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Abstract

Multi-state models are essential to repre-
sent realistic disease trajectories in oncol-
ogy, yet most existing survival and deep-
learning approaches either rely on restric-
tive Markov assumptions or fail to provide
subject-specific transition risks. We pro-
pose MSnet, a deep learning framework
for progressive semi-Markov multi-state
processes with right-censoring.  MSnet
models transition-specific cumulative risks
as functions of sojourn time using a multi-
task architecture that flexibly integrates
high-dimensional clinical and omics data.
Experiments on simulated data and two
real-world breast cancer cohorts show that
MSnet improves predictive performance
while yielding clinically interpretable tran-
sition dynamics, extending deep learning—
based survival analysis to more realistic,
patient-centered disease processes.
Keywords: Deep survival models, Semi-
Markov multi-state processes, Personalized
risk prediction, Precision oncology, Tran-
scriptomic data

Data and Code Availability All the clinical
datasets used in our study are publicly available
(METABRIC (Pereira et al., 2016), Breast In-
vasive Carcinoma TCGA PanCancer (Weinstein
et al., 2013), Rotterdam breast cancer (Royston
and Altman, 2013)). The code is not publicly
available.

Institutional Review Board (IRB) This re-
search was conducted using publicly available,
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pseudonymized and deidentified health data. As
such, no identifiable personal information was in-
volved, and ITRB approval was not required.

1. Introduction

Assessing patient prognosis is a key component
of clinical decision-making in oncology, enabling
the identification of individuals at high risk of
relapse or death. Survival analysis provides a
robust statistical foundation for modelling time-
to-event data (Klein and Moeschberger, 2006).
However, modern oncology increasingly requires
modelling sequential and competing events, call-
ing for a more flexible framework than single-
event survival models.

Multi-state processes address this need by rep-
resenting disease evolution as transitions be-
tween successive states (Hougaard, 1999; Put-
ter et al., 2006). They naturally encompass
widely used settings in oncology such as com-
peting risks (Kim, 2024; Schuster et al., 2020)
and illness—death models (Putter et al., 2006),
and they enable more granular descriptions of
disease trajectories that align with precision
medicine objectives (e.g. intermediate progres-
sion states Sopik et al. (2023)).

Classical multi-state inference is typically
based on transition-specific Cox proportional
hazards (P.H.) models (Cox, 1972; De Wreede
et al., 2010). While effective in low-dimensional
settings, these models rely on restrictive assump-
tions, including log-linear covariate effects, pro-
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portional hazards-P.H., and prior specification of
the interactions, and they do not scale well to
high-dimensional multimodal data.

A further limitation is the common reliance on
the Markov assumption, where transition risks
depend solely on the current state. In oncology,
however, the risk of progression or mortality is
strongly influenced by the time already spent in
a state (e.g., relapse-free duration, treatment ex-
posure). Relaxing this constraint through semi-
Markov modelling is therefore crucial to capture
clinically meaningful trajectory dynamics (Davi-
dov, 1999; Andersen et al., 2012; Meira-Machado
and Sestelo, 2019).

These challenges motivate the use of deep
learning (DL) and machine learning (ML) meth-
ods for multi-state survival modelling. DL mod-
els flexibly learn non-linear relationships and can
integrate high-dimensional multimodal represen-
tations from genomics, imaging, and electronic
health records while enabling subject-specific pre-
diction (Kourou et al., 2015; Qu et al., 2023;
Swanson et al., 2023; Zhang et al., 2023b,a;
Wiegrebe et al., 2024). While a few studies
have addressed more general multi-state pro-
cesses, they often rely on the restrictive Markov
assumption (Groha et al., 2020; Rahman and
Purushotham, 2023). This motivates the devel-
opment of DL-based methods for semi-Markov
multi-state survival modelling.

2. Related Work

Traditional ML survival models include the
LASSO-penalized Cox model (Tibshirani, 1997),
random survival forests (Ishwaran et al.,
2008), boosting-based approaches (Bithlmann
and Hothorn, 2007) and support vector ma-
chines (Khan and Zubek, 2008). However, these
models struggle with non-linear relationships and
high-dimensional multimodal inputs.

Competing risks. DL-based competing risks
models were introduced by Biganzoli et al.
(2006). DeepHit (Lee et al., 2018) and sub-
sequent extensions adopt event-specific sub-
networks to estimate cumulative incidence
functions, and are comprehensively reviewed
in Monterrubio-Gémez et al. (2024).

Illness—death models. IDNetwork (Cottin
et al., 2022) extends DeepHit to the three-state
illness—death setting under a semi-Markov as-

sumption, using transition-specific subnetworks
and piecewise-constant risk function modelling.

General  multi-state  models. SurvN-
ODE (Groha et al., 2020) pioneered DL-based
modelling for general multi-state processes
using neural ODEs, but it relies on the Markov
assumption  (preventing explicit modelling
of sojourn-time effects) and implies a high
computational time (Gholami et al., 2019).
MSPseudo (Rahman and Purushotham, 2023)
enables non-Markov estimation using pseudo-
values but does not directly model transition
risks, limiting subject-level prediction and
high-dimensional learning.

Despite these advances, no existing DL frame-
work jointly supports semi-Markov transition dy-
namics, subject-specific risk estimation, and mul-
timodal data integration under right-censoring,
and while remaining computationally feasible.
This represents a key gap in the current litera-
ture.

Contributions We introduce MSnet, a deep
learning algorithm for progressive semi-Markov
multi-state survival with right-censoring. Our
key contributions are:

1. Semi-Markov modelling. MSnet mod-
els transition risks as functions of both co-
variates and sojourn time, removing the
Markov restriction of SurvNODE (Groha
et al., 2020) and allowing realistic oncology
trajectories.

2. Individualised risk estimates. Un-
like MSPseudo (Rahman and Purushotham,
2023), MSnet directly outputs personalised
risks and event probabilities, enhancing in-
terpretability and clinical relevance.

3. Scalable multi-task architecture.
Transition-specific ~ subnetworks capture
complex non-linear effects without im-
posing Cox-type constraints, and readily
incorporate high-dimensional, multimodal
data.

4. Computational efficiency. On simula-
tions, MSnet outperforms the predictive per-
formance of competing methods while re-
maining computationally efficient.

5. Validation in precision oncology. In
a four-state breast-cancer application,MSnet
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not only improves predictive performance
but also capture clinically meaningful sig-
nals.

3. Methods

3.1. Background on multi-state processes
3.1.1. CLASSICAL FORMALISM

We consider a progressive multi-state model with
K +1 states. State 0 is the initial state and states
{1,---, K} represent the clinical events that a
patient can experience. Examples of multi-state
processes are displayed in Appendix A - Figure 1.

Formally, a multi-state process {E(t), 0 <t <
+o0} is a continuous-time stochastic process that
takes its values in {0,---, K} (Andersen et al.,
2012): E(t) = k indicates that the patient is
in state k at time ¢ (¢ > 0). We assume that
all subjects are in state 0 at time ¢t = 0 (i.e.,
P(E(0)=0)=1).

We consider in this paper only the case of pro-
gressive multi-state processes, whose sequence of
events is increasing (i.e., with irreversible tran-
sitions) (De Wreede et al., 2010). We note k
— [ the transition from state k to state [, for
(k,1) € {0,---, K}, and that is possible only if
k < I. Since we consider progressive multi-state
processes, the transition k — [ exists only if &k < [.
We note S = {(k,1)}, neqo,.- ,k}, ket the space
of possible transitions of the process E.

3.1.2. TRANSITION TIMES

The evolution of a multi-state process is implic-
itly characterized by the latent random variables
Ty associated with each transition k — [ (with
k < l,(k,1) € S for a progressive process) and
representing the transition time from state k to
state [. The law of these transition times is iden-
tifiable only under certain conditions for compet-
ing transitions (Tsiatis, 1975; Beyersmann et al.,
2009).

We counsider the times Ty, 0 < k < K —1 (ie.
K is an absorbing state), to be truly observable
and whose distribution law is identifiable. We
define T}, as the exit time from state k£ and denote
by Sk the space of possible arrival states from
state k, ie., S = {l}le{o,~--,K}, pey For k =
0,...,K —1, we define the exit time from a state

k as:
Ty = inf {E(t) > k} = min (Ti);es, -

Together we define Dy, € S which indicates the
state of arrival from of state k. If a state k*
(k* € 1,--- ,K —1) is an absorbing state, then
Ty« = 400 and Dy« is not defined, e.g. Tx =
+o00. We also get T, = +o0o in cases where a
state k is not visited by an individual.

We introduce C' a positive and continuous ran-
dom variable of (right-)censoring that prevents
the observation of T} (i.e., so that the process E
is observed only on the set {t < C},. ). We de-
fine the exit time of the actually observed state
k as

Ty = min (T, C).

Together with these event times, we observe a
vector of covariates X and we assume C' 1L Ty |X.
T}, is jointly observed with the binary label

6kl = ]l{Dk = l7Tk < C}

that indicates the status of the transition (dg =
1 indicates the observation of a transition from
state k to [, dx; = 0 indicates a censoring).
Together with these event times, we observe a
vector of covariates X and we assume C' 1l Ty | X.

3.1.3. TRANSITION INTENSITIES

A multi-state process is conventionally associated
with a set of transition intensities, or transition-
specific hazard functions, noted ag, k <
l,(k,1) € S. Fort >0,

P(Et+dt)=1l| Et) =k X
akl(t|X)=cllgm0 ( (¢ + dt) dt| ®) ! )
—

represents the instantaneous risk of transitioning
to state [ at time ¢ + dt, dt — 0, conditionally
on being in state k at time ¢— (Hougaard, 1999;
Andersen and Perme, 2008). We also define their
cumulative counterparts as:

Akl(t|X) = /Ot Ozkl(s|X)dS. (1)

3.1.4. LOG-LIKELIHOOD

The log-likelihood of a multi-state process, on a
time window [0, 7], and conditionally on the set
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of covariates X, is traditionally defined as (Ja-
cod and Memin, 1976; Hougaard, 1999; Andersen
et al., 2012):

log £ = Z [P+ Py,
(k.1)eS

with
Pft = 6y log (akl(Tk|X)) ,

Pyl = —/OT ap (X)) Y (1) 1{C < t}dt, (2)

and where Y = (Yp,...,Yk) is defined, for ¢ > 0
and k € {0,--- , K}, as Yy (¢t) = 1{E (t—) = k}.

3.2. MSnet
3.2.1. OUR THEORETICAL FORMALISM

New notations In the previous section we de-
fined the general framework of Markovian multi-
state processes. For the semi-Markovian case, we
introduce a new notation Zx, 0 < k < K, defined
as the entry time into a state k with Zy = 0 and,
for1 <k <K,

Zy = min{E(t) = k},

so that Ty — Zj is the sojourn time in state k.
We get Z; = 400 in cases where a state k is not
visited.

Because of right-censoring that prevents the
observation of Zj, we define the entry time of
the actually observed state k as

Zk = min (Zk, C)

and we assume C 1L Z;|X. Z, is jointly observed
with the binary label éz,, with dz, = 1 and, for
1<k<K,

0z, =18 dgr > 1

q<k

(0z, = 1 indicates an observed entry in state k).

Quantities of interest Following the ap-
proach proposed in Cottin et al. (2022), the semi-
Markovian assumption involves changes in the
definitions of the densities and in the likelihood
by considering event the duration spent in the

state instead of event times (Hougaard, 1999; Eu-
lenburg et al., 2015; Meira-Machado and Sestelo,
2019; Saint Pierre, 2021). For a transition k —
I (k<1 (k1) €08), the density function is then
written conditionally on Zx, and such that:

. Pt <Ty— 2, <t+dt, Dy =1|Zy)
ful®) = i, i |

We define the cumulative incidence function
(CIF) for a transition k — [ as follows

Fu(t) =P(Ty — Zr < t, Dy, = 1| Zy),

and the cumulative distribution function of T}, as
follows

Fy(t) = Z Fr(t). (3)

leSk

We use piecewise constant (PC) proposals for
the density functions, dividing the time axis into
J disjoint intervals up to a finite time hori-
zon 7. These intervals are defined as v; =
[ap,a1), -+, vy = [aj—1,ay), where ag = 0 and
ay = 7. Thus, for any ¢ € [0,7),

J
fr(t) = Zflflg X ]l{t S Uj}.
=1

For ¢ € [0, 7[, the CIFs are rewritten as piecewise
linear functions as, for j(t) the interval j so that
t € v;, |vj| = a; — a;_1 the length of interval j
and |Uj(t)| =1 — Aj(t)—15

j(t)-1
Flflc (t) = Z |vj1 flfl(; + v f}flg‘(t)- (4)

j=1

Log-likelihood The PC assumption simplifies
log-likelihood optimisation.  As compared to
continuous-time (that need the Cox partial like-
lihood (Cox, 1972) and computationally inten-
sive stochastic-gradient schemes (Kvamme et al.,
2019; Achab et al., 2015)) or discrete-time mod-
els (that suffer from approximation error because
they ignore the exact exposure time within each
interval), the PC approach retains the subject’s
actual time-at-risk inside intervals (eliminating
the discretisation bias) while preserving the com-
putational efficiency of a discrete formulation.
We rewrite the log-likelihood of Equation (2)
with these PC proposals and in terms of the time-
homogeneous semi-Markvov property so that, for
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1 = 1{k is not an absorbing state},

K—-1

> 1k x 0z, (QF + Q)

k=0

10g E{\I/ISnet —
with, for ]lzj = ]l{(Tk — Zk) € vj},

Qk 721% X Z5kl10g fH5(X)),

leSk

Qb —(1— > o) x log (1- Y

LSk

See Appendix C for a formal proof.

3.2.2. ARCHITECTURE

The architecture of MSnet, presented in Ap-
pendix B - Figure 2, is composed of a set of fully-
connected neural networks: a first subnetwork
shared by all transitions belonging to S, then,
as many specific subnetworks as there are transi-
tions, and finally K state-specific output layers.

The input layer of MSnet is composed of the
covariate matrix X. We note z the output of the
shared-subnetwork, taking as input the matrix
X, and defined as

7 — ginput (X)
with ¢'™P"* 3 non-linear activation function. We

define
Y = gkl (2)

the output of the subnetwork associated with the
transition k — [, taking as input z, with ¢* a
non-linear activation function. We define ¢y, a
transformation of the output of the specific sub-
network associated with the transition k — [, tak-
ing as input yg;, and defined as

linear (

=g }’kl)

with ¢'"ea" a linear activation function defined
such that
glincar RnXLM RnX(J+1)
Yo = g7 (Y) = dr

with L*! the number of neurons of the last hid-
den layer of the subnetwork associated with tran-
sition k — [.

The output layer k& (k = 0,--- , K — 1) takes
as input the set {¢xi},cg, and outputs fi, the

(Ty — Zk|X)>.

piecewise-constant density functions associated
with the transitions from state k,

T
o= ({fu}ies,) =
eRnx(J-i—l)_ o

here fu = { 15 (X) }
where fy; Jris (X) P
is a weighted softmaz function applied on the set
{ori}icq, such that:

ok (({G%z}lesk)T) . (6)

PC_( €Xp {qbf;l(X)}
R e e )

X) =

with (;Sil the column j of the matrix ¢y; defined
previously.

In the equations defined above, we define an
additional time interval vy = |1, +00). In fact,
in clinical settings, a patient could leave a state
after the interval v; (the horizon window 7), with
the consequence that:

> [ utex) - S SO0 oy < 1.
€Sy €Sy j=1
‘We can however write
ZZ kl,] X [v;| +1 = F{C(r|X) = 1.

leSy j=1

The trick is then to consider an additional
time interval vy verifying 1 — FF¢(r]X) =
> les, f,fl,CJH(X). See Kvamme and Borgan
(2021); Cottin et al. (2022) for similar remarks.

3.2.3. INTERVAL CUTPOINTS

We considered two strategies for placing the in-
terval cut-points in the output layer. The sim-
plest option is to use J equally spaced cutpoints,
yielding uniform intervals of identical length. Al-
ternatively, we can let the data dictate the cut-
points by exploiting the empirical distribution
of transition times from each state. In this
case we estimate the J quantiles of the marginal
sojourn-time distribution for a given state us-
ing the non-parametric Aalen—Johansen estima-
tor (Aalen and Johansen, 1978), which results in
state-specific intervals.
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3.2.4. LOSS FUNCTION

The loss function of MSnet is defined as

1
gMSnct = _; IOg ‘C‘l\]/lfil% + Py

where log £}32¢" is the generalized log-likelihood
defined in Equation (5) evaluated on J + 1 time
intervals.

P, is a penalty term inspired by the fused-
LASSO penalisation (Tibshirani et al., 2005) and
aims at stabilising the output-layer parameters
when the number of intervals J is misspecified
(too large J leading to over-fitting). For a given
transition k —> I, the output layer contains s
neurons; let ws ; and bkl denote respectively the
weight and bias assomated with node s and inter-
val v; (j =1,...,J). We penalise the first-order
differences between consecutive intervals:

_ .kl ql
Awff_j = w5$]~+1 Wy ]7 Abkl = bj+1 — bj .

The fused-Lasso penalty therefore reads

=y (WZZ A

(k,1)es s=1j=1

—I—/\b

)

with A% > 0 and A}' > 0 transition-specific
regularisation constants. When A\ — oo (resp.
At — 00) all weight (resp. bias) differences are
forced to zero, yielding piecewise-constant pa-
rameters across the time intervals. This encour-
ages smooth, parsimonious densities while still
allowing the model to adapt to abrupt changes
when supported by the data.

J
A kl
‘ b

=1

3.2.5. PREDICTIONS

From the output of MSnet (i.e. the step func-
tions fklj( ) for (k,l) e Sand j=1,---,J+1),
the CIF for a transition k — [, noted F,flc(t\Xi),
€ ]O,T], is computed following Equation (4).
The cumulative distribution function related to
state k, noted FC(t|X;), is computed follow-
ing Equation (3). For computing the cumulative
transition intensities defined in Equation (1), see
the equivalence formula given in Appendix D.

4. Experiments
4.1. Data

We conducted experiments on two real-world
datasets and on a set of simulated datasets. .

4.1.1. REAL-WORLD DATASETS

Rotterdam (Royston and Altman, 2013)
This dataset includes 2,982 patients with primary
breast cancer. We modeled disease progression
using an illness—death process (initial state, re-
lapse, death). The dataset comprises clinical,
histopathological, and molecular covariates.

METABRIC (Pereira et al., 2016) We se-
lected 1,903 breast cancer patients and modeled
disease progression using the four-state (initial
state, local relapse, distant relapse, death) pro-
cess illustrated in Figure 4. The dataset con-
tains clinical, histopathological, molecular, and
gene expression features. Following a univariate
gene-screening approach inspired by Cottin et al.
(2022), we selected 1,419 cancer-related genes.
Two models were then constructed: Mg : incor-
porating clinical, histopathological, and molecu-
lar features; M1419: extending My with the 1,419
selected genes.

Further details on these datasets are provided
in Appendix F.

4.1.2. SIMULATED DATASETS

We generated the five following semi-Markov
simulation datasets to evaluate the proposed
methodology: (S1) a non-linear survival model
(see illustration in Figure 1.a) ; (S2) a non-linear
four-state model (see illustration in Figure 1.d)
; (S3) a high-dimensional non-linear four-state
model ; (S4) a linear four-state model ; (S5) a
non-linear non-P.H illness—death model (see il-
lustration in Figure 1.c). For each dataset, we
simulated n = 5000 observations and we consider
each reversible transition of the process.

See details on the simulations in Appendix E.

4.2. Evaluation setting

Metrics To evaluate the predictive perfor-
mance and benchmark MSnet, we considered
time-dependent discrimination (AUC, Uno et al.
(2007)) and calibration (Brier score, BS, Gerds
and Schumacher (2006)) for each transition at
time ¢ € [0, 7]. We computed these metrics using
inverse probability of censoring weighted (IPCW)
estimators (Blanche et al., 2013) (see Appendix G
for the exact definitions). Time-dependent mea-
sures were summarized using the integrated AUC
(IAUC, higher the better) and integrated Brier
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score (iBS, lower the better) over a fixed time
horizon.

Evaluation was performed via cross-validation,
with Monte Carlo median-based estimators ob-
tained by randomly splitting each dataset M =
20 times (see Appendix H and Figure 6).

Competing methods We compared MSnet
against the following multi-state models:
msCox (De Wreede et al., 2010) (a multi-
state Cox P.H. model implemented in the R
library mstate) and SurvNODE Groha et al.
(2020) (a neural network approach assuming
a Markov property). For both methods, CIFs
were computed from the hazard functions us-
ing the equivalence formula in Appendix D -
Equation (8).

For simulation (S1) (non-linear survival), we
additionally evaluated DeepHit and Random
Survival Forests (RSF).

Hyperparameters for each method were opti-
mized via random search (Bergstra and Bengio,
2012) (see Appendix I for details).

Clinical interpretability We performed a
clinical interpretation of MSnet on the Mgy model
trained on the METABRIC cohort. To quantify
feature contributions in this deep-learning multi-
state setting, we applied the interpretability al-
gorithm MS-CPFI introduced by Cottin et al.
(2024). The resulting importance scores were
then examined in the context of the breast-cancer
literature.

Clinical decision support To illustrate how
the predicted transition cumulative incidence
functions of MSnet could support downstream
clinical decisions, we derived risk groups based on
the predicted probability of the event at a clini-
cally relevant time horizon. Patients were strat-
ified into three categories (low-, intermediate-,
and high-risk) according to predefined thresholds
of the predicted risk. Kaplan—Meier curves were
then estimated for each risk group to assess the
separation in observed outcomes. This analysis
was performed specifically on the ”relapse” tran-
sition (i.e., 0 — 1) within the Rotterdam cohort.

4.3. Results

In this section, we give results on iAUC. Re-
sults on iBS are given in Appendix J (Tables 9
and 10). Performance of MSnet against the

other approaches were statistically compared us-
ing paired bilateral Wilcoxon signed rank tests: -
indicates a p-value less than 0.1, T less than 0.05,
1 less than 0.01, * less than 0.001. Bold values
denotes the best algorithm. In each table, we
display the number of (No.) observed events for
each transition.

4.3.1. REAL-WORLD DATASETS

Predictive performance For the Rotterdam
cohort, results of IAUC are given in Table 1(a).
MSnet significantly outperforms msCox and
SurvNODE for transitions 0 — 1 and 1 — 2. For
transition 0 — 2, msCox outperforms MSnet. In
this particular case, this is explained by the fact
that very few events are observed for this transi-
tion.

Table 1(b) reports the iAUC values for the
METABRIC cohort. In the low-dimensional
model (Mp) MSnet attains the highest iAUC for
the early transitions 0 — 1, 0 — 2 and 1 — 3out-
performing both msCox and SurvNODE. SurvN-
ODE is best for transition 0 — 3 and msCox for
2 = 3.

When the high-dimensional gene set is added
(M1419), msCox fails to converge, so we replace it
with transition-specific Lasso-Cox models (tsLas-
soCox). In this setting MSnet markedly improves
for early transitions: 0 — 1 (iIAUC=0.767) and
0 — 2 (1AUC=0.722), significantly surpassing all
baselines and demonstrating its capacity to em-
bed information from thousands of genes for pre-
dicting local and distant relapses. SurvNODE
again dominates 0 — 3, but its overall perfor-
mance declines compared with Mg, indicating
poor scalability to high-dimensional data. For 0
— 3 and 2 — 3, tsLassoCox attains the high-
est IAUC (fitted separately per transition be-
cause current implementations do not support
multi-state analysis; see the resulting limitations
in Schuster et al. (2020)). The weaker perfor-
mance of MSnet on the death-related transitions
likely stems from using baseline prognostic fac-
tors that change after relapse; incorporating up-
dated clinical and treatment information should
further improve prediction for these states.

Clinical interpretation Graphical interpre-
tation of model Mgy for each transition of the
four-state process in the METABRIC cohort is
given in supplemental figures 8 to 12. To assess
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Table 1: Real-world datasets: Benchmark of iAUCs (median + sd).

(a) Rotterdam dataset.

Transitions (No. observed events)

Alg. 00— 1 0> 2 152
(1518) (195) (1077)
msCox 0.695 + 0.020" | 0.865 +0.024* | 0.630 + 0.048"
| SurvNODE | 0.573£0.021" | 0.474£0.088" | 0.631+0.100" |
MSnet 0.710 + 0.013 0.788 £ 0.041 0.646 + 0.044

(b) METABRIC dataset - Models My and M419.

Transitions (No. observed events)

Mod. Alg. 0—1 0— 2 0— 3 1—- 3 2 -+ 3
(272) (403) (507) (212) (383)

msCox 0.686 +0.0517 | 0.680+£0.063 | 0.700 + 0.071F 0.590 %+ 0.064 0.605 + 0.033

Mo | SurvNODE | 0.567 £0.037" _| 0.493+0.028" | 0.734+0.035" | 0.526+0.040"_ | 0.502+0.016" |
MSnet 0.722 + 0.055 | 0.699 +0.042 | 0.664 & 0.050 0.599 £ 0.087 | 0.582+0.035
tsLassoCox | 0.620 +0.324* | 0.71240.045 | 0.67240.103* | 0.650 & 0.075% | 0.618 + 0.050"

Migip | SurvNODE | 0.584£0.026" | 0.5174+0.043" | 0.687 +0.049" | 0.520 +0.091" | 0.465+0.046" |
MSnet 0.767 £ 0.049 | 0.722+0.044 | 0.557 £0.113 0.592 + 0.085 0.576 & 0.046

the clinical relevance of the identified patterns sociated with poorer outcomes (Allison

we compared them with the established breast-
cancer literature. Main observations on the top
3 features are given on the following paragraph.

e Cancer grade. Grade is a histological mea-
sure of proliferation: grade 1 tumours grow
slowly and have a low metastatic potential,
whereas grade 3 tumours proliferate rapidly
and are associated with a high likelihood of
metastasis (Rakha et al., 2010). MSnet iden-
tifies grade 3 as a significant risk factor for
the relapsing transitions and for death af-
ter relapse (01, 02, 13, 23), while grade 1
appears protective—exactly the pattern re-
ported in the literature.

e Tumour size (T). The AJCC staging
system states that T1 tumours (<2cm)
are associated with a favourable progno-
sis, whereas T2 tumours (2-5cm) confer a
higher risk of recurrence and death; T3 tu-
mours (>5cm) are even more adverse but are
rare in our data set (Giuliano et al., 2017).
MSnet reproduces this hierarchy: T'1 is pro-
tective, T2 is a risk factor for all transitions,
and T3 shows no statistically significant ef-
fect, likely because of its low frequency.

e Hormone-receptor status. ER (estro-
gen receptor)-positive and/or PR (proges-
terone receptor)-positive tumours tend to
grow more slowly and have a better short-
term prognosis, whereas ER-negative/PR-
negative cancers relapse early and are as-

et al., 2020). MSnet flags ERT/PRT as a
favourable factor and ER™ /PR~ as an ad-
verse factor across all five transitions, in per-
fect agreement with the clinical evidence.

Full details on all the features are given in
Appendix K. In every case, the MSnet-derived
importance profiles are in strong agreement
with well-established breast-cancer risk factors,
demonstrating that the deep-learning architec-
ture can faithfully capture clinically meaning-
ful signals while providing transition-specific risk
predictions.

Clinical decision support Kaplan Meier
curves of relapse-free survival (RFS) per risk pro-
file are given in Appendix L - Figure 7. Risk
profiles clearly separate a high-risk population
whose relapse-free curve lies significantly below
the curves of the two other groups. Such strat-
ification could support a simple clinical decision
policy in which patients classified as high risk
would be considered for intensified monitoring or
more aggressive management, while low-risk pa-
tients would remain under standard care.

4.3.2. SIMULATED DATASETS

Predictive performance The simulation
study consistently shows that MSnet attains the
highest iAUC across a variety of settings (see Ta-
ble 2 for a summary and Table 3 for details). In
the scenario (S1) ( non-linear survival), MSnet
markedly outperforms every baseline, while
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Table 2: Simulations: iAUCs averaged over the transitions. The weighted average (based on the
number of events observed on each transition) is given in parentheses.

Simulations
Alg. (S1) (S2) (S3) (S4) (S5)
msCox 0.502 (0.502) | 0.508 (0.510) 0.522 (0.514) | 0.675 (0.689) | 0.724 (0.713)
SurvNODE 0.537 (0.537) 0.487 (0.488) NC 0.564 (0.570) NC
RSF 0.745 (0.745) NA NA NA NA
| DeepHit __|_0.717 (0.717) | _ _NA _ | __ Na__ [ __NA___|___ Na _ |
MSnet 0.766 (0.766) | 0.654 (0.653) | 0.708 (0.699) | 0.668 (0.666) | 0.731(0.728)
NC: Non convergent ; NA: Non applicable.

Table 3: Simulations: Benchmark of iAUCs (median + sd).

(a) Simulation (S1) -

non-linear survival.

Transition (No. observed events)

Alg.

0—1
(3500)

msCox
SurvNODE

0.502 + 0.020%
0.537 £ 0.011*
0.745 + 0.0121
0.717 £ 0.008*

0.766 + 0.020

(b) Simulation (S2) -

non-linear four-state.

Transitions (No. observed events)

Alg. 0—-1 0— 2 0—3 12 13 2 3
(1482) (1575) (1751) (677) (722) (1075)
msCox 0.492 + 0.020* | 0.556 & 0.020* | 0.485 & 0.010* | 0.472 +0.030* | 0.513 4 0.030* | 0.528 & 0.030*
SurvNODE | 0.395 4 0.011* | 0.547 +0.021* | 0.503 +0.019* | 0.444 +0.033* | 0.517 +0.022* | 0.514 + 0.018"
| MSnet | 0.723+0.031 | 0.660 + 0.017 | 0.561 +0.032 | 0.648 +0.053 | 0.580 + 0.046 | 0.751 + 0.026 |
(¢) Simulation (S3) - high-dimensional non-linear four-state.
Transitions (No. observed events)
Alg. 0—1 0—2 0—3 12 1—3 2 -3
(1541) (1545) (1732) (753) (710) (1127)
msCox 0.506 & 0.070* | 0.525+0.011 | 0.474 4+ 0.020* | 0.601+0.130 | 0.512 4 0.030* | 0.514 4+ 0.040*
SurvNODE NC NC NC NC NC NC
| MSnet | 0.802+0.026 | 0.530 +0.027 | 0.645+0.025 | 0.636 +0.026 | 0.749 +0.106 | 0.883 + 0.083 |

NC: Non convergent

(d) Simulation (S5) - non-linear non-P.H. four-state.

Transitions (No. observed events)

Alg. 01 0— 2 1 -2
(1895) (2297) (1269)
msCox 0.752 + 0.010" | 0.649 +0.010* | 0.771 + 0.010*
| SuvNODE | _NC _ _ | _ NC_ _ _ [ ___ NC_ _ _ |
MSnet 0.765 + 0.010 | 0.696 & 0.034 0.732 £ 0.082

NC: Non convergent

msCox—unsuitable for non-linear effects—lags
far behind and RSF/DeepHit trail only slightly.
SurvNODE, in contrast, exhibits only modest
predictive ability. To validate the robustness
of MSnet under varying censoring rates, we
conducted additional experiments on scenario
(S1) by introducing higher variation in the
censoring rate. The results confirm that MSnet
maintains stable and competitive performance
under higher censoring rate (see Table 11).

In the simulation (S2) (non-linear four-state),
MSnet again dominates all competitors for
every transition. The advantage persists in
the high-dimensional extension (S3), where the
number of covariates rises from 12 to 50; MSnet
remains stable, whereas SurvNODE suffers
convergence instability (discussed below). In the
setting (S5) (non-linear non-P.H. illness-death),
MSnet and msCox achieve comparable 1AUCs,
while SurvNODE encounters severe convergence
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problems due to the extreme computational
burden (also described later).

Overall, these results demonstrate that MSnet
is robust to non-linearity and moderate dimen-
sionality, and only loses its edge when the under-
lying risk structure is genuinely linear (see addi-
tional results on simulation (S4) in supplemental
Table 12).

Computational performance Running
times and the hardware resources required for
each simulation scenario are reported in Table 4.

In simulation (S1) (non-linear survival), all
methods finish in a comparable time except
SurvNODE, which needs > 30 min, whereas
MSnet and the other baselines run in < 2 min.

In simulation (S2) (non-linear four-state),
MSnet uses more RAM/CPU than msCox but
still completes in a few minutes. The longer run-
time of msCox is mainly due to the computation
of cumulative hazard and cumulative-incidence
functions in the R package mstate. SurvNODE
also exhibits a high runtime here.

In simulation (S5) (non-linear non-P.H.
illness-death), SurvNODE aborts after the first
epoch because GPU memory quickly exceeds
48 GB. This is a generic limitation of Neural-
ODE-based survival models (e.g., Gholami et al.
(2019), Kim et al. (2021)) that deliberately re-
lax the P.H. assumption by learning fully time-
dependent hazard dynamics. That flexibility,
however, introduces numerical stiffness, which
leads to a sharp increase in computational cost
and frequent solver failures (see also Rindt et al.
(2022)), making benchmarking impractical in
highly non-linear, high-dimensional and non-P.H.
settings.

Overall, MSnet offers a favourable trade-
off between predictive accuracy and computa-
tional efficiency: it runs in minutes on a stan-
dard CPU while achieving state-of-the-art per-
formance. Full experimental details are provided
in Appendix J.3.

5. Discussion

We introduced MSnet, a deep-learning architec-
ture that models any progressive multi-state pro-
cess under the semi-Markov assumption. Build-
ing on the framework of Cottin et al. (2022),
MSnet employs transition-specific subnetworks

and state-specific fully-connected output layers
to estimate the density of transition times from
individual covariates.

To the best of our knowledge, MSnet is the first
DL-based method that simultaneously (i) accom-
modates semi-Markov transition dynamics, (ii)
yields individualized predictions, and (iii) inte-
grates multimodal data (clinical and transcrip-
tomic) for general progressive multi-state pro-
cesses. Experiments on two breast-cancer cohorts
demonstrate that MSnet achieves competitive
iAUC scores for a four-state semi-Markov model,
while simulation studies show consistent supe-
riority over existing multi-state survival models
(msCox, SurvNODE) especially in non-linear set-
tings. Moreover, MSnet is substantially faster
than neural-ODE approaches such as SurvN-
ODE, whose theoretical flexibility is offset by se-
vere practical limitations (instability, prohibitive
runtimes) that impede reliable benchmarking in
complex healthcare scenarios.

In summary, MSnet provides a flexible and ef-
ficient interpretable approach for semi-Markov
multi-state analysis and can serve as a founda-
tion for extending deep learning to a broad range
of health-care applications.

Limitations Interpretability, a traditional bar-
rier to clinical adoption of deep models (Farah
et al., 2023), is addressed by recent explain-
ability techniques (Cottin et al., 2024). We re-
fer the reader to the Appendix K for a demon-
stration on the METABRIC cohort. While this
demonstration illustrates how well our model’s
predictions align with established clinical knowl-
edge, it was not designed to establish causal re-
lationships. Causal interpretation—beyond mere
interpretation—remains an open challenge for fu-
ture extensions.

Like all deep learning methods, MSnet requires
sizable training data to surpass classical statisti-
cal approaches (Rajula et al., 2020). This lim-
itation is evident for transitions with few at-
risk patients and for late transitions where only
baseline covariates are available. Incorporating
updated or time-varying features is expected to
further improve performance. We see two vi-
able pathways to address this limitation: (i) Dy-
namic data updating: The most immediate solu-
tion involves updating the input data following
a state transition. In this scenario, once a pa-
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Table 4: Running times and required computational resources for the simulation scenarios for one
run (hyper-parameters fixed), for simulations (S1) non-linear survival, (S2) non-linear four-state,

(S5) non-linear non-P.H. illness-death.

Sim. Model Time (h:ssm) CPU (%) GPU usage (GB) RAM (GB)

msCox 00:01:08 99 / 0.36
SurvNODE 00:34:22 100 0.40 1.75
(s1) RSF 00:01:38 4400 / 10.00

| _DeepHit | = 00:02:18 | 4200 | | S 074 |
MSnet 00:01:56 4300 / 1.63
msCox 00:55:26 99 / 0.44

(82) | SwvNODE | OL:16:59 | 100 | 090 | _ _L90 |
MSnet 00:07:09 4300 / 1.75
msCox 00:36:31 99 / 0.57

(85) | SwrvNODE | NC_ | 1 NC L ___N ___|__NC__|
MSnet 00:11:05 4400 / 1.74

NC: Non convergent

tient exits a state, the updated covariates are re-
entered into the network. (ii) Integration of lon-
gitudinal data: A more comprehensive solution
would involve integrating full longitudinal data
streams. This would necessitate adapting the
covariates-shared network to handle temporal de-
pendencies explicitly, e.g., recurrent architectures
such as LSTM (Lee et al., 2019), transformer-
based mechanisms (Zhang et al., 2025), or neural
controlled differential equations (Bleistein et al.,
2024). Additionally, the output layer would re-
quire adaptation to support dynamic predictions.
We plan to explore these extensions in our future
work.

Another key limitation of this work is scala-
bility to large multi-state settings. While our
architecture is flexible, its performance—as with
most existing multi-state models—is fundamen-
tally constrained by the number of states and
transitions and, more critically, by the sparsity
of observed events per transition. In real-world
clinical datasets, this sparsity is exacerbated by
censoring, competing risks, and terminal events,
which substantially reduce the effective sample
size available for estimating transition-specific
risks. As the number of states increases (e.g.,
6-10+), the number of transitions grows combi-
natorially, making these issues particularly acute.
In our simulation study, we initially experi-
mented a challenging scenario with 8 states/56
transitions (see additional Table 13). MSnet ex-
hibits degraded performance (1IAUC=0.49-0.54),
while msCox and SurvNode fail to converge,
likely due to severe over-parameterization rela-
tive to the number of observed events per transi-

tion. This highlights a general limitation of cur-
rent multi-state approaches rather than a weak-
ness specific to our architecture. Addressing scal-
ability in such regimes will likely require a combi-
nation of increased data availability (e.g., larger
cohorts or synthetic augmentation) and archi-
tectural adaptations. In this regard, two direc-
tions appear particularly promising: (i) Weight
sharing across transitions with similar hazard
structures (e.g., competing or biologically re-
lated transitions), which could substantially re-
duce the number of parameters; and (ii) flex-
ible transition-specific architectures, where the
capacity allocated to each transition is adapted
to its level of support in the data, allowing sparse
transitions to rely primarily on shared represen-
tations and thereby limiting over-fitting (this is
already supported in our implementation by al-
lowing transition-specific subnetworks to be re-
moved, e.g., by setting their hidden layers to zero
neurons).
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Appendix A. Example of
multi-state processes

See Figure 1 on the next page.

Appendix B. MSnet architecture

See Figure 2 on the next page.

Appendix C. Re-writing of the
conventional
log-likelihood

In this section, we define our log-likelihood under
some of our assumptions (semi-Markov, piece-
wise constant proposals) and as a function of the
quantities of interest defined in Section 3.2.1 for
n realizations of the process . We omit the con-
ditional notation on X for simplicity.

We start from the definition given in Equa-
tion (2) in a general Markovian and contin-
uous framework and we transpose this defini-
tion into the framework of semi-Markovian and
time-homogeneous transition intensities (i.e., for
a transition £k — I, k < [ (k,]) € S, a
is a function of ¢t — Zy, with Z; the entry
time in state k). The log-likelihood defined
in Equation (2) is then rewritten as: logLl =

Dt D kyes [Pf”” + Pg*’“} , with

PM =6, log (akl(ﬁi - Z/i)) ;

_%jam(t_z@}g@)ufz(zﬁw

i,kl
P2

Under the semi-Markovian hypothesis and con-
sidering that P(E(0) =0) =1 for all ¢ (1 <3 <
n), the risk of transition from a state k to a state
[ necessarily implies the observation of a transi-
tion from a previous state to a state k (for £ > 0)
such that:

Ykl (t) ]].{t > Cz} = (SZ,‘::[].{Z].c <t< Tk}

In this case, we can write the log-likelihood terms
aslog £ =371 1 X 3oy pyes 0z, X {Pf’kl + Pgi’kl]

The term Py* can then be simplified as:

_ T -
Pyt = —/ ap (t — Z})dt.

Zj
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State 1

Death due to cancer

State 0 State 1 Siate

Initial State

Death

State 2

(a) Survival process. Death due to an other {'élllh‘(!]

(b) Competing risks process.

State 1

State 1

Relapse

Local relapse

State 0 State 0

Initial State Initial State

Distant relapse

Death

N State 2
State 2 e

(€) il teat] (d) Metastatic cancer progression.
c ness-death process.

Figure 1: Examples of multi-state processes for an application in oncology.

State 0

Transition 0 — 1*

T

Softmax: R
FClayers | > o

Z H
X—> FC layers :
State k (1 <k< K- l) Softmax:
B .
{¥ia hsk <5k FC layer k
State K — 1
Transition K —1 — K*

L Yx-1)K Softmax: )
e g e | 7 e

*A specific subnetwork for a transition & — [ (k > [, (k,l) € S) exists only if [ € S, and if k is not an absorbing

state. Same remark for an output layer k.

Figure 2: MSnet architecture.

We now define this log-likelihood in terms between transition intensities and densities (see

of our quantities of interest defined in Sec- Appendix D - Equation (8)).
tion 3.2.1. To this end, we use the equivalences Let’s start with the case of continuous den-
sities. Using the equivalences mentioned ear-
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lier, we can rewrite the log-likelihood as the sum
of three terms: log L = 37" | X 30 eg 0y, X

[Pfjﬁl + PPty Pl ’”} with

Z kl = 5kz log (fkl( Zk))

T (1-R(@ - 7). @

Then, to express this likelihood as a function of
the densities, we factor the transition intensities
starting from the same state and rewrite the like-
lihood, for 1; = 1{k is not an absorbing state},
as follows:

K-1 n
log £ = Z Iy x Zé%k ( ok +Q;k) ;
k=0 i=1
with

=3~ 6t x1og (fu (T

- 7)),
LESK

;’k =— ( Z 5,@1) x log (1 — Fk(T,z — Z}c))

leSk

/Tk Zaklt—Zk )d

LESy

We now have the second part of the equation of

“* Wwhich is a function of oy to rewrite. We
know that:
t ~ .
exp {— / ( Z akl(s — Z,Zﬁ))ds]
ch 1Sy,
Zi \ies,
t ~ .
=1 —/ fu(s— Z})ds
Z
=1-F(t—-Z}).

Following this point and factoring, we can write

the term Q;’k as follows:
k :(1 -y 5;;[) x log (1 ~ R(T} - Z,g)).
LES)

Let us now consider the writing of the terms
* and Q;’k in the case of piecewise constant

densities and the corresponding CIFs (Equa-
tion (4)):

Qi’k:ZZ‘skleg i)W = Z) € v}y

j=11eSx
Qi — (1 -3 a,@l) x log (1 — FPO(T} - Z,g.)).
leSK

Appendix D. Cumulative hazard
function based on
piecewise constant
density probabilities

To compute the cumulative transition intensities
defined in Equation (1), someone interested must
used the following equivalence formula:

Jra(.)

1—Fy(.) ®)

akl(-) =
Then, for the new instance i, the cumulative tran-
sition intensity must be computed as a piecewise-
linear function. For d > 0, |v;| = a; — aj_1 the
length of interval j and |vjq)| = d — ajq)—1, we
get:

j(d)—1

D lvil B + i 1Rl s
j=1

W (dX;) =

with
i fkl]( )
- By )x)
FoS e (X0)
1-— F (vj(d |X)

R?cl,j(d) =

Appendix E. Simulated datasets

We generated the five following semi-Markov
simulation datasets to evaluate the proposed
methodology: (S2) a non-linear survival model;
(S2) a non-linear four-state model; (S3) a high-
dimensional non-linear four-state model ; (S4) a
linear four-state model ; (S5) a non-linear and
non-P.H illness—death model.

E.1. Covariates

For each simulation scenario, n = 5000 obser-
vations were generated. For K fixed states, we

261



COTTIN ZULIAN KATSAHIAN GUILLOUX

consider the last state K as absorbent. For each
state k (k = 0,--- , K — 1), we consider all the
progressive transitions (i.e., (K — 1) — k transi-
tions). For each transition k — I (I > k, | € Sy),
we consider that two covariates have an effect
on that transition (e.g., for K = 4, we simulate
pP= ( 2(;01 (K-1)- k:)) x 2 = 12 covariates
;for K =2: P=2; for K =3: P=6). Each
covariate is drawn from a gaussian distribution
N©,1).

An exception is made in simulation (S3) where
P = 50 covariates are generated with a multivari-
ate normal distribution with a mean of zero and
a variance-covariance matrix ¥, with 3 being the
variance-covariance matrix of the gene expression
data of the first 50 genes in the METABRIC co-
hort. For each transition, we still consider that
only two covariates have an effect on that transi-
tion (i.e., 12 active variables out of the 50 gener-
ated).

E.2. Event times

Continuous semi-markovian event times (i.e., )
were generated using a Weibull survival model
and following the simulation procedure given
by Bender et al. (2005). Properties of the
competing and successive transitions were also
guaranteed by following the procedures outlined
by (Beyersmann et al., 2009) and (Pénichoux
et al., 2015), respectively. See pseudo code in Al-
gorithm 1. See an illustration of the generated
times in Figure 3.

Appendix F. Real-world datasets
F.1. METABRIC cohort

The METABRIC (Molecular Taxonomy of
Breast Cancer International Consortium) dataset
is a large breast cancer cohort combining clini-
cal information with high-dimensional molecular
data. It includes approximately 2,000 patients
with primary breast cancer, with detailed clinical
and pathological variables, together with gene ex-
pression profiles measured using microarray tech-
nology. Time-to-event outcomes are available for
both overall survival and relapse-free survival (lo-
cal or distant relapse) so that a four-state process
can be constructed (see Figure 4).

Algorithm 1: Procedure of simulation for
semi-markovian event times

Consider a multi-state process with K states. For
each state k with the set of transitions (k,{) for
€S

e Choose a distribution for the baseline haz-
ard g (t), e.g., weibull( Ak, vk): aor(t) =
)\k’ykt’y’“_l.

e Choose a (non-linear) risk function
gri (X, Br) with By a vector of scalar.

e Compute the hazard function of state k:

a (1| X) = aok(t) (Z exp (gr (X, ﬁm))) :

LeSy

e Compute the survival time 7T} using the
inverse method (Bender et al., 2005). There
are two cases.

(a) If &k = 0: Ty =
1/
_ log(U) .
[ (Zlesk eXp(gkl(X,Bkz))) X/\k] ’
(b If &k > 0:

Ty =
1/,
Z0 _ log(U) .
[ k (Elgsk exp(gkl(xvﬂkl)))X)\k:| ’
with U ~ U[0,1]. This guaranties the
semi-markovian property (Pénichoux et al.,
2015).

e Then, for each transition kl (I € S):

— Compute oy (Tx|X) =
exp (gr1 (X, Brr))-

— Simulate the probability that the exit
from state k£ at time T} is linked to
cause I: Dy = argmax; (My), with
M, a multinomial distribution:

ao7k(Tk) X

o (T | X)
ZmESk akm(Tk|X) .

This guaranties properties of the com-
peting transitions (Beyersmann et al.,
2009).

ng:/\/l<

e Simulate censoring C}, through an exponen-
tial or a uniform distribution.
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Figure 3: Simulation (S5) non-linear non-P.H. illness-death: Sojourn times (soj) per state for the
first 50 observations. The color grey indicates a censored event
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Figure 4: METABRIC: Four-state process with
the number of observed events (n).

To train MSnet, we fix a uniform length for the
time intervals to one month such that the time
interval for month j, v; = [j — 1,j), includes
all the events that occurred on the daily time
interval [(j —1) x 30.5, j x 30.5). We set J = 120,
i.e., 120 time intervals of length 30.5 days so that
the horizon window 7 is 120 months (10 years).
We set the event times after 7 in a last interval
V121-

F.1.1. CLINICAL FEATURES

Clinical features include: age at diagnosis, in-
ferred menopausal status, tumor size, positive

lymph node, cancer grade, tumor histology, cel-
lularity, Her2 copy number, Her2 expression,
oestrogen receptor expression, progesterone re-
ceptor expression, breast surgery, chemotherapy,
hormonal therapy, radiotherapy. For all the fea-
tures, missing values were imputed by the median
value for numerical features and by the mode for
categorical features. We apply dummy encoding
on categorical features and standardize numerical
features with a min-max scaler.

F.1.2. GENE SELECTION

The METABRIC dataset includes transcriptomic
data with approximatively 24,000 raw gene ex-
pression features. Prior to integrating these fea-
tures into our prognostic algorithm, gene selec-
tion is necessary. To this end, we implemented a
gene selection approach inspired by the method-
ology in Cottin et al. (2022). This approach
is based on gene-univariate screening - that is
a standard practice in high-dimensional omics
to reduce dimensionality and stabilize model fit-
ting (Zhao et al., 2024) - extracting a ranked list
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of cancer-related genes based on their adjusted
p-values from gene-specific Cox P.H. models:

e For each gene: (1) Fit a Cox P.H. model in-
cluding the clinical, histo-pathological and
molecular features and each gene expression
feature. (2) Compute the p-value from a
Wald test on the estimated coefficient re-
lated to the specific gene.

e Adjust and rank the p-values with a
Benjamini-Hochberg multi-test.

This procedure was applied using an indepen-
dent dataset to control for selection bias: the
Breast Invasive Carcinoma TCGA PanCancer
dataset (Weinstein et al., 2013). The analysis
was performed for both endpoints, OS (Overall
survival) and RFS (relapse-free survival), leading
to the identification of two corresponding lists
of genes that were then merged. Several ver-
sions of the METABRIC dataset were initially
constructed by considering different values of the
selection threshold (noted «/). Higher-than-usual
values of o were explored due to the large number
of initial genes, which induces strong constraints
on adjusted p-values. This strategy aimed to
avoid excluding genes that might still have a po-
tential prognostic effect on OS or RFS. Based
on this exploration, the final analyses were con-
ducted using the model corresponding to o = 0.3,
yielding a total of 1 419 selected genes (285 for
RFS and 1 223 for OS).

F.2. Rotterdam cohort

The Rotterdam dataset is a real-world clinical co-
hort of primary breast cancer patients collected
through the Rotterdam tumor bank (Royston
and Altman, 2013) and included in the survival
package in R. It comprises 2,982 patients with in-
formation on demographic and tumor character-
istics such as age at surgery, menopausal status,
tumor size and grade, number of positive lymph
nodes, hormone receptor levels, and treatment
indicators, along with time-to-event outcomes for
RF'S and OS (see Figure 5).

To train MSnet, we fix a uniform length for the
time intervals to one month such that the time
interval for month j, v; = [j — 1,j), includes
all the events that occurred on the daily time
interval [(j —1) x 30.5,j x 30.5). We set J = 120,
i.e., 120 time intervals of length 30.5 days so that

State 1

Relapse

State 0 ne = 1518

Cohort inclusion ne = 1077

State 2

Figure 5: Rotterdam: Illness-death process with
the number of observed events (n.).

the horizon window 7 is 120 months (10 years).
We set the event times after 7 in a last interval
V121-

To train MSnet, we fix a uniform length for the
time intervals to one month such that the time
interval for month j, v; = [j — 1,7), includes
all the events that occurred on the daily time
interval [(j —1) x 30.5, j x 30.5). We set J = 100,
i.e., 100 time intervals of length 30.5 days so that
the horizon window 7 is 5000 days. We set the
event times after 7 in a last interval v1g1.

Appendix G. Performance metrics

G.1. IPCW estimator of the transition
specific and time-dependent AUC

For two patients i and j, the transition-specific
time-dependent AUC measures (Uno et al., 2007)
the probability that a patient i who experienced
the transition kK — [ before time t has greater
probability of occurrence of the transition than
a patient j who has survived to the transition.
Commonly, the AUC is defined as the integra-
tion of the ROC curve opposing specificity (Sp)
and 1-sensitivity (1-Se). From the IPCW estima-
tors proposed by Blanche et al. (2013), an IPCW
estimator of the AUC, for a transition k — [
and a time ¢t > 0 generalizes for a time homo-
geneous semi-Markov multi-state algorithm from
the following estimators of the sensitivity (Se)
and specificity (Sp):

1 t,c t ~ ) i
Kl Zi:&izkzl Opy X Qi x T ; ¥ Wy (Ty — Zy)

Se, (¢) = : S
Zi:5izk:1 Oy ¥ L,y x (T}, — Z)
t, P
Zi:&izk:1 ki X L

t
Zi:é"zk —1 1

Kl
Sp; (c) =

)
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with
]]-fc,i = ]]-{le - lec < t}v
18, = {T} - Z} > t},
Zlcz = 1{Fg (t1X;) > c},
Zlcz = 1{FR° (1 X:) <},

and for iy (.) = 1/8%(.), §%(.) a non-parametric
estimator of the survival function C' from state k
computed on the set of at risk observations (e.g.,
the Aalen and Johansen estimator (Aalen and
Johansen, 1978)).

Finally, the estimated AUC for transition & —
[ at time ¢ is computed as follows:

xuco - [ =y ((1 —S) <p>) ap.

G.2. IPCW estimator of the transition
specific and time-dependent BS

Similarly, we can generalize the IPCW estimator
of the BS (Gerds and Schumacher, 2006) for a
transition £k — [ and a time ¢ > 0 based on the
work of Spitoni et al. (2018) as follows:

. 1 . . 2
BSki(t) = o Z (]li,i -y (t|Xz))
i:8y, =1
X ’LZ}Z(TI:: - Zlic?t)a
with ]l};’i = U{T} — Z} > t}, ny the sum of the
observations i so that 67, =1 and, for S¥(.) de-
fined previously:

W (Tf = Zi,t) = ot AL

G.3. Integrated performance metrics

An estimator of the integrated AUC (1AUC) is
computed as follows:

. 1 [T —kl
AUCy = — AUC (t)dt.

T Jo
Similarly, and estimator of the integrated BS

(iBS) is computed as follows:

_ 1 7
BSy = - / 85" (¢)dt.
T Jo

Appendix H. Cross validation

The cross validation (CV) procedure used to es-
timate performances metrics for MSnet is de-
scribed in Figure 6. For tsRSF, the same CV pro-
cedure was used except for the hyper-parameters
that were optimized through grid search. For
tsLassoCox, the same CV procedure was used ex-
cept for the hyper-parameter of penalisation that
was optimized with the function cv.glmnet() from
the R package glmnet (see Appendix I).

Appendix I. Hyper-parameters
I.1. MSnet

MSnet is implemented in Python with Tensor-
flow. Tt uses standard deep learning techniques
as L and Ly regularized layers as well as dropout
to avoid over-fitting, mini-batch learning, learn-
ing rate weight decay and early stopping. A com-
plete list of hyper-parameters of MSnet are given
in Table 5. Hyper-parameters are tuned using
random search. For each model, the sets of search
spaces are adjusted according to the number of
covariates. At each iteration of the CV proce-
dure, the best set of hyper-parameters was used
as the one maximizing the averaged iAUCs on
the transitions.

I.2. tsLassoCox

Transition-specific Lasso Cox P.H. models were
trained with the R package glmnet. The unique
hyper-parameter in tsLassoCox is the regularisa-
tion parameter that was optimized with the func-
tion cv.glmnet() from the R package glmnet.

1.3. tsRSF

Transition-specific RSFs were trained with the
Python library scikit_survival. A complete list of
hyper-parameters are given in Table 6. Hyper-
parameters were tuned using grid search. At each
iteration of the CV procedure, the best set of
hyper-parameters was used as the one maximiz-
ing the averaged iAUCs on the transitions.

I.4. SurvNODE

The algorithm SurvNODE proposed by Groha
et al. (2020) was trained based on the
Python code available at https://github.
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Iteration m
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hyper-parameters
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» Compute predictions (CIFs)
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IC = [median =+ sd]

Figure 6: Validation process.

com/stefangroha/SurvNODE.  List of hyper-
parameters are given in Table 7. Values were
given based on the values used in their code.

1.5. DeepHit

The algorithm DeepHit proposed by Lee
et al. (2018) was trained based on the
Python code available at https://github.com/
ch18856/DeepHit. List of hyper-parameters are
given in Table 8 (based on the values used in
their code). Hyper-parameters were tuned using
random search.

Appendix J. Additional results

This appendix reports additional results based
in terms on predictive performance, complement-
ing the main results presented in the paper. In
these results, performance of MSnet against the
other approaches were statistically compared us-
ing paired bilateral Wilcoxon signed rank tests: -
indicates a p-value less than 0.1, § less than 0.05,

I less than 0.01, * less than 0.001. Bold values
denotes the best algorithm.

J.1. Real-world datasets

We display additional results on the iBS on the
two real-world datasets.

For the Rotterdam cohort, results of iBS are
given in Table 9(a). For transitions 0 — 1 and
0 — 2, MSnet outperforms msCox and SurvN-
ODE. For transition 1 — 2, msCox outperforms
SurvNODE and MSnet, but with no statistical
difference.

For the METABRIC cohort, results of iBS
are given in Table 9(b) for models My and
Mjis19. For transition 0 — 1, MSnet outper-
forms the other algorithms. For the other tran-
sitions, the best predictive performance is either
for msCox/tsLassoCox or for SurvNODE.

J.2. Simulated datasets

We display additional results on the iBS on the
simulated datasets in Table 10.
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Table 5: Hyper-parameters of MSnet.

Hyper-parameter name

Discrete search space

Initialization
Optimizer
Learning rate
Mini-batch size
Keep probability for dropout
Nodes per shared hidden layer (1)
No. shared hidden layers (L)

Non linear activation function (g
L1/L2 regularization parameter
Decay for gradient descent
Parameter difference for early stopping
Output-specific penalization (\F!, )\fl)

Nodes per transition-specific hidden layer (I*!)

No. transition-specific hidden layers (LF!)
input gkl)

Uniform initialization
Adam Optimizer

{104, 10~5}

{8, 16, 32, 64, 128}

{0.5, 0.6, 0.7, 0.8, 0.9}

{3, 5, 15, 30, 50, 100}

{1, 2, 3}

{3, 5, 15, 30, 50}

{0, 1, 2, 3}

{ReLU, ELU, Leaky-ReLU}
{175,174, 173, 172, 0.1}
{173, 172, 0.1, 04, 0.6, 0.8, 1.0}
{176, 172}

{175,174, 173, 172, 0.1}

Table 6: Hyper-parameters of tsRSF.

Hyper-parameter name

Discrete search space

min_samples_split
max_features
n_estimators

min_samples_leaf

10
“Sqrt”

{50, 100, 500, 1000}
{20, 60, 100}

Table 7: Hyper-parameters of SurvNODE.

Hyper-parameter name

Value

Learning rate
Batch size
layers_encoder
dropout_encoder
layers_odefunc
num_latent

{104, 10~5}

128

{50,100, 200, 400}
{0.0, 0.1, 0.2}

{30, 400,1000}
{30, 100}

Table 8: Hyper-parameters of DeepHit.

Hyper-parameter name

Discrete search space

Learning rate
Initialization
Batch size
Number of layers
Number of nodes
Activation function
Keep probability for dropout
alpha
beta
gamma

174

Uniform initialization
{32, 64, 128}

{1’ 2a 3» 5}

{50, 100, 200, 300}
{ReLU, ELU, tanh}

0.6

{0.1, 0.5, 1.0, 3.0, 5.0}
{0.1, 0.5, 1.0, 3.0, 5.0}
{0.1, 0.5, 1.0, 3.0, 5.0}

To validate the robustness of our algorithm un-
der varying censoring rates, we conducted an ad-
ditional simulation study (Scenario (S1) - sur-
vival). While the initial submission used a 30%
censoring rate, we increased this rate to 60% to
better mimic complex clinical scenarios. The re-
sults confirm that MSnet maintains stable and

competitive performance even at this higher cen-
soring level, as summarized in Table 11.

We display additional results on the iAUC and
iBS on the simulation scenario (S4) (linear four-
state) in Table 12. In these results, the advantage
of MSnet disappears, as expected: the log-linear
assumption of msCox holds, and its performance
matches that of MSnet.
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Table 9: Real-world datasets: Benchmark of iBSs (median £ sd).

(a) Rotterdam dataset.

Transitions (No. observed events)

Alg. 01 0 2 12
(1518) (195) (1077)
msCox 0.193 + 0.006 0.042 4+ 0.006 | 0.146 + 0.016
| SwvNODE | 0.334£0.009 | 0.064+0.005 | 0.259+0.012 |
MSnet 0.179 £ 0.004 | 0.036+0.004 | 0.150 + 0.017

(b) METABRIC dataset - Models My and M419.

Transitions (No. observed events)

Mod. Alg. 0—1 0— 2 0— 3 13 2~ 3
(272) (403) (507) (212) (383)
msCox 0.038 +0.006" | 0.045+0.006* | 0.029 £ 0.004 0.214 % 0.027 0.216 + 0.014
Mo SurvNODE | 0.039 4 0.006° | 0.051 +0.006* | 0.017 +0.004 | 0.136 +0.010" | 0.185+ 0.016*
| MSnet | 0.08540.006 | 0.069+0.008 | 0.028+0.007 | 0.213+£0040 | 0.224-+0.046 |
tsLassoCox | 0.038 =+ 0.005* 0.072 + 0.007 0.027 £ 0.004" 0.185 £ 0.032* | 0.153 + 0.020"
Miaro | SurvNODE_| 0.039 £0.026" | 0.051+0.006" | 0.017 +£0.004" | 0.136 +£0.036"_| 0.243 % 0.018" |
MSnet 0.032 +0.004 | 0.065 =+ 0.008 0.029 + 0.005 0.217 4+ 0.035 0.223 4 0.025
Table 10: Simulations: Benchmark of iBSs (median + sd).
(a) Simulation (S2) - non-linear survival.
Transition (No. observed events)
Alg. 01
(3500)
msCox 0.137 £ 0.005*
SurvNODE 0.123 + 0.004
RSF 0.117 + 0.004%
| DeepHit | _ ___ 0.118:+£0.004F |
MSnet 0.126 + 0.005
(b) Simulation (S2) - non-linear four-state.
Transitions (No. observed events)
Alg. 0—1 0 — 2 0— 3 12 13 2 -3
(14821) (1575) (1751) (677) (722) (1075)
msCox 0.229 + 0.010* | 0.099 +0.010* | 0.221 +0.010* | 0.363 +0.020* | 0.105 + 0.010* | 0.095 + 0.003'
SurvNODE | 0.344 +0.017* | 0.516 4 0.024* | 0.133 +0.009% | 0.560 +0.022* | 0.108 + 0.005* 0.109 + 0.005"
| MSnet | 0.1314+0.014 | 0.130+0.008 | 0.117+0.010 | 0.152+0.020 | 0.13240.016 | 0.102+0.003 |
(¢) Simulation (S3) - high-dimensional non-linear four-state.
Transitions (No. observed events)
Alg. 0—1 00— 2 0—3 1—2 1—+3 2 -3
(1541) (1545) (1732) (753) (710) (1127)
msCox 0.383 +0.050* | 0.138 +£0.030 | 0.277 +0.010* | 0.393+0.010* | 0.080 + 0.010* | 0.078 + 0.003*
SurvNODE NC NC NC NC NC NC
| MSnet | 0.12440.010 | 0.14540.009 | 0.1204+0.010 | 0.162+0.010 | 0.140+£0.013 | 0.107 & 0.009 |

NC: Non convergent

(d) Simulation (S5) - non-linear non-P.H. four-state

Transitions (No. observed events)

Alg. 0—1 0— 2 12
(1895) (2297) (1269)
msCox 0.168 £ 0.010* | 0.171 +0.004* | 0.131 & 0.004*
SurvNODE NC NC NC
| MSnet | 0.129+0.005 | 0.137 & 0.005 | 0.146 +0.012 |

NC: Non convergent

Table 13 displays supplemental results on a degrades (iIAUC=0.49-0.54), while msCox and

simulation with 8 states and 56 transitions.

SurvNode fail to converge (likely due to se-

In this particular case, performance of MSnet vere overparameterization with limited events
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Table 11: Variation in the censoring rate (r) - Simulation (S1) - non-linear survival: Benchmark of

iAUCs and iBSs (median + sd).

(a) iIAUCs (median =+ sd).

Transition (No. observed events)

Alg. 0—1
(3500) (2000)
r=30% r=60%
msCox 0.502 + 0.020% | 0.504 % 0.020*
SurvNODE | 0.537 +0.011* | 0.524 4 0.018"
RSF 0.745 +0.0127 | 0.695 + 0.019~
| DeepHit __| 0.717£0.008" | 0.679 +0.024" |
MSnet 0.766 + 0.020 | 0.753 + 0.020
(b) iBSs (median =+ sd).
Transition (No. observed events)
Alg. 0—1
(3500) (2000)
r=30% r=60%
msCox 0.137 + 0.005* | 0.165 + 0.010*
SurvNODE | 0.123 4 0.004 0.146 + 0.005
RSF 0.117 +0.004% | 0.497 4+ 0.056*
| DeepHit __|_0.118 £0.004°_ | 0.150 £ 0.007_ |
MSnet 0.126 + 0.005 0.148 + 0.011
Table 12: Simulation (S4) - linear four-state: Benchmark of iAUCs and iBSs (median =+ sd).
(a) iIAUCs (median + sd).
Transitions (No. observed events)
Alg. 01 0— 2 0—3 1— 2 1—3 2> 3
(1164) (1356) (1744) (377) (558) (1198)
msCox 0.671+0.020 | 0.647 +0.030 | 0.659 + 0.020* | 0.588 & 0.020* | 0.686 + 0.020* | 0.831 4 0.010*
| SurvNODE_| 0.561 +0.021" | 0.573+0.0147 | 0.570£0.124" | 0.501 £+0.025" | 0.587 +0.026" | 0.591+0.013" |
MSnet 0.674+0.018 | 0.625+0.023 0.615+0.029 | 0.655+0.047 | 0.644 + 0.028 0.795 + 0.018
(b) iBSs (median =+ sd).
Transitions (No. observed events)
Alg. 0—1 0— 2 0— 3 1— 2 1—3 2> 3
(1164) (1356) (1744) (377) (558) (1198)
msCox 0.175 4+ 0.010* | 0.090 + 0.004* | 0.136 +0.004* | 0.201 4+ 0.020* | 0.111 4 0.010* | 0.094 + 0.004"
| SurvNODE_| 0.273+0.011" | 0.368£0.011" | 0.200£0.010" | 0.343 £0.023" | 0.164+0.007" | 0.208 +0.008"_ |
MSnet 0.129 +0.007 | 0.119 £ 0.005 0.106 + 0.004 | 0.157 +0.020 | 0.134 +0.010 0.148 + 0.011

per transition). This illustrates a shared limita-
tion of current multi-state models—not a weak-
ness specific to our architecture.

J.3. Time and computational resources

In the experiments given in Table 4, we run each
algorithm once on a split of the data with a fixed
set of hyper-parameters. We have adjusted the
hyper-parameters of the neural network-based al-
gorithms (i.e., MSnet, DeepHit, SurvNODE) so
that they contain the same number of layers and
neurons, and that the computation time is not
influenced by the size of the models.

In simulation (S5) non-linear non-P.H. illness-
death, the computation time of MSnet is longer

than in simulation (S2) non-linear four-state (11
min. vs. 7 min.) because we parameterized the
size of the output layer of MSnet in simulation
(S5) as being larger (i.e., more time intervals:
J =400 vs. J = 100) thus allowing the model to
easily adapt to the non-P.H. assumption).

Appendix K. METABRIC cohort:
Clinical
interpretation

Graphical interpretation of model My for each
transition of the four-state process in the
METABRIC cohort is given in figures 8, 9, 10, 11
and 12, below.
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Table 13: Additional simulation with 8 states and 56 transitions: Benchmark of iAUCs and iBSs
(median + sd). In this table, we gave the predictive performance for each transition: competing
transitions are averaged per state (e.g., 0 — 1-7 means the transitions from state 0 to states 1 to 7).

(a) iIAUCs (median + sd).

Transitions (No. observed events)

Alg. 0— 1-7 1 — 2-7 23-7 3—4-7 4—5-7 5—6-7 6—7
msCox CE CE CE CE CE CE CE
SurvNODE CE CE CE CE CE CE CE
| MSnet” | 0.509 £ 0.015 | 0.490 & 0.046 | 0.536 + 0.035 | 0.515+0.031 | 0.512 + 0.015 | 0.504 =+ 0.018 | 0.535 & 0.055 |
CE: Convergence error
(b) iBSs (median + sd).
Transitions (No. observed events)
Alg. 0— 1-7 1 — 27 2537 354-7 4—5-7 5—6-7 6—7
msCox CE CE CE CE CE CE CE
SurvNODE CE CE CE CE CE CE CE
| MSnet” | 0.088£0.005 | 0.102+0.003 | 0.11140.002 | 0.128 +0.005 | 0.141 + 0.005 | 0.147 £ 0.004 | 0.130 & 0.004 |

CE: Convergence error

Detailed clinical interpretation is given in the
following paragraphs.

Cancer grade (Rakha et al., 2010) Tumor
grade is a prognostic classification based on the
proliferation rate of cancer cells. A grade 1 tumor
grows slowly and is associated with a low likeli-
hood of metastasis, while a grade 3 tumor grows
rapidly and is associated with a high likelihood
of metastasis. Grade 2 tumors grow faster than
grade 1 tumors but slower than grade 3 tumors
and have an intermediate probability of metasta-
sis. Therefore, patients with grade 1 and grade
2 tumors generally have a better prognosis than
those with grade 3 tumors. Our analysis con-
firms these findings, as we observe that grade 3
is a risk factor for transitions 01, 02, 13 and 23.
It is not significantly associated with transition
03 (death with no relapse), which is quite logical
because this transition is rather associated with
deaths not due to cancer.

TNM classification (Giuliano et al., 2017)
The TNM (Tumor size, Nodes involvement, pres-
ence of Metastasis) classification from the Amer-
ican Joint Committee on Cancer (AJCC) is used
to establish tumor stage of patients with breast
cancer. The tumor size (T) is a classification
from TO (no evidence of primary tumor) to T3
(tumor size greater than 5 cm), and T4 (tumor
size growing into the chest wall and/or skin). The
number of invaded lymph nodes (N) is a classifi-
cation from NO (cancer has not spread to nearby
lymph nodes), to N3 (cancer has spread to more

than 10 auxiliary lymph nodes). There features
are well-known risk factors of breast cancer pro-
gression. Interpretability of MSnet reveal that
for all the transitions T1 is a protective factor
while T2 is a risk factor. T3 is not significant,
that is probably due to the fact that the fre-
quency of observations of T3 is low against fre-
quencies of T1 and T2. For all transitions, NO
is a protective factor, N1/N2/N3 are risk factors
(except for transition13 where N2/N3 are not sig-
nificant). These findings align with the existing
literature, indicating that a TO (or NO) cancer
is a protective factor, while a higher T (respec-
tively a higher N) increases the risks of relapse
and death.

Hormone receptor status (Allison et al.,
2020) Breast cancers can be classified in two
groups: hormone receptor-positive versus hor-
mone receptor-negative cancers. In hormone
receptor-positive breast cancers, female sex hor-
mones (estrogen - ER - and/or progesterone -
PR) stimulate tumor growth. These cancers usu-
ally grow slower than hormone receptor negative
cancers and have a better short-term prognosis,
but may have a higher risk of late recurrence. In
hormone receptor-negative breast cancers, female
sex hormones do not affect cancer cells growth.
They have a greater risk of relapse in the first
years after the end of treatment. In our results,
we found that hormone receptor-positive (ER+
and/or PR+) cancers are favourable prognostic
factors, while hormone receptor negative (ER-
and/or PR-) cancers are unfavorable prognostic

270




MSNET: A DEEP NEURAL NETWORK FOR MULTI-STATE PROCESSES

factors for all five transitions. This means that
hormone receptor-positive cancers have a lower
risk of relapse or death than hormone receptor
negative cancers; these conclusions are consistent
with the literature.

Her2 status (Allison et al., 2020) Breast
cancers can also be classified as Her2-positive
(Her2+) or Her2-negative (Her2-) cancers.
Her2+ breast cancers have a higher level of the
protein Her2 (Human epidermal growth factor re-
ceptor 2). This protein increases the growth of
cancer cells, which makes the cancer more ag-
gressive than Her2- cancers. However, Her2 tar-
geted treatments are very effective, that makes
Her2+ cancers having a very good prognosis for
relapse and death. In ours results, we can see
that, for the transitions related to death (03, 13,
23), Her2- is a risk factor, Her2+ is a protective
factor; for transitions related to distant and local
relapses (01 and 02), there is no significant effect
of the protein Her2.

Age at diagnosis (McGuire et al., 2015)
Age is a known risk factor of breast cancers: in-
cidence increases with age. However, patients di-
agnosed at a young age (less than 40 years old)
have a poorer prognosis than patients aged from
40 to 60 years old. They present a higher prob-
ability to have a triple-negative cancer (i.e., ER-
, PR- and Her2-) because they are about 2 to
3 times more likely to have the BRCA1 muta-
tion that is linked to the development of aggres-
sive breast cancer as the triple-negative breast
cancer. These cancers have a poorer remission
prognosis than other sub-types of breast cancer.
Consequently, this age group has a higher recur-
rence rate than the others age groups. Patients
over 70 years old have the lowest survival; their
survival is affected by their age and their risk
of developing medical comorbidities. However,
cancers of elderly patients are mainly hormone
receptor-positive cancers; therefore they present
a low risk of cancer-related death. In our the
results of interpretability of MSnet, for the tran-
sitions related to distant and local relapses (01
and 02), younger ages (< 50 years old) are risk
factors, while older ages (>50) are protective fac-
tors. These results are consistent with the litera-
ture; younger patients have a higher probability
of relapse; older patients have a good prognosis
of cancer recurrence as they can be treated effec-

tively with hormonotherapy. For the transitions
related to death after relapse (13 and 23), older
ages (greater than 50 years old) are risk factors,
while younger ages (less than 50) are protective
factors. We can also see that patients aged of 90
years old a higher risk for these transitions than
patients aged of 70 years old. These results are
consistent as the risk of death for patients over 70
years old is also strongly correlated to comorbidi-
ties, and this risk increases when age increases.

Therapy and surgery (Gradishar et al.,
2020) Breast cancer treatment is based on
surgery (with either breast conserving surgery or
either mastectomy) and therapies (radiotherapy
and/or chemotherapy and/or hormonotherapy).
Surgery is most often performed first in order to
remove tissues affected by cancer cells, and then
it is followed by therapies. Indications for radio-
therapy depend on the cancer stage. Indications
for chemotherapy depend on the cancer stage
and on the risk factors for cancer recurrence, it
aims to increase relapse prognosis. In our re-
sults on MSnet, for the five transitions, having
a chemotherapy is a very high risk factor; this is
because indication for this type of treatment con-
cerns patients who are most at risk of relapse, and
therefore who have a poor remission prognosis af-
ter surgery. Alongside, radiotherapy is indicated
for less aggressive cancers with better prognosis;
that can explain why radiotherapy is a protective
factor, and why chemotherapy is a risk factor.
The majority of patients in the METABRIC co-
hort have hormonal cancer, i.e. hormone receptor
positive cancers. Hormonotherapy is indicated in
that case and is very effective for improving pa-
tients’ prognosis. Therefore, as we can see in our
results, be treated with hormonotherapy is a pro-
tective factor for relapse and death. Finally, we
can see that breast surgery is a significant prog-
nostic factors for transitions 13 and 23: a breast
conserving surgery (respectively a mastectomy)
is a protective factor (respectively a risk factor);
this result is coherent because a mastectomy is
realized for larger tumors, i.e. with a high T.
The reader should nevertheless note that ther-
apies and surgery can’t really be interpreted as
prognostic factors, as their effect is correlated to
the targeted patients that have initially a poorer
or a better prognosis.
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Histological classification (Makki, 2015)
Breast cancers can be classified with their his-
tological type. We preprocess the histological
classification feature in the METABRIC dataset
by categorizing the histological sub-types in 5
modalities based on the literature and on a M.D
expertise: IDC, IDC rare, ILC, mixed IDC-ILC,
others. We distinguish two sub-types of IDC (In-
vasive Ductual Carcinoma) cancers that repre-
sent about 80% of breast cancers. Modality IDC
represents the majority, i.e. 75%, of IDC can-
cers; modality IDC rare characterizes a special
type of breast carcinoma representing about 2%
of IDC cancers. ILC (Invasive Lobular Carci-
noma) cancers are the second main type of inva-
sive breast cancers, representing about 5 to 15%
of invasive breast cancers. Mixed IDC-ILC can-
cers can be categorized as IDC and ILC cancers.
Modality others represents breast cancers with
no specific sub-type, i.e. cancers that haven’t
sufficient histological characteristics to enter one
of the previous sub-type. According to the lit-
erature, IDC cancers have a high probability of
developing metastasis, and therefore have a poor
prognosis. IDC rare cancers have a good prog-
nosis. ILC cancers tend to develop metastasis as
well; they are harder to detect than IDC cancers;
they are more likely to affect both breasts and
older women; they have a poor prognosis. Mixed
IDC-ILC cancers have an uncertainty progno-
sis and an uncertainty treatment response, but
they generally present a better prognostic than
ILC cancers. In our results, we can see that the
modality IDC rare is a high protective factor for
transitions related to recurrence. Modality IDC
is a risk factor for transitions related to death.
IDC-ILC is a risk factor for transitions related to
death, while it is a protective factor for transition
related to cancer recurrence.

Appendix L. Rotterdam cohort:
Clinical decision
support

Kaplan Meier curves of relapse-free survival
(RFS) per risk profile are given in Figure 7 below.
Risk profiles clearly separate a high-risk popu-
lation whose relapse-free curve lies significantly
below the curves of the two other groups. Such
stratification could support a simple clinical de-

cision policy in which patients classified as high
risk would be considered for intensified monitor-
ing or more aggressive management, while low-
risk patients would remain under standard care.

Survival (KM esimate) per risk group

104
— low risk

high risk
— intermediate risk
0.8 1

0.6

Survival

0.4 +

0.2 4

0.0

T T T T T T T T
0 1000 2000 3000 4000 5000 6000 7000

Time
low risk
Atrisk 965 819 620 340 93 10 1 0
Censored 0 25 122 349 564 641 648 649

Events 0 121 223 276 308 314 316 316

high risk

Atrisk 956 479 271 160 62 15 5 2
Censored 0 27 66 127 197 239 248 251

Events 0 450 619 669 697 702 703 703
intermediate risk

At risk 1061 793 564 362 133 42 2 0
Censored 0 27 101 248 435 522 560 562

Events 0 241 396 451 493 497 499 499

Figure 7: Kaplan Meier curves of relapse-free sur-
vival per risk profile on the Rotterdam cohort pa-
tients.
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Figure 8: Interpretation for transition 0 — 1 with the algorithm MS-CPFTI.
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Figure 9: Interpretation for transition 0 — 2 with the algorithm MS-CPFTI.

274



MSNET: A DEEP NEURAL NETWORK FOR MULTI-STATE PROCESSES

age_25

_4‘0-

m- -

m- -

age_70

95+

inf_men_status post-
inf_men_status_pre -
hist_others
hist_IDC -
hist_IDC_RARE-
hist_IDC_ILC A
hist_ILCA

cell_low

cell_high -
cell_moderate
HER2_SNPE_neut_loss-
HER2_SNPE_gain -
Her2_status neg-
Her2_staius pos-

% ER_status_neg-
e

ER_status pos -
PR_status neg

RT_no-
RT_yes-
CT_no+

&
8
W T T T T L TR T T

-0001 0000 0001 0.002
Feature importance scores

Figure 10: Interpretation for transition 0 — 3 with the algorithm MS-CPFI.
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Figure 11: Interpretation for transition 1 — 3 with the algorithm MS-CPFI.
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Figure 12: Interpretation for transition 2 — 3 with the algorithm MS-CPFI.

277



	Introduction
	Related Work
	Methods
	Background on multi-state processes
	Classical formalism
	Transition times
	Transition intensities
	Log-likelihood

	MSnet
	Our theoretical formalism
	Architecture
	Interval cutpoints
	Loss function
	Predictions


	Experiments
	Data
	Real-world datasets
	Simulated datasets

	Evaluation setting 
	Results
	Real-world datasets
	Simulated datasets


	Discussion
	Example of multi-state processes
	MSnet architecture
	Re-writing of the conventional log-likelihood
	Cumulative hazard function based on piecewise constant density probabilities
	Simulated datasets
	Covariates
	Event times

	Real-world datasets
	METABRIC cohort
	Clinical features
	Gene selection

	Rotterdam cohort

	Performance metrics
	IPCW estimator of the transition specific and time-dependent AUC
	IPCW estimator of the transition specific and time-dependent BS
	Integrated performance metrics

	Cross validation
	Hyper-parameters
	MSnet
	tsLassoCox
	tsRSF
	SurvNODE
	DeepHit

	Additional results
	Real-world datasets
	Simulated datasets
	Time and computational resources

	METABRIC cohort: Clinical interpretation
	Rotterdam cohort: Clinical decision support

