 (0.011)  0.039 (0.000) 0.148 (0.002)  0.138 (0.002)

Anticoagulant DeepSurv 0.720 (0.007) 0.095 (0.002) 0.315 (0.007) -
> Ignore Treatment 0.717 (0.007) _ 0.096 (0.002) _ 0.316 (0.007) _ 0.357 (0.004)
4 S-Learner 0.718 (0.008)  0.095 (0.002) 0.316 (0.007) 0.357 (0.004)
8 T-Learner 0.713 (0.007)  0.096 (0.002) 0.318 (0.007) 0.359 (0.003)
T Subgroup 0.716 (0.007) _ 0.096 (0.002) _0.316 (0.007) _ 0.357 (0.004)
5 Propensity Subgroup  0.716 (0.007)  0.096 (0.002) 0.316 (0.007) 0.357 (0.003)
£  LowRank 0.716 (0.007)  0.096 (0.002) 0.317 (0.007)  0.358 (0.003)

Despite similar aggregate performance, meaningful
differences emerge under subgroup analysis. Table 4
stratifies the RAAS-Inhibitor cohort by albumin-to-
creatinine ratio (ACR), a clinically relevant marker
of kidney function. Among patients with normal
ACR (< 3), all models exhibit comparable perfor-
mance. However, in the severely elevated ACR sub-
group (> 30), the S-Learner shows degraded discrim-
ination (C*Y = 0.756) relative to both the Ignore
Treatment baseline (0.774) and models that explicitly
separate treatment effects. In contrast, the T-Learner
and Propensity Subgroup models maintain better cal-
ibration, as reflected by lower IBS and -SLL. This di-
vergence of minimal differences in aggregate metrics
but pronounced subgroup-specific effects is consistent
with the S-Learner’s tendency to fit majority pat-
terns, potentially masking heterogeneity. Additional
subgroup analysis is provided in Appendix Table 9.

Figure 3 displays individualized hazard ratio tra-
jectories for five randomly selected patients across
models in the RAAS-Inhibitor cohort. DeepSurv
produces constant hazard ratios over time, consis-
tent with its Cox-based formulation. The DeSurv
S-Learner yields non-smooth and erratic trajectories,
while the T-Learner shows extreme sensitivity to in-
dividual patient characteristics, both reflecting nu-
merical instability from post-hoc ratio computation.
In contrast, the Subgroup model produces stable,
smooth trajectories clustered around distinct values
corresponding to learned subgroup assignments. The
LowRank model yields individualized estimates with
moderate time-variation and greater spread between
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patients, reflecting its continuous rather than discrete
treatment effect parameterization.

4.3. Subgroup Analysis

To characterize patient profiles underlying the dis-
covered subgroups, we perform a post-hoc analysis
using logistic regression (Table 5). We extract hard
subgroup assignments 2; = arg max,, m,(x;) and fit
a logistic regression model to predict subgroup mem-
bership from the original covariates. Accuracy re-
flects subgroup separability, and the top-3 features
show the most predictive covariates, with frequencies
indicating how often each feature is selected among
the top predictors across the cross-validation folds.

In Scenario B, logistic regression achieves near-
perfect accuracy (0.998), with proxy variables vy, va,
and vz (which have only moderate correlation with
the true latent marker) consistently identified as top
features. This confirms that the subgroup network
successfully recovers latent structure from imperfect
signals if they exist in the dataset. In the CPRD
cohorts, accuracy remains high, though the defin-
ing characteristics are more heterogeneous. In the
RAAS-Inhibitor cohort, prior hypertension medica-
tion use (HTN Drugs) is most discriminative, fol-
lowed by creatinine and age, suggesting subgroup
structure driven by baseline disease severity and renal
function. In the Anticoagulant cohort, smoking sta-
tus is most predictive, with platelet count and ethnic-
ity also contributing, plausibly reflecting differences
in cardiovascular risk profiles. These associations are
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Table 4: RAAS-Inhibitor subgroup results (mean + std across 5 folds) stratified by albumin-to-creatinine
ratio (ACR). Best results bolded.

ACR < 3 (Normal) ACR > 30 (Severely Elevated)

Model ctd ¢ IBS | INBLL | -SLL | ctd 4 IBS | INBLL | -SLL |

DeepSury 0.836 (0.023) 0.041 (0.005) 0.152 (0.016) - 0.764 (0.039) 0.148 (0.019) 0.477 (0.085) -
z Ignore Treatment 0.835 (0.026) 0.041 (0.004) 0.150 (0.017) 0.128 (0.017) 0.774 (0.076) 0.143 (0.020) 0.443 (0.060) 0.257 (0.064)
& S-Learner 0.835 (0.027) 0.041 (0.004) 0.151 (0.016) 0.128 (0.017) 0.756 (0.072) 0.143 (0.022) 0.457 (0.074) 0.265 (0.068)
A T-Learner 0.831 (0.022) 0.041 (0.004) 0.152 (0.016) 0.130 (0.016) 0.760 (0.043) 0.141 (0.017) 0.441 (0.048) 0.258 (0.044)
¢ Subgroup 0.836 (0.025) 0.041 (0.005) 0.150 (0.017) 0.128 (0.017) 0.772 (0.069) 0.143 (0.021) 0.446 (0.061) 0.259 (0.065)
¢ Propensity Subgroup 0.835 (0.026) 0.041 (0.004) 0.151 (0.016) 0.128 (0.017) 0.772 (0.072) 0.141 (0.022) 0.442 (0.063) 0.258 (0.066)
2 LowRank 0.834 (0.026) 0.041 (0.005) 0.151 (0.017) 0.128 (0.018) 0.772 (0.068) 0.143 (0.022) 0.443 (0.066) 0.257 (0.066)

DeepSurv S-Learner T-Learner Subgroup LowRank
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Figure 3: Individualized hazard-ratio estimates for five randomly selected patients across all models in the
RAAS-Inhibitor cohort.

Table 5: Subgroup analysis via post-hoc logistic re-  vival (over 97% at 10 years) with minimal separa-

gression. tion between treated and untreated patients. Sub-

group 1 shows lower survival (approximately 87% at
Dataset Accuracy  Top 3 Features 10 years), with treated patients experiencing slightly
Simulation B 0.998 £ 0.001 w3 (5/5), v1 (5/5), vs (5/5) worse outcomes than untreated patients. This is a

RAAS-Inhibitor 0.971 4 0.010 HTN Drugs (4/5), Creatinine  pattern consistent with confounding by indication,
(2/5), Age (2/5) where patients at higher baseline risk are more likely
Anticoagulant  0.957 & 0.017 g‘}%r)engtiﬁzlffyr ((23//55))’ Platelet ¢4 receive RAAS—inhibitor.s. In the Anticoagul;%nt co-
hort, Subgroup 0 shows slightly worse prognosis (ap-
proximately 78% survival at 5 years) compared to
Subgroup 1 (approximately 80%), but within each
subgroup, treated and untreated curves largely over-
lap. This suggests the treatment effect is too modest
Figure 4 visualizes estimated hazard ratios within = to produce visible Kaplan—Meier separation.
each discovered subgroup. In the RAAS-Inhibitor co-
hort, our Subgroup model (red dashed) shows hazard
ratios starting at 0.8 but increasing towards 1.0 by
year 10 in Subgroup 0, while Subgroup 1 shows haz-
ard ratios consistently above 1.2 across most meth- This work shows that explicit hazard factorization
ods. In the Anticoagulant cohort, Subgroup 0 shows provides a principled way to incorporate treatment
hazard ratios below 1 (approximately 0.8-0.9), sug- into deep survival models. Across simulations, fac-
gesting a protective treatment effect, while in Sub-  torization substantially improves treatment effect es-
group 1 hazard ratio estimates are closer to 1.0. timation when effects are heterogeneous and/or time-
Kaplan-Meier survival curves stratified by discov- varying and the multiplicative assumption approx-
ered subgroup and treatment status (Figure 5) pro- imately holds. Conceptually, the proposed frame-
vide additional context. In the RAAS-Inhibitor work represents a middle ground between classi-
cohort, Subgroup 0 exhibits high long-term sur- cal meta-learners and this structural separation en-

clinically interpretable but should be viewed as de-
scriptive rather than causal.

5. Discussion
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Figure 4: Estimated hazard ratios over time for CPRD cohorts. Subgroups are inferred by the proposed
subgroup model, and hazard ratios are averaged within each subgroup. Benchmark methods are evaluated

on the same subgroup partitions.
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Figure 5: Kaplan-Meier survival curves stratified by discovered subgroup and treatment status.
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ables direct estimation of time-varying hazard ratios,
bridging flexible neural architectures with effect mea-
sures commonly used in clinical practice. However,
individual-level time-varying hazard ratio estimates
are inherently noisy, since each individual contributes
information only at a single observed time point, mo-
tivating aggregation at the subgroup or population
level for more stable estimates.

Our experiments focus on hazard ratio estimation
rather than alternative summaries such as RMST.
These quantities are complementary rather than com-
peting, and RMST can be computed in our approach
as well. RMST provides an absolute measure of sur-
vival benefit that can be preferable in some decision-
making contexts, while hazard ratios express relative
risk reduction and remain the dominant language of
classical survival analysis.

The real-world experiments highlight several limi-
tations. Population-level predictive gains from incor-
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porating treatment are modest, reflecting challenges
inherent to observational EHR data. Residual con-
founding from unmeasured factors, simplification of
treatment as binary rather than accounting for dose,
timing, or adherence, and noise in outcome ascertain-
ment all limit recoverability of true effects.

While our experiments focus on binary treatment,
the factorization naturally extends to categorical
treatments via multiple treatment-specific compo-
nents. We do not consider competing risks, which
would require extending the framework to model
cause-specific or subdistribution hazards, nor do we
address continuous treatment regimes.
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Appendix A. Survival Relationships

The hazard function quantifies instantaneous risk at time ¢ given survival to ¢:

L P <T<t4dt|T>tx)  f(t|x)
Altlx) = Him, at = S

where S(t) = P(T > t) = 1 — F(t) is the survival function. The survival function relates to the cumulative
hazard (Kalbfleisch and Prentice, 2002):

%S(ﬂx) = — f(t}x) = —A(t[x)S(t|x)
ds(tlx) _ <
Sy = A di

In S(t|x) = —/0 AMulx) du

S(t|x) = exp (— /Ot Aulx) du) = exp(—A(t|x))

Appendix B. Link Functions

We show that under the original DeSurv formulation, the objective can in certain cases, diverge to —oo.
This occurs because the log-likelihood permits arbitrarily large values of the gradient function h(¢) when
initialized unfavorably. The right-censored survival log-likelihood is

N
L=— Z [16,:1 log(F'(t;) + €) + 15,—0 log(1 — F(¢;) + e)],

=1

where € = 10716 ensures numerical stability. The loss depends on the density term F’(t;) and the survival

term 1 — F(¢;). DeSurv parameterizes
t
F(t) = tanh(/ h(u) du) ,
0

so that event and censoring contributions to the loss function are:
t
Event, 6 =1:— log((l - tanh2/ h(u) du) h(t) + e>7
0

Censoring, 6 =0: — log(l - tanh/ot h(u) du + e).
Limit behavior. As h(u) — 0:
e {—log(e) ~36.81, §=1
—log(14+€)~0, =0
As h(u) — oo:

) —log(e) —log(h(t)) = —o0, 0=1
| —log(e) ~ 36.84, §=0"

Thus, for event observations, the loss can decrease without bound as h(t) — oo, implying that the objective
admits degenerate solutions where the model minimizes loss by predicting arbitrarily large hazards. This
collapses the survival curve into a near-step function at time zero. Our mapping F(t) = 1 — exp(—u(t))
avoids this as the loss is always lower bounded.
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Appendix C. Simulation

In this section, we denote the hazard function by h(:) to avoid notational conflict with A, which is used for
model parameters.

C.1. Weibull Proportional Hazards Model

The Weibull proportional hazards model is a common choice for simulating survival data due to its closed-
form expressions. The hazard function is defined as

h(t|x) = Apt?~* exp (BT x),

where t represents survival time, A > 0 is the baseline hazard rate or scale parameter, p > 0 is the shape
parameter, and [ is the corresponding vector of regression coefficients. The survival function follows as

S(t]x) = exp (—At? exp(f7x)) .

Observed event times tp are generated using inverse transform sampling. Given F(t|x) is a CDF and the
survival function is defined as S(t|x) =1 — F(¢|x), setting

S(tg|x) =U, U ~ Uniform(0,1)

yields
exp (—Ath exp(f7x)) = U.

)

C.2. Gompertz Proportional Hazards Model

Solving for tg results in

S

The Gompertz proportional hazards model is another commonly used parametric model, particularly well-
suited for capturing monotonic hazard trends over time. It is widely applied in aging and mortality studies.
The hazard function is given by

h(t | x) = Aexp(yt) exp(8 x),

where A > 0 is the baseline hazard, v € R controls the shape of the hazard (increasing if v > 0, decreasing
if ¥ < 0), and B are the regression coefficients. The corresponding survival function is given by

S(t|x) =exp (—i [exp(yt) — 1] exp(ﬁTX)) :
Observed event times tr can again be generated using inverse transform sampling,
S(tg | x) =U, U ~ Uniform(0,1),
which implies
exp (—2 [exp(vtg) — 1] exp(BTX)) =U.

Solving for tg yields

1 7log(U)
o= 5w (= o)
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C.3. Time-Invariant and Time-Varying Hazard Ratios

To account for covariate effects that vary over time, the proportional hazards models can be extended to
include time-dependent effects. The general forms for the hazard functions are:

Weibull:  h(t | x) = Apt?~ exp(n(t | x))
Gompertz:  h(t | x) = Aexp(vt) exp(n(t | x))

A common specification for the time-varying component n(t | x) is
n(t | x) = BTx+~7"x-g(t),

where 8 captures time-invariant effects, v modulates the time-varying influence of covariates, and g(t) is a
user-defined function of time (e.g., logt, ¢, or basis splines). When v x # 0, the effect of covariates is no
longer proportional over time.

If only the treatment indicator is allowed to interact with time, the proportional hazards assumption is
relaxed for treatment, while being preserved for other covariates.

T](t ‘ X) = BTX + Yirt - 1treatment : g(t).

Depending on the choice of n(t | x), a closed-form expression for the survival function may not exist,
requiring numerical integration and/or root-finding techniques to obtain simulated ¢p.

C.4. Simulation Details

We generate N = 20,000 observations following a multi-stage procedure designed to create realistic con-
founding and latent subgroup structure.

Step 1: Latent Variables. We first generate two underlying variables:

e H ~ N(0,0.4%): a continuous “health” variable representing underlying frailty (never observed)
e G ~ Bernoulli(0.4): a binary “marker” determining treatment response subgroup

The marker G is provided as an observed covariate in Scenario A, but is unobserved in Scenarios B and C.

Step 2: Observed Covariates. Ten observed covariates (age, sex, smoking status, prior condition,
and continuous markers v1—v;) are generated as functions of the latent health variable H. In Scenario B,
covariates v1—v3 additionally depend on the marker G, serving as noisy proxies (correlation approximately
0.6-0.8) for the unobserved subgroup membership.

Step 3: Treatment Assignment. Treatment is assigned via a logistic model depending on observed
covariates, inducing confounding and yielding approximately 40% treatment prevalence.

Step 4: Survival Times. Survival times are generated from Weibull (Scenarios A, B) or mixed
Weibull/Gompertz (Scenario C) distributions, with hazard depending on observed covariates. Treated sub-
jects with G = 0 (responders) receive the treatment effect specified in Table 1; treated subjects with G = 1
(non-responders) and all untreated subjects follow the baseline hazard.

Step 5: Censoring. Censoring times t¢ are generated from an exponential distribution with rate 0.05,
with administrative censoring at t,.x = 20 years, yielding approximately 40% observed events. The observed
survival time and event indicator are then

T= min(tE; t07 tmax)7
0=1(tr <min(tc, tmax))-
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Appendix D. Experiments

We provide the full experimental configuration in Table 6. Data are split into 64% training, 16% valida-
tion, and 20% testing. No systematic hyperparameter tuning is performed for any method to ensure fair
comparison. Instead, we conduct an ablation study (Appendix F) to assess sensitivity to key architectural
choices. During training, subgroup assignments are sampled using the straight-through Gumbel-Softmax
estimator, with temperature annealed as 7 = max(0.2,;7(1 — £)?) where 79 = 1.0, e is the current epoch,
and E the total number of epochs, encouraging increasingly discrete assignments; at inference, assignments
are obtained via arg max over the logits. For metrics requiring time integration (IBS, INBLL, ISE, HR-ISE),

evaluation is performed on a discrete grid from ¢ = 0 to tyax With step size 0.1.

Table 6: Experimental Configuration Across Datasets

Experiments ‘ Simulations ‘ RAAS-Inhibitor Anticoagulant
Reproducibility

Random seeds ‘ Seed = 42 for sklearn KFold, NumPy, PyTorch, CUDA
Training Details

Batch size 256 | 512 | 256
Optimiser Adam (learning rate = le—4, betas = (0.9, 0.999), eps = le—8)
Training epochs 500

Early stopping patience 50

Survival Head (DeSurv) Architecture

Hidden layers ‘ [32, 32

Subgroup Architecture

HR hidden layers (h{™) (16, 8]

Subgroup hidden layers (7m.) (16, §]

LowRank Architecture

Rank (K) 2

Time-dependent MLP («) 8, 8]

Covariate-dependent MLP (f3) 8]

Propensity Architecture

Rank (K) \ (32, 16]

Evaluation Settings

Max time | 20.0 10.0 5.0

Appendix E. Evaluation Metrics
The classical survival metrics are implemented using the pycox library (Kvamme et al., 2019):

e Time-Dependent Concordance (Ctd) (Antolini et al., 2005) A measure of discrimination that quan-
tifies how well the model orders predicted risks over time, estimated by calculating the proportion of
pairs in concordance. Values closer to 1 reflect stronger concordance and thus better predictive ability.

e Integrated Brier Score (IBS) The Brier score (Brier, 1950) captures the squared difference be-
tween observed survival status and predicted survival probabilities, accounting for censoring. The IBS
summarizes this across the follow-up period, with lower scores corresponding to more accurate models.

e Integrated Negative Binomial Log-Likelihood (INBLL) A likelihood-based criterion that evalu-
ates binary survival predictions through the negative log-likelihood, adjusted for censoring and averaged
over time. Smaller values indicate better performance.
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Appendix F. Additional Results
F.1. Sample Size Ablation

Table 7 shows performance across sample sizes N € {10k, 20k, 50k}. All models improve with more data.
Our Subgroup models achieve consistent HR-IHE reduction across sample sizes. At N = 50k, Propensity
Subgroup achieves HR-THE < 0.03 in Scenarios A and C.

Table 7: Simulation sample size ablation study. Best results bolded.

N =10k N = 20k N = 50k

Model ISE | HR-THE | ISE | HR-THE | ISE | HR-THE |

A DeepSurv 0.037 (0.005) 0.382 (0.088) 0.021 (0.001) 0.218 (0.014) 0.012 (0.002) 0.100 (0.006)
z  Ignore 0.126 (0.005) 1.287 (0.031) 0.118 (0.003) 1.266 (0.023) 0.110 (0.003) 1.283 (0.015)

4 S Learner 0.046 (0.010) 0.442 (0.206) 0.028 (0.002) 0.170 (0.032) 0.012 (0.001) 0.076 (0.006)

8 T-Learner 0.036 (0.003) 0.396 (0.048) 0.025 (0.002) 0.245 (0.039) 0.015 (0.001) 0.174 (0.029)

T Subgroup 0.040 (0.011) 0.351 (0.186) 0.023 (0.001) 0.052 (0.025) 0.010 (0.000) 0.021 (0.007)

. Propensity Subgroup 0.095 (0.004) 0.230 (0.033) 0.022 (0.002) 0.052 (0.024) 0.009 (0.000) 0.014 (0.004)

2 LowRank 0.034 (0.003) 0.288 (0.028) 0.026 (0.001) 0.249 (0.027) 0.013 (0.001) 0.154 (0.018)

B DeepSurv 0.035 (0.002) 0.614 (0.041) 0.025 (0.003) 0.482 (0.050) 0.018 (0.002) 0.446 (0.006)
> Tgnore 0.072 (0.007) 1.139 (0.027) 0.067 (0.005) L.121 (0.020) 0.061 (0.002) 1.136 (0.013)

§ S-Learner 0.037 (0.003)  0.546 (0.078) 0.031 (0.005) 0.335 (0.075) 0.019 (0.001) 0.211 (0.023)

8 T-Learner 0.041 (0.005) 0.413 (0.053) 0.028 (0.002) 0.312 (0.025) 0.018 (0.001) 0.210 (0.020)

T Subgroup 0.030 (0.00) 0.046 (0.013) 0.020 (0.001) 0.047 (0.009) 0.013 (0.001) 0.047 (0.009)

_ Propensity Subgroup  0.028 (0.002) 0.076 (0.027) 0.018 (0.001) 0.047 (0.012) 0.014 (0.001) 0.047 (0.005)

2 LowRank 0.038 (0.003) 0.302 (0.066) 0.026 (0.002) 0.237 (0.030) 0.017 (0.001) 0.165 (0.013)

C  DeepSurv 0.017 (0.002) 0.253 (0.034) 0.012 (0.001) 0.220 (0.019) 0.007 (0.000) 0.226 (0.009)
 Tgnore 0.043 (0.002) 0.898 (0.000) 0.036 (0.001) 0.898 (0.000) 0.020 (0.001) 0.898 (0.000)

& S.Learner 0.022 (0.002) 0.271 (0.039) 0.015 (0.001) 0.226 (0.020) 0.010 (0.001) 0.190 (0.025)

8 T-Learner 0.035 (0.003) 0.435 (0.101) 0.023 (0.002) 0.260 (0.054) 0.012 (0.001) 0.149 (0.020)

¢ Subgroup 0.025 (0.002) 0.1539 (0.075) 0.019 (0.002) 0.040 (0.021) 0.009 (0.001) 0.034 (0.021)

& Propensity Subgroup 0.026 (0.002) 0.126 (0.067) 0.020 (0.001) 0.045 (0.021) 0.009 (0.001) 0.027 (0.012)

2 LowRank 0.027 (0.004) 0.300 (0.055) 0.019 (0.001) 0.198 (0.058) 0.011 (0.001) 0.125 (0.024)

F.2. Subgroups Number Ablation

Table 8 varies the number of subgroups M € {2,3,5}. Proper scoring metrics (-SLL, ISE) are stable across
M. HR-IHE shows modest sensitivity: M = 2 (matching ground truth) performs best in simulations, but
M = 3 or M = 5 remain competitive.

F.3. CPRD Subgroup Analysis

Table 9 extends the subgroup analysis of the RAAS-Inhibitor cohort to additional clinically relevant par-
titions such as age, prior hypertension drug use, and propensity score. Across most stratifications, model
performance differences remain small, consistent with the aggregate results. The propensity score stratifica-
tion reveals some variation in the high-propensity subgroup (> 0.8) where the S-Learner performs slightly
worse on all metrics.
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Table 8: Sensitivity to the number of subgroups.

Experiment M -SLL | ISE | HR-IHE |
A 2 0.350 (0.005) 0.023 (0.001) 0.052 (0.025)

3 0.350 (0.005) 0.023 (0.001) 0.034 (0.023)

5 0.350 (0.005) 0.025 (0.002) 0.037 (0.021)
B 2 0.309 (0.006) 0.020 (0.001) 0.047 (0.009)

3 0.309 (0.006) 0.021 (0.001) 0.062 (0.019)

5 0.309 (0.006) 0.021 (0.002) 0.051 (0.018)
C 2 0.352 (0.007) 0.019 (0.002) 0.040 (0.021)

3 0.352 (0.007) 0.018 (0.002) 0.086 (0.040)

5 0.352 (0.007) 0.018 (0.001) 0.050 (0.026)
RAAS-Inhibitor 2 0.137 (0.003) - -

3 0.138 (0.003) - -

5 0.138 (0.002) - -
Anticoagulant 2 0.357 (0.004)

3 0.357 (0.003)

5 0.357 (0.003)

¥|Proposed| DeSurv,

Propensity Subgroup
LowRank

Table 9: RAAS-Inhibitor subgroup (mean =+ std across 5 folds). Best results bolded.
Model ctd ¢ IBS | INBLL | -SLL | ctd 4 IBS | INBLL | -SLL |
Age < 60 Age > 60

DeepSurv 0.809 (0.012) 0.028 (0.001) 0.114 (0.004) — 0.780 (0.011) 0.054 (0.002) 0.198 (0.005) —
¢ Ignore Treatment 0.809 (0.013) 0.028 (0.001) 0.113 (0.003) 0.106 (0.004) 0.779 (0.013) 0.053 (0.002) 0.194 (0.006) 0.182 (0.004)
@ S-Learner 0.813 (0.013) 0.028 (0.001) 0.112 (0.004) 0.104 (0.004) 0.779 (0.012) 0.053 (0.001) 0.194 (0.005) 0.181 (0.003)
A T-Learner 0.808 (0.011) 0.028 (0.001) 0.114 (0.003) 0.106 (0.004) 0.775 (0.011) 0.053 (0.001) 0.196 (0.005) 0.184 (0.002)
T Subgroup 0.811 (0.013) 0.028 (0.001) 0.113 (0.003) 0.105 (0.004) 0.781 (0.011) 0.053 (0.002) 0.193 (0.005) 0.181 (0.003)
2. Propensity Subgroup 0.810 (0.013) 0.028 (0.001) 0.113 (0.003) 0.105 (0.004) 0.780 (0.012) 0.053 (0.002) 0.194 (0.006) 0.181 (0.003)
& LowRank 0.810 (0.012) 0.028 (0.001) 0.113 (0.003) 0.105 (0.004) 0.780 (0.013) 0.053 (0.002) 0.194 (0.005) 0.182 (0.003)

Hypertension Drugs = 0 Hypertension Drugs = 1

DeepSurv 0.797 (0.010) 0.036 (0.001) 0.141 (0.003) - 0.816 (0.012) 0.059 (0.002) 0.211 (0.007) B
¢ Ignore Treatment 0.799 (0.012) 0.036 (0.001) 0.138 (0.002) 0.131 (0.003) 0.812 (0.013) 0.059 (0.002) 0.209 (0.005) 0.176 (0.004)
% S-Learner 0.799 (0.011) 0.035 (0.000) 0.138 (0.002) 0.130 (0.002) 0.815 (0.014) 0.058 (0.001) 0.207 (0.005) 0.175 (0.006)
A T-Learner 0.794 (0.009) 0.036 (0.000) 0.140 (0.002) 0.133 (0.002) 0.813 (0.010) 0.059 (0.002) 0.209 (0.005) 0.178 (0.002)
T Subgroup 0.800 (0.011) 0.035 (0.000) 0.138 (0.002) 0.131 (0.003) 0.813 (0.011) 0.058 (0.002) 0.208 (0.005) 0.175 (0.004)
2 Propensity Subgroup 0.799 (0.011) 0.036 (0.001) 0.138 (0.002) 0.131 (0.003) 0.814 (0.012) 0.058 (0.002) 0.208 (0.005) 0.176 (0.003)
& LowRank 0.799 (0.011) 0.035 (0.000) 0.138 (0.002) 0.131 (0.002) 0.812 (0.013) 0.058 (0.002) 0.208 (0.006) 0.176 (0.004)

Propensity* < 0.2 Propensity* > 0.8

DeepSurv 0.786 (0.044) 0.043 (0.004) 0.162 (0.015) — 0.822 (0.006) 0.049 (0.002) 0.179 (0.006) B

Tgnore Treatment 0.784 (0.043) 0.042 (0.004) 0.161 (0.016) 0.140 (0.018) 0.823 (0.011) 0.048 (0.002) 0.176 (0.008) 0.160 (0.005)

S-Learner 0.792 (0.043) 0.042 (0.004) 0.160 (0.015) 0.138 (0.016) 0.819 (0.011) 0.049 (0.002) 0.177 (0.007) 0.162 (0.004)

T-Learner 0.790 (0.042) 0.042 (0.003) 0.160 (0.015) 0.138 (0.017) 0.817 (0.005) 0.049 (0.002) 0.178 (0.008) 0.164 (0.005)

Subgroup 0.790 (0.043) 0.042 (0.004) 0.160 (0.017) 0.138 (0.018) 0.823 (0.011) 0.048 (0.002) 0.176 (0.008) 0.160 (0.005)

0.790 (0.040) 0.042 (0.004) 0.160 (0.016) 0.139 (0.017) 0.824 (0.010) 0.048 (0.002) 0.176 (0.008) 0.160 (0.005)
0.790 (0.044) 0.042 (0.004) 0.160 (0.016) 0.138 (0.018) 0.821 (0.010) 0.048 (0.002) 0.176 (0.008) 0.161 (0.005)

Propensity partitions are based on estimates from a logistic regression model.
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