Proceedings of Machine Learning Research 297:1-22, 2025

Machine Learning for Health (ML4H) 2025

Identifying treatment response subgroups
in observational time-to-event data

Vincent Jeanselme

University of Cambridge, The Alan Turing Institute
Chang Ho Yoon and Fabian Falck
University of Ozford, The Alan Turing Institute
Brian Tom and Jessica Barrett

University of Cambridge

Abstract

Identifying patient subgroups with different
treatment responses is an important task
to inform medical recommendations, guide-
lines, and the design of future clinical trials.
Existing approaches for treatment effect
estimation primarily rely on Randomised
Controlled Trials (RCTs), which tend to
feature more homogeneous patient groups,
making them less relevant for uncovering
subgroups in the population encountered in
real-world clinical practice. Subgroup anal-
yses established for RCTs suffer from signifi-
cant statistical biases when applied to obser-
vational studies, which benefit from larger
and more representative populations. Our
work introduces a novel, outcome-guided,
subgroup analysis strategy for identifying
subgroups of treatment response in both
RCTs and observational studies alike. It
hence positions itself in-between individ-
ualised and average treatment effect esti-
mation to uncover patient subgroups with
distinct treatment responses, critical for ac-
tionable insights that may influence treat-
ment guidelines. In experiments, our ap-
proach significantly outperforms the current
state-of-the-art method for subgroup anal-
ysis in both randomised and observational
treatment regimes.

Keywords: Treatment effect, subgrouping,
observational data

Data and Code Availability Experiments
are performed on synthetic data and a publicly
available dataset from the Surveillance, Epidemi-
ology, and End Results Program'. The code to

1. Available at https://seer.cancer.gov/
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reproduce the proposed model and the presented
results is available on GitHub?.

Institutional Review Board (IRB) This re-
search does not require IRB approval as it relies
on a publicly available dataset from previously
approved studies.

1. Introduction

Understanding heterogeneous therapeutic re-
sponses among patient subgroups is central to
developing clinical guidelines and new treatments.
Identifying such subgroups is valuable to inform
the design of future clinical trials and to direct
healthcare resources to those most likely to ben-
efit, and away from those at greatest risk of
harm (Foster et al., 2011). A striking example
comes from the BARI trial on coronary artery
disease, which suggested that patients with dia-
betes should receive coronary artery bypass grafts
rather than percutaneous interventions, whereas
patients without diabetes benefited from the op-
posite strategy (Investigators, 1996), an obser-
vation that shaped subsequent guidelines. Fig-
ure 1 illustrates this concept: two groups with
opposing treatment responses may require dis-
tinct therapeutic recommendations. Our work
aims to uncover such subgroups in observational,
time-to-event data.

Randomised controlled trials (RCTs) remain
the gold standard for studying heterogeneous
treatment effects. By randomly assigning patients
to control or treated arms, RCTs eliminate po-
tential confounders when assessing a treatment’s

2. https://github.com/Jeanselme/
CausalNeuralSurvivalClustering
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impact on outcomes. However, RCTs are often
costly, time-consuming, and restricted to specific
patient cohorts, which are likely not to reflect
the full spectrum of patients seen in clinical prac-
tice (Hernan and Robins, 2016, 2010; Cole and
Herndn, 2008). Trial findings may thus not gen-
eralise to real-world settings.

To address these limitations, researchers
increasingly leverage large-scale observational
datasets which capture diverse, real-world pop-
ulations. Although observational data offer the
potential to identify subgroups that RCTs might
miss, they also pose challenges due to non-random
treatment assignments and confounding (Ben-
son and Hartz, 2000; Hernan and Robins, 2010;
Herndn, 2018). A robust methodological litera-
ture in causal inference has emerged to tackle
these challenges. Techniques such as inverse
probability weighting (Cole and Hernan, 2008),
marginal structural models (Robins et al., 2000),
and doubly robust estimators (Bang and Robins,
2005) allow for more accurate causal effect esti-
mation under appropriate assumptions.

Prior works in machine learning (ML) have ex-
tended these ideas to estimate treatment effects
from observational data (Bica et al., 2020; Curth
et al., 2021; Louizos et al., 2017). However, most
methods focus on (i) average treatment effects
(ATE), which measure the response at the pop-
ulation level, (ii) conditional average treatment
effect (CATE), which reflects average response
for an individual given its covariates, or (iii) indi-
vidualised treatment effects (ITE), which aims to
estimate the unobservable counterfactual effect.
These approaches overlook the utility of identi-
fying treatment-effect subgroups —groups with
distinct responses to a given intervention. Iden-
tifying such subgroups is crucial in translating
treatment effect estimates into actionable insights
for clinical decision-making and resource alloca-
tion.

We address this gap by introducing a novel
framework that uncovers patient subgroups with
distinct treatment responses using observational
time-to-event data. Extending the rich tradition
of outcome-guided modelling (Foster et al., 2011)
to a flexible, neural network—based architecture,
our proposed approach addresses the limitations
of existing methodology for subgroup discovery
(see App. A for a full review). Crucially, our ap-
proach does not require explicit parametrisation

of time-to-event distributions or treatment effects;
it instead leverages a mizture of monotonic neural
networks with correction for non-random treat-
ment assignment. In summary, our contributions
are:

e Novel formalisation. In Sec. 2, we for-
malise the problem of treatment subgroup
discovery.

e Neural network-based treatment sub-
group identification. We introduce, in
Sec. 2, a neural network architecture to
jointly estimate and identify subgroups of
treatment effects in observational settings.

e Extensive application on time-to-event
data. We evaluate its performance on syn-
thetic data in Sec. 3, with extensive sensi-
tivity analysis in App. C, and a real-world
example described in Sec. 4, benchmarking
against several established approaches.

2. Method

2.1. Problem setup

Our goal is to uncover a pre-specified K € N
number of subgroups® with distinct treatment
responses, guided by the observed times of oc-
currence of an outcome of interest. To this end,
our model assigns patients to latent subgroups
based on their covariates at the time of treatment
decision. For each subgroup, we estimate the prob-
ability of not observing the event of interest over
time under treatment and under control regimes.
These two distributions are known as survival
functions, and their difference corresponds to the
estimated treatment effect for a given group.
Formally, consider the random variables asso-
ciated with observed covariates X, the assigned
binary treatment A, and the observed event time
T’'. Following the potential outcomes formula-
tion, T = A - Ty + (1 — A) - T} under consistency
(Asmp. 1) where TY is the potential event time
under treatment and T}, under the control regime.

Assumption 1 (Consistency) A patient’s 0b-
served event time is the potential event time asso-
ciated with the observed treatment. Formally, this

3. As a pre-specified number of subgroups may be a
limitation in a real-world setting where we do not
know the underlying grouping structure, we explore
how to select this parameter based on the likelihood
of the predicted outcomes in Sec. 3.
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Figure 1: Subgroup treatment effect discovery in time-to-event observational data. Our work aims to
identify subgroups of patients with similar treatment responses to guide clinical practice
and design clinical trials. Our method simultaneously models the treatment effect and
identifies subgroups while addressing treatment non-randomisation and censoring.

means T' = A-Ty + (1 — A) - T}, where T" is the
observed event time and (T(),T]) are the poten-
tial event times under the control and treatment
regimes, respectively.

Central to our problem is the latent, unob-
served, subgroup membership Z. As formalised in
Asmp. 2, we assume that the variable Z mitigates
the dependence between the covariates X and the
observed event time 7T”.

Assumption 2 (Mixture mitigation)  The
event time T' is determined by the patient’s group
membership Z. Formally, T" 1L X | Z.

In this setting, our interest lies in estimating the
Subgroup Average Treatment Effect (SATE)
for group k:

w(t)=P(T" >t|A=1,Z=k)

—P(IT">t|A=0,Z=k) (1)

This focus differs from the literature interest

in estimating CATE, connected to the previous
quantity as follows (see App. B for derivation):

T(t,x) = ZTk(t)P(Z =k|X =ux)
k

Estimating the previous quantities requires the
accurate modelling of the survival distributions
under the two treatment regimes. The central
challenge in this estimation is that the counter-
factual survival outcome is unobserved: if a pa-
tient receives the treatment, we do not observe
its outcome under no treatment, and vice versa.

The absence of treatment randomisation in ob-
servational studies, e.g. clinicians might recom-
mend more aggressive treatment for more severe
conditions, results in a covariate shift between the
treated and non-treated populations (Curth et al.,
2021) as their covariate distributions differ (Bica
et al., 2021). This prohibits the estimation of the
survival functions through the maximisation of
the likelihood of the observed outcomes.

Under the common Asmp. 3 and 4 (Hernén
and Robins, 2010; Robins, 1986), methods exist
to account for the difference between the treated
and non-treated populations. One such method
adopted in this work is the Inverse Propensity
Weighting (IPW), which consists of weighting
each observation by the inverse probability of
receiving treatment to estimate the overall likeli-
hood.

Assumption 3 (Conditional ignorability)

The potential event times are independent of
the treatment given the observed covariates, i.e.
A 1L (T5,TY) | X. FEquivalently, no unobserved
confounders impact both treatment and event
time.

Assumption 4 (Overlap / Positivity)

Fach patient has a mnon-zero probability of
receiving the treatment, i.e. P(A | X) € (0,1)
where (0,1) is the open interval, resulting in a
non-deterministic treatment assignment.
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A final challenge exists in time-to-event data:
censoring. Patients may not observe the out-
come of interest during the study period. For-
mally, instead of observing T”, one observes an
indicator identifying whether the event of in-
terest was observed D, and the associated ob-
served time of event T', with T := min(C,T") and
D :=1(C > T"), where C is the random variable
of the (right)-censoring time. When a patient
is censored, T' = C and D = 0; otherwise, the
event under treatment regime A is observed and
T=T)and D=1.

As ignoring the censoring process biases the
likelihood, we assume, as commonly done in sur-
vival analysis, that this process is uninformative,
formalised as:

Assumption 5 (Non-informative censoring)

The censoring time C' is independent of the time
of the event of interest T', given the covariates
X. Formally, T" L C'| X.

Under the previous assumptions, common in
the causal and survival literature, we can max-
imise the overall likelihood by optimising for the
following weighted factual log-likelihood [:

t=t;

idi=1 ot
+ Z w;log S(t; | z;,a;) (2)
i,d;=0

where ¢ is the patient index, (x;,t;,0a;,d;) are
realisations of the associated variables X, T, A
and D, and w; is the inverse propensity weighting
correction for patient i. Under Asmp. 2,

S(t|zya):=PT >t|xa)
K
=> P(Z=k|x)P(T' >t|ak) (3)
k=1

Figure 2 summarises all variables and depen-
dencies assumed in the studied problem with a
directed acyclic graph. Given the observed X, A,
T, and D, our aim is to estimate the latent struc-
ture Z and the associated survival distributions
under the two potential treatment regimes T and
7.

2.2. Estimating the quantities of interest

The previous section discussed the quantities one
must estimate —here parametrised by neural net-

Figure 2: Graphical representation between co-
variates (X), treatment (A) and out-
comes (T, D). Realisations of dashed
variables are unobserved, while X, A,
T and D are observed.

works*— to uncover subgroups of treatment ef-
fects: the assignment function P(Z | X), the dis-
tributions characterising survival under the two
treatment regimes P(T" >t | A, Z = k), and the
IPW weights w. Figure 3 illustrates the over-
all architecture and the neural networks used to
estimate these quantities.

Subgroup assignment. A multi-layer percep-
tron G with a final Softmax layer assigns a patient
characterised by covariates x its probability of be-
longing to each subgroup, characterised through
a K-dimensional vector of probabilities.
G(z) = [P(Z = k| )i,

Survival distributions. Each subgroup & is
represented by a parameter vector u, € RF
of dimension L, a latent parametrisation learnt
through backpropagation. The vector uy is con-
catenated with ¢ and used as input to a neural net-
work M with monotonic outcomes as in Jeanselme
et al. (2022, 2023) and a final SoftPlus layer to
ensure positivity. We train this neural network to
model survival through the following transforma-
tion — ensuring that no probability is assigned to
negative times, a limitation raised concerning pre-
vious monotonic neural networks (Shchur et al.,

4. When interpretability is a key concern, one can con-
sider a linear model for both subgroup assignment and
IPW components, as explored in App. C.4.
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2020):
P(T' >t|A=a,Z =k):=exp(—t- M(ug,t)[a))

Inverse propensity weighting. As previously
discussed, to account for the treatment non-
randomisation in observational studies, we weight
the factual likelihood using the propensity of re-
ceiving treatment estimated through a multi-layer
perceptron W with a final sigmoid transformation
as:
W(z) =P(A=1]x)

From this estimated probability, we further
truncate the propensity score (Austin and Stu-
art, 2015) to avoid extreme values for the esti-
mated weights, which would result in unstable
estimates of the treatment effect. In this context,
the weights w; are defined as:

Vi, wh : = a;W(z;) + (1 —a;)(1 — W(x;))
w; : = max(0.05, min(w}, 0.95))

2.3. Training procedure

The model W is trained to predict the binary
treatment assignment probability by minimising
the cross-entropy of receiving treatment. Then,
all other components are trained by maximising
the weighted log-likelihood introduced in Equa-
tion (2). The use of monotonic neural networks
results in the efficient and exact computation of
the log-likelihood, as a forward path estimates
survival and automatic differentiation provides
the derivative necessary for computing the log-
likelihood (Jeanselme et al., 2022, 2023; Rindt
et al., 2022).

3. Experimental analysis

As counterfactuals are unknown in observational
data, we adopt the common practice of a syn-
thetic dataset in which the underlying survival
distributions and group structure are known. As
a real-world case study, App. 4 accompanies these
synthetic results with the analysis of heterogeneity
in adjuvant radiotherapy responses for patients
diagnosed with breast cancer. Our code to pro-
duce the synthetic dataset, the model, and all
experimental results is available on Github®.

5. https://github.com/Jeanselme/
CausalNeuralSurvivalClustering

3.1. Data generation

We generate a population of 3,000 equally di-
vided into K = 3 subgroups. We draw 10 co-
variates from normal distributions with differ-
ent means and survival distributions for each
treatment regime following Gompertz distribu-
tions (Pollard and Valkovics, 1992) parametrised
by group membership and individual covariates.
Note that this setting breaks Asmp. 2 as survival
distributions under treatment or control regimes
are different functions of the covariates. This sim-
ulation is more likely to capture the complexity
of real-world responses, in contrast to traditional
evaluations of subgroup analysis, which often as-
sume a linear treatment response. Further, we
implement two treatment assignment scenarios: a
randomised assignment in which treatment is in-
dependent of patient covariates, similar to RCTs
(Randomised), and one in which treatment is
a function of the patient covariates as in obser-
vational studies (Observational). Finally, non-
informative censoring times are drawn following a
Gompertz distribution. Details of the generative
process for our synthetic dataset are deferred to
App. C.1. Further, App. C.5 explores alternative
datasets to demonstrate the robustness of the
proposed methodology.

3.2. Empirical settings

Benchmark methods. We compare the pro-
posed approach (CSC) against the state-of-the-
art Cox Mixtures with Heterogeneous Effect
(CMHE Nagpal et al. (2022a)%), which uncov-
ers treatment effect and baseline survival latent
groups. This method uses an expectation max-
imisation framework in which each patient is as-
signed to a group for which a Cox model is then
fitted. The central differences with our proposed
approach are that CMHE (i) clusters patients
in treatment effects subgroups and survival sub-
groups, and (ii) assumes a linear treatment re-
sponse. This separation between survival (M)
and treatment response (L) enhances the model’s
flexibility at the expense of interpretability, as
the total number of groups grows exponentially
(L x M), and subgroups of treatment effect be-
come independent of survival. Further, the as-
sumption of linear treatment response may hinder

6. Implemented in the Auton-Survival library (Nagpal
et al., 2022b)
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Figure 3: Causal Survival Clustering (CSC) architecture. Latent parameter u; characterising the
subgroup k is inputted into the monotonic network M to estimate the survival under
both treatment regimes. G assigns the probability of belonging to each subgroup given
the patient’s covariate(s) x. The network W estimates the treatment propensity used to
account for the treatment assignment bias.

the discovery of subgroups with more complex
responses. By contrast, our approach identifies
treatment subgroups while considering survival
without constraining the treatment response. We
argue that these are key strengths of our method,
as a group not responding to treatment with low
life expectancy would most benefit from alterna-
tive treatments, compared to a group with the
same treatment responses but with better survival
odds. Considering jointly non-linear treatment ef-
fects and survival, therefore, results in identifying
more clinically relevant subgroups.

For a fair comparison, we present three alter-
natives of CMHE: one with fixed M = 3 survival
subgroups and L = 1 treatment subgroups, one
with L = 3 treatment and M = 1 survival sub-
groups, and one with M = L = 2, which allows
for a total of 4 subgroups. We consider these
alternatives to obtain a total number of clusters
close to the underlying number of subgroups K.
Crucially, CMHE assumes proportional hazards
for each subgroup and does not account for the
treatment non-randomisation.

As an ablation, we compare our model against
its unadjusted alternative (CSC Unadjusted),
which uses the unweighted factual likelihood

(w; = 1) and therefore is not robust to non-
random treatment assignment.

Finally, we compare against two step-wise ap-
proaches in which clustering and treatment effect
are trained separately. First, we use an unsu-
pervised clustering algorithm on the covariates,
followed by a non-parametric estimate of the treat-
ment effect as proposed in Nagpal et al. (2022a),
referred to as KMeans + TE in the following.
Specifically, we use a KMeans (Hartigan and
Wong, 1979) to cluster the data, and we com-
pute the difference between Kaplan-Meier (Ka-
plan and Meier, 1958) estimates between control
and treated patients stratified by clusters. Second,
we use a Virtual Twins approach to estimate indi-
vidualised treatment effects and then cluster them.
As proposed in the literature, we use a survival
tree to estimate response under each treatment
regime and then use a KMeans (MacQueen et al.,
1967) on the estimated treatment effects, com-
puted as the difference between survival estimates.
For details on training and hyperparameter opti-
misation, we refer to App. C.2.

Evaluation. In the synthetic experiments, the
subgroup structure is known. We measure the
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adjusted” Rand-Index (Rand, 1971), which quanti-
fies how the estimated subgroup assignment aligns
with the generative group structure. Addition-
ally, we use the integrated absolute error (IAE)
between the treatment effect estimate and the
ground truth, which measures how well the meth-
ods recover each subgroup’s treatment effect

TAE,(t) = /0 |7.(s) — T(s)| ds,

where 7; is the estimated treatment effect for
subgroup k = argmax; Egex(Z = 1 | 2), i.e. the
most likely assigned cluster for patients in the
underlying k cluster, and 73 is the ground truth.

3.3. Treatment effect recovery

Recovering the underlying number of sub-
groups. For all methodologies, we must choose
the number of subgroups K a priori. An im-
portant question is, therefore, whether we can
identify the underlying number of subgroups in
a principled way using the proposed CSC. Fig-
ure 4 presents the average negative log-likelihood
obtained by cross-validation for models with dif-
ferent numbers of subgroups K.
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Figure 4: Averaged negative log-likelihood across

5-fold cross-validation given the num-
ber of subgroups K under the ” Observa-
tional” treatment assignment with the
shaded area representing 95% CI. The
log-likelihood presents an elbow around
the underlying number of subgroups.

The dotted lines represent the elbow heuris-
tic (Thorndike, 1953), which identifies a change

7. Random patient assignment results in an adjusted
Rand-Index of 0.

point in the explained variability, here consider-
ing the log-likelihood. Using this heuristic, the
optimal choice for K is 3, which aligns with the
generative process. App. C.3 shows that when the
number of clusters is misspecified, the estimated
treatment effects are unstable; the variance asso-
ciated with estimated treatment effects is hence
an additional tool for informing the choice of K.
These data-driven approaches to select the num-
ber of subgroups K are a crucial strength of our
method, compared to classical two-stage analyses,
which separate clustering from treatment effect
estimates. In these methods, survival outcomes
cannot directly guide the choice of K, whereas it
is directly reflected in CSC’s performance.

Discovering subgroups. Table 1 summarises
the performance of the different methodologies
under the two studied scenarios. Recall that L
denotes the number of treatment response sub-
groups, while in CMHE, the additional parameter
M describes the number of survival clusters.

CSC outperforms all CMHE alternatives,
the current state-of-the-art method. CMHE’s
parametrisation and assumptions explain this dif-
ference. Criticallyy, CMHE assumes (i) propor-
tional hazards and (ii) a linear impact of treat-
ment on log hazards. Neither of these two as-
sumptions is likely to hold in real-world settings
as mimicked by our synthetic data. In contrast,
our approach does not constrain the treatment
effect due to its flexible modelling of the survival
function under both treatment regimes. Increas-
ing the number of subgroups, as shown in M = L,
improves the performance of CMHE in terms of
clustering quality (Rand-Index) and the recovery
of the underlying treatment effect (lower TAE),
but still is inferior compared to our proposed
methods. These experiments highlight the advan-
tage of the proposed CSC method in uncovering
subgroups of treatment responses due to the flexi-
bility in modelling complex survival distributions
under both treatment regimes.

CSC presents the best performance in identify-
ing the underlying subgroup. Our proposed CSC
method outperforms all approaches on the Rand-
Index. In particular, the two-step approaches do
not identify the underlying subgroups when co-
variates and outcomes subgroups are unaligned.
KMeans+TE identifies subgroups that are inde-
pendent of treatment subgroups, as shown by the
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IAE (tmaz)
Model Rand-Index Ee—1 k—9 L—3
csc 0.807 (0.055) | 0.037 (0.008) 0.023 (0.008) 0.015 (0.003)
2 | CSC Unadjusted || 0.802 (0.050) | 0.039 (0.011) 0.021 (0.009) 0.014 (0.003)
Z| CMHE (L=3) | 0392 (0.034) | 0.164 (0.009) 0.077 (0.004) 0.070 (0.005)
5| OMHE (M =3) || 0.255 (0.159) - 0.084 (0.005) -
E| CMHE (M =1L) | 0.345 (0.104) | 0.243 (0.042) - -
&| KMeans + TE || 0.000 (0.002) | 0.210 (0.011) 0.091 (0.007)  0.142 (0.016)
Virtual Twins || 0.578 (0.081) | 0.022 (0.006) 0.032 (0.011)  0.025 (0.010)
B csc 0.797 (0.043) | 0.042 (0.011) 0.051 (0.026)  0.022 (0.004)
S | CSC Unadjusted || 0.742 (0.073) | 0.047 (0.019) 0.030 (0.029) 0.020 (0.003)
2| CMHE (L=3) | 0.385(0.022) | 0.169 (0.012) 0.078 (0.005) 0.075 (0.008)
§| COMHE (M =3) | 0.190 (0.127) | 0.192 (0.010) - 0.140 (0.009)
8| CMHE (M =1L) || 0.454 (0.068) | 0.210 (0.013) 0.095 (0.020)  0.188 (0.014)
5| KMeans + TE || 0.001 (0.004) | 0.192 (0.016) 0.090 (0.019) ~0.147 (0.016)
Virtual Twins || 0.438 (0.139) | 0.050 (0.039) 0.034 (0.033)  0.051 (0.033)

Table 1: 5-fold cross-validated performance averaged (with standard deviation in parentheses) under
the Randomised and Observational treatment simulation. Best performance per column
and simulation scenario is marked in bold, second best in dtalic. -’ describes when the
methodology diverges. OQur proposed CSC method best recovers the underlying treatment

responses in the observational setting.

Rand-Index and the large IAE. The Virtual Twins
approach presents a better capacity to identify the
clusters of interest with better Rand-Index and
TAE. However, the two-step approach hurts sub-
group identification due to the disconnect between
the clustering and input covariates. This discon-
nect leads to a significantly lower Rand-Index in
comparison to CSC despite accurate treatment
effect estimates.

Treatment assignment correction improves sub-
group identification in observational settings. The
Observational simulation demonstrates the im-
portance of correcting the likelihood under treat-
ment non-randomisation. The two CSC alter-
natives present comparable performance in the
randomised setting, as theoretically expected, due
to a constant w; in this context. However, CSC
better recovers the different groups as shown by
the Rand-Index in the Observational setting.

4. Case study: Analysis of adjuvant
radiotherapy responses

To illustrate how practitioners can use the pro-
posed methodology to identify subgroups of treat-
ment response in real-world observational data,
we investigate how breast cancer patients respond
differently to adjuvant radiotherapy using data
from the Surveillance, Epidemiology, and End Re-

sults program (SEER). Following Lee et al. (2018);
Danks and Yau (2022); Jeanselme et al. (2023),
our analysis focuses on women who died from
the condition or from cardiovascular diseases. To
study the impact of adjuvant radiotherapy on sur-
vival outcomes after chemotherapy, we subselect
patients with recorded chemotherapy. These crite-
ria led to the selection of 239,855 women with 22
covariates measured at diagnosis, such as diagno-
sis year, grades, ethnicity, laterality, tumour size,
and type (see Danks and Yau (2022) for further
description).

Step 1: Select K. From this population, our
aim is to identify heterogeneous responses to ad-
juvant treatment. The first challenge is selecting
the number of groups to use (K). We advise
following medical actionability and considering
the change in treatment effects and size of the
subgroups when increasing this parameter. In
the absence of experts’ insights, one may rely on
the previously described elbow rule heuristic over
lp. Using Figure 7 in the Appendix, the negative
log-likelihood presents an elbow for K = 2.

Step 2: Identify subgroups. Once K is se-
lected, one may use CSC to identify groups of
patients who may benefit from adjuvant radio-
therapy. This problem is central to patients’ man-
agement, as no evidence-based guidelines for ad-
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RMST at 5 years Population % Treated % || Distant Lymph Nodes HER2 Positive ER Positive
Subgroup 0 0.01 (0.00) 94.6% 55.6% 1.2 (5.90) 17.5% 46.5%
Subgroup 1 0.84 (0.11) 5.4% 45.1% 20.5 (15.56) 23.4% 50.4%

Table 2: Causal Survival Clustering subgroups’ characteristics in the SEER cohort described through

percentage / mean (std).

juvant therapy exist Lazzari et al. (2023), making
this setting more likely to meet the positivity as-
sumption (Asmp. 4), which is necessary to study
causality in observational data.

0.25
Clusters

=
< — 0
=

1

0 2 4 6 8
Time (in years)

Figure 5: Averaged treatment effect subgroups
across H-fold cross-validation observed
in the SEER dataset with the shaded
areas representing 95% CI.

Figure 5 presents the identified treatment ef-
fect subgroups, and Table 2 summarises the mean
covariates across the identified subgroups and the
life expectancy gain when using adjuvant radi-
ation, measured through the Restricted Mean
Survival Time (RMST) (Royston and Parmar,
2013). The proposed methodology identifies two
groups: one with limited treatment response and
one characterised by larger HER2 prevalence and
higher distant lymph node count, with a positive
treatment response, gaining more than half a year
of life expectancy over the five years following
diagnosis. See App. D for the analysis of the
treatment subgroups identified using the other
baselines.

Step 3: Validate. The proposed analysis iden-
tifies a group that benefits from adjuvant radio-
therapy. However, our methodology remains a
hypothesis-generating tool. An important next
step would be to develop clinical trials to vali-
date the identified subgroups, particularly due to
potential confounding factors such as hormonal
therapy (not available in this dataset), the tem-

poral nature of treatment, and the plurality of
treatment options. The quality of available co-
variates limits this analysis and serves only as an
example for medical practitioners to identify sub-
groups of treatment responses from observational
data.

5. Conclusion

Understanding heterogeneity in treatment effect
is essential for guiding clinical practice and in-
forming the development of new treatments. Mo-
tivated primarily by the reliance of clinical guide-
lines on patient subgroups, this work introduces
a neural network-based framework for identifying
treatment-response subgroups in observational
time-to-event data. By leveraging large-scale ob-
servational datasets and survival analysis with
causal inference methods, our approach addresses
a key gap in the literature: it moves beyond aver-
age or individualised treatment-effect estimation
to reveal subgroups of treatment response.

Our empirical results on both synthetic and
real-world datasets demonstrate that the pro-
posed method successfully characterises latent
subgroups with divergent treatment effects. While
we acknowledge that our model relies on empir-
ically unverifiable assumptions, as is often the
case in causal inference, our focus on subgroup
detection for hypothesis generation mitigates this
concern. Indeed, such subgroup identification
serves as a starting point for more targeted RCTs,
where further validation can (i) confirm the het-
erogeneity in responses, (ii) explore alternative
treatment strategies in less responsive subgroups,
and (iil) shape evidence-based clinical guidelines.

In doing so, this work provides a flexible and
practical tool for designing future RCTs. By in-
forming both the selection of patient populations
most likely to benefit and avoiding treatments
with limited or harmful effects, our framework
offers a meaningful hypothesis-generating tool for
clinicians, policymakers, and researchers striving
to optimise patient care and resource allocation.



JEANSELME YOON FALCK ToM BARRETT

Acknowledgements

The authors acknowledge the partial support of
the UKRI Medical Research Council (programme
numbers MC_UU_00002/5 and MC_UU_00002/2
and theme number MC_UU_00040/02 — Precision
Medicine). VJ, CHY and FF acknowledge the
Enrichment Scheme of The Alan Turing Institute
under the EPSRC Grant EP/N510129/1. FF ac-
knowledges the receipt of studentship awards from
the Health Data Research UK-The Alan Turing
Institute Wellcome PhD Programme (Grant Ref:
218529/7/19/7).

References

Shengli An, Peter Zhang, and Hong-Bin Fang.
Subgroup identification in survival outcome
data based on concordance probability mea-
surement. Mathematics, 11(13):2855, 2023.

Susan Athey and Guido Imbens. Recursive par-
titioning for heterogeneous causal effects. Pro-
ceedings of the National Academy of Sciences,
113(27), 2016.

Susan Athey and Guido W Imbens. Machine
learning methods for estimating heterogeneous
causal effects. stat, 1050(5), 2015.

Peter C Austin and Elizabeth A Stuart. Moving
towards best practice when using inverse proba-
bility of treatment weighting (IPTW) using the
propensity score to estimate causal treatment
effects in observational studies. Statistics in
medicine, 34(28), 2015.

Heejung Bang and James M Robins. Doubly
robust estimation in missing data and causal
inference models. Biometrics, 61(4):962-973,
2005.

Kjell Benson and Arthur J Hartz. A comparison
of observational studies and randomized, con-
trolled trials. New England Journal of Medicine,
342(25), 2000.

Toana Bica, James Jordon, and Mihaela van der
Schaar. Estimating the effects of continuous-
valued interventions using generative adversar-
ial networks. Advances in Neural Information
Processing Systems, 33, 2020.

10

Toana Bica, Ahmed M Alaa, Craig Lambert, and
Mihaela Van Der Schaar. From real-world pa-
tient data to individualized treatment effects us-
ing machine learning: current and future meth-

ods to address underlying challenges. Clinical
Pharmacology & Therapeutics, 109(1), 2021.

Victor Chernozhukov, Mert Demirer, Esther Du-
flo, and Ivan Fernandez-Val. Generic machine
learning inference on heterogeneous treatment
effects in randomized experiments, with an ap-
plication to immunization in India. Technical
report, National Bureau of Economic Research,
2018.

Stephen R Cole and Miguel A Hernan. Construct-
ing inverse probability weights for marginal
structural models. American journal of epi-
demiology, 168(6):656-664, 2008.

David T Cook, Val J Gebski, and Anthony C
Keech. Subgroup analysis in clinical trials. Med-
ical Journal of Australia, 180(6), 2004.

Alicia Curth, Changhee Lee, and Mihaela van der
Schaar. Survite: Learning heterogeneous treat-
ment effects from time-to-event data. Advances
in Neural Information Processing Systems, 34,
2021.

Dominic Danks and Christopher Yau. Derivative-
based neural modelling of cumulative distribu-
tion functions for survival analysis. In Interna-
tional Conference on Artificial Intelligence and
Statistics, 2022.

Jared C Foster, Jeremy MG Taylor, and Stephen J
Ruberg. Subgroup identification from random-

ized clinical trial data. Statistics in medicine,
30(24), 2011.

Leo Guelman, Montserrat Guillén, and Ana M
Pérez-Marin. Uplift random forests. Cybernet-
ics and Systems, 46(3-4), 2015.

John A Hartigan and Manchek A Wong. Algo-
rithm as 136: A k-means clustering algorithm.
Journal of the royal statistical society. series c
(applied statistics), 28(1):100-108, 1979.

Miguel A Hernéan. How to estimate the effect of
treatment duration on survival outcomes using
observational data. BMJ, 360, 2018.



IDENTIFYING TREATMENT RESPONSE SUBGROUPSIN OBSERVATIONAL TIME-TO-EVENT DATA

Miguel A Hernédn and James M Robins. Causal
inference, 2010.

Miguel A Herndn and James M Robins. Using big
data to emulate a target trial when a random-
ized trial is not available. American journal of
epidemiology, 183(8), 2016.

Liangyuan Hu, Jiayi Ji, and Fan Li. Estimating
heterogeneous survival treatment effect in obser-
vational data using machine learning. Statistics
in medicine, 40(21), 2021.

Bypass Angioplasty Revascularization Investiga-
tion (BARI) Investigators. Comparison of coro-
nary bypass surgery with angioplasty in pa-
tients with multivessel disease. New England
Journal of Medicine, 335(4), 1996.

Vincent Jeanselme, Brian Tom, and Jessica
Barrett. Neural survival clustering: Non-
parametric mixture of neural networks for sur-
vival clustering. In Conference on Health, In-
ference, and Learning, 2022.

Vincent Jeanselme, Chang Ho Yoon, Brian Tom,
and Jessica Barrett. Neural Fine-Gray: Mono-
tonic neural networks for competing risks. In
Proceedings of the Conference on Health, Infer-
ence, and Learning, volume 209 of Proceedings

of Machine Learning Research. PMLR, 2023.

Beilin Jia, Donglin Zeng, Jason JZ Liao, Guang-
han F Liu, Xianming Tan, Guoqing Diao, and
Joseph G Ibrahim. Inferring latent heterogene-
ity using many feature variables supervised by
survival outcome. Statistics in medicine, 40
(13), 2021.

Fredrik Johansson, Uri Shalit, and David Sontag.
Learning representations for counterfactual in-
ference. In International conference on machine
learning, 2016.

Edward L Kaplan and Paul Meier. Nonparametric
estimation from incomplete observations. Jour-
nal of the American statistical association, 53
(282), 1958.

Jared L Katzman, Uri Shaham, Alexander
Cloninger, Jonathan Bates, Tingting Jiang, and
Yuval Kluger. Deepsurv: personalized treat-
ment recommender system using a Cox pro-
portional hazards deep neural network. BMC
medical research methodology, 18(1), 2018.

11

Diederik P. Kingma and Jimmy Ba. Adam: A
method for stochastic optimization. 3rd Inter-

national Conference on Learning Representa-
tions, ICLR 2015, 2015.

Grazia Lazzari, Angela Pia Solazzo, Ilaria Ben-
evento, Antonietta Montagna, Luciana Rago,
Giovanni Castaldo, and Giovanni Silvano. Cur-
rent trends and challenges in real-world breast
cancer adjuvant radiotherapy: A practical re-
view.: New trends in adjuvant radiotherapy in
be. Archives of Breast Cancer, 10(1), 2023.

Changhee Lee, William Zame, Jinsung Yoon, and
Mihaela van der Schaar. Deephit: A deep learn-
ing approach to survival analysis with compet-
ing risks. In Proceedings of the AAAI Con-
ference on Artificial Intelligence, volume 32,
2018.

Ilya Lipkovich and Alex Dmitrienko. Strategies
for identifying predictive biomarkers and sub-
groups with enhanced treatment effect in clini-
cal trials using sides. Journal of biopharmaceu-
tical statistics, 24(1), 2014.

Ilya Lipkovich, Alex Dmitrienko, Jonathan Denne,
and Gregory Enas. Subgroup identification
based on differential effect search—a recursive
partitioning method for establishing response to
treatment in patient subpopulations. Statistics
in medicine, 30(21), 2011.

Wei-Yin Loh, Xu He, and Michael Man. A re-
gression tree approach to identifying subgroups
with differential treatment effects. Statistics in
medicine, 34(11), 2015.

Christos Louizos, Uri Shalit, Joris M Mooij,
David Sontag, Richard Zemel, and Max Welling.
Causal effect inference with deep latent-variable
models. Advances in neural information pro-
cessing systems, 30, 2017.

James MacQueen et al. Some methods for classifi-
cation and analysis of multivariate observations.
In Proceedings of the fifth Berkeley symposium
on mathematical statistics and probability, vol-
ume 1, 1967.

Edward McFowland III, Sriram Somanchi, and
Daniel B Neill. Efficient discovery of heteroge-
neous quantile treatment effects in randomized
experiments via anomalous pattern detection.
arXw preprint arXiv:1803.09159, 2018.



JEANSELME YOON FALCK ToM BARRETT

Chirag Nagpal, Dennis Wei, Bhanukiran Vinza-
muri, Monica Shekhar, Sara E Berger, Subhro
Das, and Kush R Varshney. Interpretable sub-
group discovery in treatment effect estimation
with application to opioid prescribing guide-
lines. In Proceedings of the ACM Conference
on Health, Inference, and Learning, 2020.

Chirag Nagpal, Xinyu Li, and Artur Dubrawski.
Deep survival machines: Fully parametric sur-
vival regression and representation learning for
censored data with competing risks. IEEE Jour-
nal of Biomedical and Health Informatics, 25
(8), 2021a.

Chirag Nagpal, Steve Yadlowsky, Negar Ros-
tamzadeh, and Katherine Heller. Deep Cox
mixtures for survival regression. In Machine
Learning for Healthcare Conference, 2021b.

Chirag Nagpal, Mononito Goswami, Keith
Dufendach, and Artur Dubrawski. Counterfac-
tual phenotyping with censored time-to-events.
In Proceedings of the 28th ACM SIGKDD Con-
ference on Knowledge Discovery and Data Min-
ing, KDD ’22; 2022a.

Chirag Nagpal, Willa Potosnak, and Artur
Dubrawski. auton-survival: an open-source
package for regression, counterfactual estima-
tion, evaluation and phenotyping with censored
time-to-event data. In Proceedings of the 7th
Machine Learning for Healthcare Conference,
volume 182 of Proceedings of Machine Learning
Research. PMLR, 2022b.

Chirag Nagpal, Vedant Sanil, and Artur
Dubrawski. Recovering sparse and interpretable
subgroups with heterogeneous treatment effects
with censored time-to-event outcomes. Proceed-
ings of Machine Learning Research, 1, 2023.

Valentine Perrin, Nathan Noiry, Nicolas Loiseau,
and Alex Nowak. Subgroup analysis methods
for time-to-event outcomes in heterogeneous
randomized controlled trials. arXiv preprint
arXiv:2401.11842, 2024.

John H Pollard and Emil J Valkovics. The gom-
pertz distribution and its applications. Genus,
pages 15-28, 1992.

W Qi, Ameen Abu-Hanna, Thamar Eva Maria
van Esch, Derek de Beurs, Yuntao Liu, Linda E

12

Flinterman, and Martijn C Schut. Explaining
heterogeneity of individual treatment causal
effects by subgroup discovery: an observa-
tional case study in antibiotics treatment of
acute rhino-sinusitis. Artificial Intelligence in
Medicine, 116, 2021.

William M Rand. Objective criteria for the eval-
uation of clustering methods. Journal of the
American Statistical association, 66(336), 1971.

David Rindt, Robert Hu, David Steinsaltz, and
Dino Sejdinovic.  Survival regression with
proper scoring rules and monotonic neural net-
works. In International Conference on Artificial
Intelligence and Statistics, 2022.

James Robins. A new approach to causal inference
in mortality studies with a sustained exposure
period—application to control of the healthy
worker survivor effect. Mathematical modelling,

7(9-12), 1986.

James M Robins, Miguel Angel Hernan, and Ba-
bette Brumback. Marginal structural models
and causal inference in epidemiology, 2000.

Peter M Rothwell. Subgroup analysis in ran-
domised controlled trials: importance, indi-
cations, and interpretation. The Lancet, 365
(9454), 2005.

Patrick Royston and Mahesh KB Parmar. Re-
stricted mean survival time: an alternative to
the hazard ratio for the design and analysis
of randomized trials with a time-to-event out-
come. BMC medical research methodology, 13
(1), 2013.

Stephen J Ruberg, Lei Chen, and Yanping Wang.
The mean does not mean as much anymore:
finding sub-groups for tailored therapeutics.
Clinical trials, 7(5), 2010.

Pedro Sanchez, Jeremy P Voisey, Tian Xia, Han-
nah I Watson, Alison Q O’Neil, and Sotirios A
Tsaftaris. Causal machine learning for health-
care and precision medicine. Royal Society Open
Science, 9(8), 2022.

Uri Shalit, Fredrik D Johansson, and David Son-
tag. Estimating individual treatment effect:
generalization bounds and algorithms. In In-
ternational Conference on Machine Learning,
2017.



IDENTIFYING TREATMENT RESPONSE SUBGROUPSIN OBSERVATIONAL TIME-TO-EVENT DATA

Oleksandr Shchur, Marin Bilo§, and Stephan
Glinnemann. Intensity-free learning of tempo-
ral point processes. In International Conference
on Learning Representations, 2020.

Xiaogang Su, Chih-Ling Tsai, Hansheng Wang,
David M Nickerson, and Bogong Li. Subgroup
analysis via recursive partitioning. Journal of
Machine Learning Research, 10(2), 2009.

Robert L Thorndike. Who belongs in the family?
Psychometrika, 18(4), 1953.

Stefan Wager and Susan Athey. Estimation and
inference of heterogeneous treatment effects us-
ing random forests. Journal of the American
Statistical Association, 113(523), 2018.

Tong Wang and Cynthia Rudin. Causal rule sets
for identifying subgroups with enhanced treat-
ment effects. INFORMS Journal on Computing,
34(3), 2022.

Yizhe Xu, Nikolaos Ignatiadis, Erik Sverdrup,
Scott Fleming, Stefan Wager, and Nigam Shah.
Treatment heterogeneity with survival out-
comes. In Handbook of Matching and Weighting
Adjustments for Causal Inference. Chapman
and Hall/CRC, 2023.

Weijia Zhang, Thuc Duy Le, Lin Liu, Zhi-Hua
Zhou, and Jiuyong Li. Mining heterogeneous
causal effects for personalized cancer treatment.
Bioinformatics, 33(15), 2017.

Yao Zhang, Alexis Bellot, and Mihaela Schaar.
Learning overlapping representations for the
estimation of individualized treatment effects.
In International Conference on Artificial Intel-
ligence and Statistics, 2020.

Jie Zhu and Blanca Gallego. Targeted estimation
of heterogeneous treatment effect in observa-
tional survival analysis. Journal of Biomedical
Informatics, 107, 2020.

13



JEANSELME YOON FALCK ToM BARRETT

Appendix A. Related work

While survival subgrouping has been proposed through mixtures of distributions (Nagpal et al.,
2021a,b; Jeanselme et al., 2022) to identify different phenotypes of patients, the ML literature on
phenotyping treatment effects with time-to-event outcomes remains sparse. The current focus is on
estimating population or individual treatment effects in the static (Shalit et al., 2017; Johansson
et al., 2016; Zhang et al., 2020) and survival settings (Katzman et al., 2018; Curth et al., 2021).
While these approaches estimate ATE, CATE, or even ITE, they do not directly identify subgroups
that may benefit or be harmed by treatment. Identifying such groups aligns with, and is thus more
useful for, drafting medical guidelines that direct treatment to those subgroups most likely to benefit
from it.

Discovering intervenable subgroups is core to medical practice, particularly identifying subgroups
of treatment effect, as patients do not respond like the average (Bica et al., 2021; Ruberg et al., 2010;
Sanchez et al., 2022) and the average may conceal differential treatment responses. Identification of
subgroups has long been used to design RCTs. Indeed, subgroups identified a priori can then be
tested through trials (Cook et al., 2004; Rothwell, 2005). A posteriori analyses have gained traction
to uncover subgroups of patients from existing RCTs to understand the underlying variability of
responses.

The first set of subgroup analysis methodologies consists of a step-wise approach: (i) estimate the
ITE and (ii) uncover subgroups using a second model to explain the heterogeneity in ITE. Foster et al.
(2011); Qi et al. (2021) describe the virtual twins approach in which one models the outcome using a
decision tree for each treatment group. The difference between these decision trees results in the
estimated treatment effects. A final decision tree aims to explain these estimated treatment effects
to uncover subgroups. Similar approaches have been explored with different meta-learners (Xu et al.,
2023), or Bayesian additive models (Hu et al., 2021), or replacing the final step with a linear predictor
to uncover the feature influencing heterogeneity (Chernozhukov et al., 2018). However, Guelman et al.
(2015) discuss the drawbacks associated with these approaches. Notably, the two-step optimisation
may not lead to recovery of the underlying subgroups of treatment effects.

Tree-based approaches were proposed to address the limitations of step-wise approaches by jointly
discovering subgroups and modelling the treatment effect. Instead of traditional splits on the observed
outcomes, these causal trees aim to discover homogeneous splits regarding covariates and treatment
effects. Su et al. (2009) introduce a recursive population splitting based on the average difference
in treatment effect between splits. Athey and Imbens (2015, 2016) improve the confidence interval
estimation through the honest splitting criterion, which dissociates the splitting from the treatment
effect estimation. Wager and Athey (2018) agglomerate these causal trees into causal forests for
improved ITE estimation. Each obtained split in the decision tree delineates two subgroups of
treatment effect Lipkovich et al. (2011); Loh et al. (2015). Alternatively, McFowland IIT et al. (2018)
propose pattern detection and Wang and Rudin (2022), causal rule set learning to uncover these
subgroups. However, all these approaches rely on a local optimisation criterion (Lipkovich and
Dmitrienko, 2014) and greedy split exploration. Recently, Nagpal et al. (2020) addressed the local
optimisation by constraining the treatment response to a linear form in a mixture of Cox models. Our
work proposes to address these limitations through a joint optimisation, while avoiding parametric
treatment response and proportional hazard assumptions.

Previous approaches uncover subgroups of treatment effect but consider RC'T's with binary outcomes,
not the observational setting with survival outcomes that our work explores. At the intersection
with survival analysis, Zhang et al. (2017) extend causal trees to survival causal trees, modifying the
splitting criterion by measuring the difference in survival estimates between resulting leaves. Similarly,
Hu et al. (2021) propose Bayesian additive models and Zhu and Gallego (2020) propose a step-wise
approach with propensity weighting to study observational data. Closest to our work, (An et al., 2023;
Jia et al., 2021; Nagpal et al., 2023; Perrin et al., 2024) propose to uncover subgroups within RCTs
with survival outcomes. Perrin et al. (2024) compares different recursive and tree-based appraoches
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to perform this task in RCTs. An et al. (2023) introduces an expectation-maximisation approach to
jointly fit a logistic model for subgroup attribution and a Cox model for survival estimation. Jia
et al. (2021) propose a mixture of treatment effects characterised by Weibull distributions trained
in an expectation-maximisation framework. Similarly, Nagpal et al. (2023) stratify the population
into three groups: non-, positive- and negative responders to treatment. An iterative Monte Carlo
optimisation is used to uncover these subgroups, characterised by a Cox model with a multiplicative
treatment effect. As demonstrated in our work, this step-wise optimisation may be limiting, and the
assumption of RCT's renders the model less relevant in observational settings.

Appendix B. Proof

This section derives the conditional average treatment effect expression introduced in Sec. 2.

T(t,z) =E(1(Ty>2t)— 1Ty >t) | X =x)
E(L(Th >t) | X =2)—-E(1(Tp >t) | X =x)
P

(T'>t|A=1,X=2)-PT" >t|A=0,X =2z) (Under Asmp. 1 and 3)

Appendix C. Synthetic analysis
C.1. Data generation

We consider a synthetic population of N = 3,000 patients with 10 associated covariates X € R0
divided into K = 3 subgroups. The following data generation does not aim to mimic a particular
real-world setting but follows a similar approach to Nagpal et al. (2022a). The following describes
our generation process:

Covariates. FEach patient’s membership Z is drawn from a multinomial with equal probability.
Group membership informs the first two covariates through the parametrisation of the bivariate
normal distribution with centres ¢ equal to (0, 2.25), (—2.25, —1), and (2.25, —1). All other covariates
are drawn from standard normal distributions. Formally, this procedure is described as:

111
Z~Mult(1,|=,=, =
e (1 [5:5:5))
Xj2 | Z =k ~MVN(cy, I?)
1111
Y~Mult(l,|-,-, -, -
a (1[5 371])
X[S:IO] | Y=k~ MVN(C;W 18)
with MVN denoting a multivariate normal distribution, ¢} random cluster centres, and I", the

identity covariance matrix of dimension n. Note that we introduce Y to present a covariate structure
that is independent of the treatment responses.

Treatment response. For each subgroup, event times under treatment and control regimes are
drawn from Gompertz distributions, with parameters that are functions of group-specific coefficients
(B° and T'° for the event time when untreated and B! and I'' when treated) and the patient’s
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Figure 6: Sensitivity to the number of clusters used to train CSC. Lines in blue represent the cross-
validated average estimated treatment effect. Lines in grey correspond to the ground

truth.
covariates.
BY | Z =z ~MVN(0,1")
I'Y | Z =z ~MVN(0,1')
To| 2, X, BT = (2,2, 82,77)
~ Gompertz (wo(b’g, x), So (72, a:))
Bl | Z =2 ~ MVN(0, 1'%)
Il | Z=2~MVN(,I'")
Tl | ZaXa B;7Fi = (27‘7;75;77;)
~ Gompertz (w1 (BL, x),s1(71, z))
with wg, w; two functions parametrising the Gompertz distributions’ shape as wo (8, z) := |8[0]|+(x[5 :

10] - B[5 : 10])2, wi(B,z) := |B[0]| + (z[1 : 5] - B[1 : 5])2, and the shift parameter parametrised as
so(v,x) = |Y[0]] + [(x[1 : 5] - v[1 : 5])] and s1(v,x) = |¥[0]| + [(«[5 : 10] - [5 : 10])| where v][i]
described the " element of the vector v. These functions aim to introduce non-linear responses with
discrepancies between control and treatment regimes. Note that we allow covariates to influence the
survival distribution as a patient’s covariates influence Gompertz’s shapes and scales.

Treatment assignment. The non-randomisation of treatment is central to the problem of identi-
fying treatment subgroups in real-world studies. Assuming a treatment assignment probability of
50%, we assign each patient to a given treatment. We propose two treatment assignment strategies
reflecting an RCT and an observational setting, denoted as Randomised and Observational. Ran-
domised consists of a Bernoulli draw using the realisation of P. Observational reflects an assignment
dependent upon the observed covariates.

Arana ~ Bernoulli(0.5)

Aops | X = x ~ Bernoulli( Fp(x)(®(x)) x 0.5)
with Fg(x)(®(x)) the cumulative distribution function that returns the probability that a realisation

of a ®(X) will take a smaller value than ®(x). In our experiment, we chose ®(x) = > 22 for a
non-linear treatment assignment.
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Censoring. Finally, our work focuses on right-censored data. To generate censoring independent
of the treatment and event, we draw censoring from another Gompertz distribution as follows:

B ~ MVN(0, I°)
C| X,B% = (z,8) ~ Gompertz (w.(8, z), 0)
T'=A-Ti+(1-A)-Tp
T = min(C,T")
D=1(C>T)

with w, := (z[5 : 10] - )2, the scale of the censoring Gompertz distribution.

Our goal is to model the treatment effect and identify the underlying subgroup structure Z from
the observed X,T,D, A with T | A = a,Ty,T1,C = to,t1,¢ := min(c, (1 —a) X tp + a x t;) and
D =1c¢>r.

C.2. Training and hyperparameter optimisation

Training. We perform a 5-fold cross-validation for both Randomised and Observational simulations.
For each cross-validation split, the development set is divided into three parts: 80% for training, 10%
for early stopping, and 10% for hyper-parameter search. All models were optimised for 1000 epochs
using an Adam optimiser (Kingma and Ba, 2015) with early stopping.

Hyperparameter optimisation. We adopted a 500-iteration random grid-search over the
following hyperparameters: network depth between 0 and 3 inner layers with 50 nodes, latent
subgroup representation in [10, 25, 50] and for training, a learning rate of 0.001 or 0.0001 with batch
size of 100 or 250.

The same set of parameters, when appropriate, was used for CMHE. Tree-based approach to
estimate treatment effect had a depth limited to: 3, 5 or unconstrained, and the minimum sample
split was chosen between 6, 12 or 24.

C.3. Sensitivity to choice of K

In Sec. 3, we describe how the proposed methodology presents an elbow in the likelihood as a
function of the number of clusters around the underlying number of clusters K = 3. While this
outcome-guided selection of the number of clusters is a core strength of the proposed methodology in
comparison to existing strategies, we explore how the identified treatment effects change under a
misspecified model that estimates 2 and 4 clusters. This analysis examines the risk associated with
misspecifying the number of clusters.

IAEk(tmam)
Model H Rand-Index ‘ k1 k9 k=3
CSC 0.797 (0.043) | 0.042 (0.011) 0.051 (0.026) 0.022 (0.004)

w0

2| CSC Unadjusted || 0.742 (0.073) | 0.047 (0.019) 0.030 (0.029) 0.020 (0.003)
CSC Linear || 0.819 (0.041) | 0.047 (0.015) 0.031 (0.022) 0.022 (0.003)

Table 3: Cross-validated performance (with standard deviation in parentheses).

Figure 6 illustrates the cross-validated subgroup treatment effects when the model is trained with
K = 2,3, and 4 clusters, despite the existence of 3 clusters. When using a number of clusters different
from that indicated by the elbow heuristic, the identified clusters are less stable, as they do not
capture the true underlying treatment responses, as shown by the increased standard deviation.
Uncertainty increases with misspecified models, providing an additional tool to select the appropriate
number of clusters: the stability of the estimated clusters over cross-validation indicates a better
alignment with the underlying distribution.
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IAEk(tmaa:)

Model Rand-Index b1 b — 9 k=3
CSC 0.643 (0.067) | 0.060 (0.016) 0.021 (0.007) 0.070 (0.013)
2 CSC Unadjusted || 0.643 (0.071) | 0.064 (0.013) 0.018 (0.008) 0.060 (0.010)
2 CMHE (L = 3) 0.589 (0.019) | 0.179 (0.011) 0.096 (0.008) 0.086 (0.004)
5 CMHE (M = 3) 0.072 (0.051) | 0.208 (0.004) 0.211 (0.027) 0.122 (0.011)
= CMHE (M = L) 0.471 (0.022) | 0.241 (0.011) 0.264 (0.016) 0.173 (0.010)
~ KMeans + TE 0.336 (0.010) | 0.078 (0.008) 0.029 (0.007) 0.237 (0.017)
Virtual Twins 0.541 (0.163) | 0.033 (0.025) 0.052 (0.018) 0.087 (0.051)
CSC 0.788 (0.113) | 0.040 (0.017) 0.041 (0.017) 0.086 (0.043)
Té CSC Unadjusted || 0.626 (0.170) | 0.080 (0.015) 0.031 (0.009) 0.095 (0.049)
;% CMHE (L = 3) 0.611 (0.022) | 0.179 (0.014) 0.103 (0.005) 0.089 (0.005)
g CMHE (M = 3) 0.084 (0.034) | 0.211 (0.007) 0.209 (0.011) 0.127 (0.009)
;1 CMHE (M =1L) 0.462 (0.062) | 0.252 (0.012) 0.286 (0.008) 0.096 (0.010)
8 KMeans + TE 0.341 (0.020) | 0.045 (0.009) 0.043 (0.009) 0.275 (0.017)
Virtual Twins 0.534 (0.166) | 0.040 (0.015) 0.051 (0.024) 0.084 (0.035)

Table 4: Cross-validated performance (with standard deviation in parentheses) when clusters are of
different sizes.

C.4. Linear modelling

While the flexibility of neural networks allows flexibility of the survival distribution, one could
consider more interpretable assignment G and treatment W components than the neural network
approach proposed in the main text. This section explores the recovery of treatment effects and
subgroups when using linear regressions, i.e. no hidden layers in a neural network, instead of the
previous neural networks.

Table 3 summarises the results presented in the main paper with the additional linear alternative
in which both the treatment and assignment networks are replaced by a linear model, referred as
CSC Linear. These results demonstrate that enforcing a linear relation between covariates and
the different quantities of interest can reduce the risk of overfitting in small datasets, as shown by
the improved Rand-Index. Note that under a larger dataset or a more complex relation between
covariates, group membership, and treatment, one should consider more flexible modelling, such as
the proposed neural approach.

C.5. Alternative data generations

In this section, we explore alternative data-generative processes to demonstrate the robustness of the
proposed strategy under different settings.

C.5.1. UNEQUAL CLUSTER SIZE

Sec. C.1 presents an equally distributed population over the different clusters. In medical settings,
the underlying subgroups may differ in size. This section explores an alternative scenario in which
the population is distributed over the three clusters as follows: 62.5%, 25%, and 12.5%.

Table 4 summarises the performance in this simulation, echoing the main text’s conclusions. The
proposed method best recovers the different subgroups and presents one of the best estimates of
subgroups’ treatment effects.
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C.5.2. NUMBER OF POINTS

Sec. C.1 describes a data generation with 3,000 patients. This section presents results for 300 and
30,000 patients. A smaller number of patients may impact the neural network capacity to identify
underlying subgroups of treatment effect. A larger number makes non-randomisation less of a concern.

TAEk (tmaz)

Model Rand-Index k=1 k=2 k=3
CSC 0.310 (0.187) | 0.236 (0.103) 0.110 (0.033) 0.149 (0.106)
CSC Unadjusted || 0.443 (0.285) | 0.176 (0.098) 0.087 (0.046) 0.132 (0.112)
CMHE (L = 3) 0.113 (0.100) | 0.296 (0.040) 0.137 (0.042) 0.188 (0.080)
% CMHE (M = 3) 0.131 (0.067) - - 0.254 (0.022)
CMHE (M =1L) 0.079 (0.119) | 0.359 (0.068) 0.182 (0.089) 0.240 (0.058)
KMeans + TE 0.050 (0.110) | 0.251 (0.072) 0.154 (0.065) 0.267 (0.049)
Virtual Twins 0.296 (0.115) | 0.159 (0.072) 0.172 (0.067) 0.101 (0.043)
CScC 0.764 (0.015) | 0.027 (0.008) 0.011 (0.001) 0.047 (0.008)
CSC Unadjusted || 0.729 (0.022) | 0.033 (0.008) 0.010 (0.003) 0.039 (0.009)
= CMHE (L = 3) 0.567 (0.159) | 0.094 (0.011) 0.059 (0.018) 0.142 (0.034)
S | CMHE (M =3) 0.622 (0.040) | 0.078 (0.001) 0.125 (0.003) 0.226 (0.003)
8| CMHE (M =1L) 0.638 (0.008) | 0.059 (0.001) 0.220 (0.007) 0.140 (0.007)
KMeans + TE 0.000 (0.000) | 0.087 (0.004) 0.147 (0.008) 0.208 (0.004)
Virtual Twins 0.650 (0.030) | 0.011 (0.003) 0.009 (0.000) 0.010 (0.004)

Table 5: Cross-validated performance (with standard deviation in parentheses) with varying N under

an observational treatment setting.

Table 5 presents the performance with these different population sizes under an observational
treatment assignment. A first observation is that all methodologies present better performance with
a larger number of points. Further, baselines that do not account for the assignment mechanisms
present lower performance with NV = 300 as non-randomisation has an increased impact on treatment
effect estimates with a smaller population. This difference decreases when N = 30,000 with the
virtual twins approach presenting the best recovery of the treatment effects. However, throughout
the different settings, the proposed CSC presents the best Rand-Index, indicating a good recovery of
the underlying structure.

C.5.3. IMPACT OF TREATMENT RATE

Sec. C.1 assumes 50% of the population receives treatment. This section explores when 25% and
75% of the population receive treatment under the non-randomised treatment setting.

Table 6 presents the performance under these different treatment rates in an observational setting.
These results highlight CSC’s capacity to identify the underlying subgroups with the highest Rand-
Index and one of the best cluster treatment effect recovery in these settings.

C.5.4. ALIGNED COVARIATES AND TREATMENT EFFECT STRUCTURE

Sec. C.1 presents a data generation with the last 8 covariates having a clustered structure independent
of the treatment response. This section explores a setting where all clusters in the covariates are
associated with different treatment responses of interest. Specifically, we sample the last dimensions
from standard normal distributions instead of various clusters, i.e.,

X[3-10] ~ MVN(0, I®)
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Table 6: Cross-validated performance (with standard deviation in parentheses) with varying treatment

rates under observational settings.

IAEy (tmaz)
Model Rand-Index b1 b — 9 k=3

Ccsc 0.830 (0.047) | 0.051 (0.008) 0.023 (0.013) 0.020 (0.005)
CSC Unadjusted || 0.857 (0.033) | 0.045 (0.006) 0.030 (0.015) 0.015 (0.003)
_| CMHE (L=3) | 0.376 (0.028) | 0.168 (0.007) 0.077 (0.002) 0.073 (0.004)
| CMHE (M =3) | 0.134 (0.090) | 0.208 (0.028) 0.090 (0.015) 0.134 (0.030)

| CMHE (M =1L) | 0.410 (0.038) | 0.223 (0.011) - -
KMeans + TE || 0.001 (0.006) | 0.187 (0.005) 0.088 (0.014) 0.149 (0.011)
Virtual Twins || 0.527 (0.060) | 0.034 (0.012) 0.019 (0.005) 0.034 (0.012)
Ccsc 0.718 (0.198) | 0.061 (0.050) 0.057 (0.048) 0.023 (0.005)
CSC Unadjusted || 0.804 (0.045) | 0.037 (0.006) 0.023 (0.008) 0.025 (0.007)
_| COMHE (L=3) | 0.385(0.039) | 0.168 (0.007) 0.077 (0.002) 0.073 (0.004)
| CMHE (M =3) | 0.318 (0.140) | 0.208 (0.028) 0.090 (0.015) 0.134 (0.030)

| CMHE (M =L) | 0.410 (0.038) | 0.223 (0.011) - -
KMeans + TE || 0.001 (0.006) | 0.187 (0.005) 0.088 (0.014) 0.149 (0.011)
Virtual Twins || 0.527 (0.060) | 0.034 (0.012) 0.019 (0.005) 0.034 (0.012)

IAEk(tm(m)

Model Rand-Index k=1 ki — 2 k=3
CSC 0.559 (0.114) | 0.024 (0.009) 0.030 (0.017) 0.030 (0.006)
5 CSC Unadjusted || 0.481 (0.069) | 0.026 (0.005) 0.041 (0.026) 0.032 (0.009)
A CMHE (L =3) 0.425 (0.020) | 0.059 (0.004) 0.034 (0.025) 0.134 (0.012)
é CMHE (M =3) 0.165 (0.107) | 0.062 (0.004) 0.126 (0.175) 0.233 (0.179)
= CMHE (M =1L) 0.254 (0.138) | 0.074 (0.027) 0.052 (0.021) 0.149 (0.018)
~ KMeans + TE 0.888 (0.020) | 0.015 (0.007) 0.021 (0.007) 0.020 (0.003)
Virtual Twins 0.200 (0.090) | 0.035 (0.011) 0.065 (0.025) 0.057 (0.030)
CSC 0.584 (0.151) | 0.015 (0.007) 0.028 (0.024) 0.035 (0.003)
T‘g CSC Unadjusted || 0.556 (0.249) | 0.023 (0.008) 0.051 (0.025) 0.040 (0.006)
.g CMHE (L = 3) 0.392 (0.062) | 0.059 (0.008) 0.034 (0.019) 0.131 (0.015)
g CMHE (M = 3) 0.133 (0.027) | 0.059 (0.003) 0.051 (0.007) 0.153 (0.004)
§ CMHE (M = L) 0.293 (0.125) | 0.063 (0.012) 0.051 (0.017) 0.140 (0.011)
8 KMeans + TE 0.895 (0.021) | 0.013 (0.005) 0.042 (0.010) 0.020 (0.004)
Virtual Twins 0.226 (0.069) | 0.045 (0.024) 0.042 (0.031) 0.048 (0.011)

Table 7: Cross-validated performance (with standard deviation in parentheses) when all covariate
clusters present different treatment responses. This setting aligns with the assumptions
made by the step-wise approaches.

Table 7 summarises the performance in this setting, evidencing an improvement of the KMeans+TE
approach as this model makes this assumption. When covariates’ clusters are aligned with the outcome
of interest, this method recovers the clustering structure well, as shown by the best Rand-Index.

Even in this unrealistic scenario, our proposed method remains the second best in recovering the
underlying clustering structure and associated treatment responses. This observation reinforces the
main findings of our work, demonstrating the method’s potential to identify subgroups of treatment
effects across different and even adversarial settings.
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Appendix D. Additional results: Heterogeneity of adjuvant radiotherapy
responses in the Seer dataset

This section presents additional results on the heterogeneity of adjuvant radiotherapy responses in
the SEER dataset.

D.1. Selection of K

Using Figure 7, one can use the elbow rule on the negative log-likelihood. Following this heuristic,
our analysis uses K = 2 subgroups.

Negative Log Likelihood
o o o o
2 N NN
[ee] o N R

©
-
o

1 2 3 4 5 6
Number of clusters K

Figure 7: Cross-validated negative log-likelihood as a function of the number of groups (K).

D.2. Factors impacting subgroup membership

Distant lymph nodes
HER2 status H—
ER status IE——

9 Lymph nodes Hmmmmm————
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g Tumor extension ——

8 Positive lymph nodes mmmmm———=—

Grade mm—=—
Age m=-
Year of diagnosis ¥

0.00 0.05 0.10 0.15 0.20
Likelihood change

Figure 8: Causal Survival Clustering - Change in log-likelihood given random permutation of a given
covariate.

Using a permutation test, we identify the covariates that most impact the likelihood associated
with the proposed CSC model. Figure 8 displays the 10 covariates which most impact the likelihood,
and therefore are associated with the different treatment response subgroups. This proposed analysis
provides a tool to validate the model’s medical relevance by studying which covariates are associated
with outcomes.

D.3. Baselines’ identified subgroups

Our main analysis describes how to use the proposed methodology to study a medical application.
In this section, we analyse the groups one would identify with the previously described baselines.
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Figure 9: Averaged treatment effect subgroups across 5-fold cross-validation observed in the SEER
dataset with the shaded areas representing 95% CI.

Figure 9 displays the identified treatment effect subgroups using all considered baselines. For CMHE,
the number of subgroups K is selected through hyperparameter tuning, leading to K = 1 in every
fold. As previously mentioned, our proposed methodology presents two strengths that explain the
difference in the identified subgroups of treatment effects compared to CMHE. First, the survival
distribution under treatment is not constrained by the one under the control regime, resulting in more
flexible, non-proportional distributions. CMHE’s parametrisation, which characterises treatment
as a linear shift in the log hazard, results in a proportionality assumption between treated and
untreated distributions. Second, CMHE does not account for treatment non-randomisation in its
average treatment effect estimation, whereas our use of inverse propensity weighting corrects for
any observed ones. While both methodologies identify a group with limited response, our proposed
methodology distinguishes a second group with improved treatment response.

Additionally, the KMeans approach identifies clusters that resemble those found with CSC, though
the detected positive response is comparatively smaller. In contrast, the virtual twins method
identifies a subgroup that exhibits a larger treatment effect, while the majority shows a negative
response to treatment. Importantly, both methods broadly corroborate our findings. However, CSC
presents a key strength by jointly learning group membership and treatment effects, ensuring that
the covariates defining each subgroup are directly associated with the outcome — a property that
two-step approaches cannot guarantee.
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