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Abstract
Machine learning (ML) holds great potential for
accurately forecasting treatment outcomes over
time, which could ultimately enable the adop-
tion of more individualized treatment strategies in
many practical applications. However, a signifi-
cant challenge that has been largely overlooked by
the ML literature on this topic is the presence of
informative sampling in observational data. When
instances are observed irregularly over time, sam-
pling times are typically not random, but rather
informative–depending on the instance’s charac-
teristics, past outcomes, and administered treat-
ments. In this work, we formalize informative
sampling as a covariate shift problem and show
that it can prohibit accurate estimation of treat-
ment outcomes if not properly accounted for. To
overcome this challenge, we present a general
framework for learning treatment outcomes in the
presence of informative sampling using inverse
intensity-weighting, and propose a novel method,
TESAR-CDE, that instantiates this framework us-
ing Neural CDEs. Using a simulation environ-
ment based on a clinical use case, we demonstrate
the effectiveness of our approach in learning un-
der informative sampling.

1. Introduction
Due to its importance in applications ranging from eco-
nomics to healthcare and marketing, the problem of estimat-
ing personalized causal effects of actions – e.g., treatments,
interventions, or policies – has received wide attention in the
recent machine learning (ML) literature (Curth & van der
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Schaar, 2021b). Effectively using real data for estimating
such effects requires dealing with unique challenges aris-
ing from its observational nature. Therefore, the recent
ML literature on treatment effect estimation has paid great
attention to solving methodological issues arising due to
treatment assignment biases in static (Shalit et al., 2017)
and longitudinal settings (Bica et al., 2019). This paper
focuses on another challenge that has been largely over-
looked by the ML literature on treatment effect estimation,
despite its relevance and prevalence in practice: the problem
of informative sampling, sometimes also called informed
presence bias (Goldstein et al., 2016). That is, in observa-
tional data, the timing at which an observation was made is
often not random, but rather indicative of some underlying
information relevant to the estimation problem of interest.

In electronic health records, for example, patients are typ-
ically not recorded randomly over time, but informatively
(Lin et al., 2004): observations are only recorded at irregu-
lar visits to a health care provider, with visit times typically
depending on the patient’s past and present characteristics,
evolving health state, and administered treatments. The re-
sulting sampling mechanism is inherently intertwined with
the patient’s observed outcomes and treatments, with more
check-ups being scheduled for patients in critical condition
or to follow up after a treatment. Throughout this work,
we will refer to examples from health care due to their so-
cietal relevance and intuitive appeal, but the problem of
informative sampling appears in a wide variety of other
domains, such as policy design (Lin et al., 2004), epidemi-
ology (Del Moral & Murray, 2015), economics (Clithero,
2018), or maintenance (Vanderschueren et al., 2023).

Informative sampling poses an important challenge as it
can bias estimates of causal effects when not accounted
for (Robins et al., 1995; Lin et al., 2004; McCulloch et al.,
2016). Intuitively, informative sampling leads to relatively
more measurements of abnormal values and fewer measure-
ments of normal values and, therefore, selection bias in the
data (Liu et al., 2008; Gasparini et al., 2020). Standard sta-
tistical methods can estimate causal effects in the presence
of informative sampling given a well-specified model of
the sampling mechanism (Hernán et al., 2009). However,
existing approaches for modeling the sampling mechanism
from the (bio)statistics literature assume a certain parametric
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Figure 1: Problem illustration: sampling mechanisms. We show an instance’s latent trajectory (Y (t)) and sampling
intensity (λ(t)) over time t, along with administered treatments ( ) and observations ( ) resulting from different sampling
mechanisms. (a) Regular. Samples are obtained at regular intervals over time. (b) SCAR. Samples are irregular, drawn at
completely random intervals over time. (c) SAR. Sampling times are irregular, but not completely random: e.g., there might
be more samples when the outcome is large. We refer to the dependence of the sampling intensity on an instance’s covariates,
treatments, and/or outcomes as informative sampling. Whereas existing work in the ML literature assumes regular sampling
or SCAR, this work is, to the best of our knowledge, the first to consider learning to forecast treatment outcomes given SAR.

form or latent variable(s), which might not match the actual
data-generating process. Moreover, Farzanfar et al. (2017)’s
survey on longitudinal healthcare research finds that these
methods are rarely used in practice, leaving potential bias
largely unaddressed. Therefore, this work examines the use
of flexible ML methods for this task and investigates the
unique methodological challenges arising therein.

Related work.1 Since the initial seminal ML work on het-
erogeneous treatment effect estimation considering binary
treatments and static data (Johansson et al., 2016; Shalit
et al., 2017), this literature has grown rapidly both by mak-
ing methodological refinements in the original setting (Has-
sanpour & Greiner, 2020; Curth & van der Schaar, 2021a)
and by considering new settings, such as continuous treat-
ments (Bica et al., 2019) or survival outcomes (Curth et al.,
2021). Recent extensions have specifically explored using
ML methods for estimating treatment effects over time, such
as RNNs (Lim et al., 2018; Bica et al., 2019; Li et al., 2021;
Berrevoets et al., 2021), transformers (Melnychuk et al.,
2022), and Neural ODEs (Gwak et al., 2020; De Brouwer
et al., 2022) or Neural CDEs (Seedat et al., 2022).

Most existing ML work on causal inference in a temporal
setting has, to the best of our knowledge, implicitly relied on
strict assumptions regarding the sampling mechanism. The
majority assumes regular and uninformative sampling times
(Fig. 1a). Only very recent work relying on neural differen-
tial equations to model the effects of treatment in continuous
time (Gwak et al., 2020; Seedat et al., 2022; De Brouwer
et al., 2022) allows for observations to be irregular (Fig. 1b),
but does not consider or account for potential bias resulting
from sampling times being informative rather than com-
pletely random, which is the focus of this work (Fig. 1c).
This stands in stark contrast to the close attention paid in
the treatment effect estimation literature to other sources
of covariate shift arising in observational data, e.g., due to
static treatment assignment (Johansson et al., 2016), treat-
ment assignment over time (Bica et al., 2019), censoring

1We discuss the related work more extensively in Appendix A.

(Curth et al., 2021) or competing events (Curth & van der
Schaar, 2023). In this spirit, we find it important to study
when and how the informativeness of sampling acts as an
additional source of covariate shift in this setting.

Contributions. Despite the rapid recent expansion of the
ML literature on estimating treatment effects, we believe
that there is still a fundamental lack of understanding, or
even formalization, of the challenges arising due to one of
the most fundamental features of observational data: sam-
pling, the act of observation itself, can be inherently informa-
tive. Therefore, we focus on understanding and analyzing
the challenges that arise from informative sampling and
propose strategies to alleviate bias arising in this context.
In doing so, we make three contributions: (1) We formal-
ize the problem of forecasting treatment outcomes under
informative sampling as a machine learning problem and
characterize the key challenges arising therein as a conse-
quence of covariate shift induced by informative sampling.
(2) We present a general strategy for tackling this challenge
and propose a novel method for learning under informative
sampling, TESAR-CDE, that instantiates this framework us-
ing Neural CDEs. (3) We design a simulation environment
based on a clinical use case to study the effect and different
drivers of informative sampling and use it to empirically
demonstrate that our proposed method is able to correct for
the resulting bias that existing methods can suffer from.

2. Problem Formalization: Data Structure and
Informative Sampling Mechanism

This section describes and formalizes the problem of fore-
casting treatment outcomes in the presence of informative
sampling. We investigate the assumptions required for and
challenges inherent to tackling this problem in Section 3.
We build on the exposition in Lin et al. (2004), who study
longitudinal outcome prediction in the presence of infor-
mative sampling but do not explicitly consider estimating
treatment effects, and build on ideas from Lok (2008); See-
dat et al. (2022) who study forecasting treatment outcomes
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in continuous time but do not consider informative sampling.

2.1. Problem structure: Complete versus observed data

Underlying complete data structure. We consider data
collected over a period [0, T ] in which instances are charac-
terized by a d-dimensional covariate path X : [0, T ]→ Rd
and a treatment path A : [0, T ]→ {0, 1} – which jumps to 1
only at time steps t when treatment is administered2 – both
of which possibly modulate an outcome process of interest
Y : [0, T ]→ R. While we only observe the outcome Y as-
sociated with the treatment path A that was actually admin-
istered (sometimes also referred to as the factual outcome),
we assume that any instance is characterised by a possibly
infinite number of potential outcomes Ya : [0, T ] → R
associated with other feasible treatment paths a.

Observed data structure. Paths X , A and Y are only
sampled (observed) at possibly irregular and discrete time-
points, such as scheduled check-ups or unscheduled ap-
pointments. Therefore, we additionally define a count-
ing process N : [0, T ] → N0 recording the number of
observations made by time t. This process jumps when-
ever a new observation is sampled3, so that dN(t) = 1
if an instance is sampled at time t and dN(t) = 0 oth-
erwise, where dN(t) = N(t) − lims↑tN(s). As in Lin
et al. (2004), for a variable V (t), let V o(t) = V (max s :
0 ≤ t, dN(s) = 1) denote its most recent observation
by time t, V̄ o(t) = {V o(s) : 0 ≤ s ≤ t} its observed
history by time t and V̄ (t) = {V (s) : 0 ≤ s ≤ t} its
full (yet possibly not observed) history by time t. Fur-
ther, let V̄ o(t−) and V̄ (t−) denote the same histories where
the upper limit does not include t. Then, for a study fol-
lowing n instances until time T , we observe a dataset
D = {Oi}ni=1 consisting of n i.i.d. copies of O = Fo(T )
where Fo(T ) = (X̄o(T ), N̄(T ), Āo(T ), Ȳ o(T )).

2.2. Distinguishing between different sampling patterns

In order to define what distinguishes the informativeness
of different sampling patterns, we first need to introduce
a conditional intensity λ(t) which governs the observation
process N(t). In its most general form, adopting the nota-
tion of Lin et al. (2004), this can be defined through

P(dN(t)=1|X̄(T ), N̄(T ), Ā(T ), Ȳ (T )) = λ(t)dt, (1)

2In this exposition, we assume that A(t) = 1 only at single
time-steps where treatment is administered; for treatments that
are administered over a time-period [t1, t2] one could instead de-
fine a counting process that jumps whenever treatment status is
changed as in Lok (2008); Seedat et al. (2022). Further, as noted in
Seedat et al. (2022), this definition can be generalized to multiple
treatments by assuming A to be a multivariate process.

3For ease of exposition, we assume that whenever an instance is
observed at t, we record all of X(t), A(t) and Y (t). Nevertheless,
it would be possible to relax this by instead introducing separate
counting processes for each variable or component thereof.

For notational convenience, we omit conditioning in λ(t).

Using this definition, we can differentiate between different
sampling mechanisms (Pullenayegum & Lim, 2016), giving
rise to a classification similar to missingness mechanisms
in static data (Rubin, 1976). This categorization is based
on the causal role of the instance history in relation to the
observation intensity (Fig. 1 shows a graphical overview):

• Regular sampling (Fig. 1a). Instances are observed at K
regular (pre-determined) timesteps T = {t1, . . . , tK}, so
that λ(t)dt = 1 if t ∈ T else λ(t)dt = 0. Most existing
related work (e.g. Lim et al., 2018; Bica et al., 2019; Mel-
nychuk et al., 2022) implicitly relies on this assumption.

• Sampling completely at random (SCAR; Fig. 1b). In-
stances are observed at completely random time-steps,
with the intensity independent of all variables: λ(t)dt=
P(dN(t) = 1|X̄(T ), N̄(T ), Ā(T ), Ȳ (T )) = P(dN(t) =
1). Recent work on treatment effect estimation from ir-
regularly sampled data using neural differential equations
(Gwak et al., 2020; Seedat et al., 2022; De Brouwer et al.,
2022) is explicitly only equipped to handle this scenario.

• Sampling at random (SAR; Fig. 1c). Being observed
at time t is independent of the (up until then unknown)
outcome at time t given the observed history up to time t:

λ(t)dt = P(dN(t)=1|X̄(T ), N̄(T ), Ā(T ), Ȳ (T ))

= P(dN(t)=1|X̄o(t), N̄(t−), Āo(t−), Ȳ o(t−))

This work investigates the challenges of learning given
SAR, which is considerably weaker than SCAR: it allows,
for example, for patients to have more frequent visits due
to past outcomes, administered treatments, or worsening
symptoms (provided that these are recorded in X).

We also consider a stricter variant, which we will refer
to as the strong SAR assumption: here we assume that
λ(t)dt = P(dN(t) = 1|X̄(T ), N̄(T ), Ā(T ), Ȳ (T )) =
P(dN(t) = 1|X̄o(t−), N̄(t−), Āo(t−), Ȳ o(t−)). This
differs from the more general (weaker) SAR assumption
above in that observing a patient at time t, i.e. dN(t), can-
not depend on the covariates Xo(t) to be observed at time
t. As we discuss in the next sections, the weaker SAR
assumption already allows identification of treatment ef-
fects in our setting, while the strong SAR assumption can
greatly simplify estimation of intensities.

• Sampling not at random (SNAR). The most general
scenario is one where observing is not independent of
future outcomes conditional on the observed history – i.e.
λ(t)dt ̸=P(dN(t) = 1|X̄o(t), N̄(t−), Āo(t−), Ȳ o(t−)).
This would be the case, e.g., if patients chose to visit due
to worsening symptoms that are not recorded in X and
hence act as a latent cause of the intensity and outcome.
In this scenario, outcomes cannot be consistently fore-
cast unless further assumptions regarding the sampling or
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outcome-generating mechanism are made. Therefore, we
rely on sampling at random in this work.

3. Forecasting Treatment Outcomes Under
Informative Sampling: Goals, Assumptions
and Inherent Challenges

3.1. Goal: Forecasting treatment outcomes

We aim to estimate conditional average potential out-
comes (CAPOs) µa,t(τ) at a future time t+τ, τ ∈ (0, τmax]
(with τmax ≤ T − t):

µa,t(τ) = E[Ya(t+τ)|X̄o(t), N̄(t), Āo(t), Ȳ o(t)] (2)

i.e., the instance’s expected outcome under treatment
plan a conditional on its full observed history Ho(t) =
{X̄o(t), N̄(t), Āo(t), Ȳ o(t)} up to time t. We only consider
viable treatment plans a subject to a(t∗) = A(t∗) for t∗ ≤ t
– i.e., those that do not modify the past, factual treatment
history prior to the current time t. Such an estimate could
be used in practice to decide between competing treatment
plans based on expected outcome under either choice. In
line with Gische et al. (2021), we purposefully use the term
forecasting instead of predicting throughout to signify that
we wish to give causal interpretation to the modeled effects
of treatments. This is because, analogously to the standard
static setting, unless we make further identifying assump-
tions, we can in general not assume that predictions based
on expectations of the form E[Y o(t + τ)|A = a,Ho(t)]
are equal to forecasts based on expectations of the form
E[Ya(t+ τ)|Ho(t)].

3.2. Identifying assumptions

To ensure identification of causal claims from observa-
tional data, we need to introduce additional assumptions.
First, we make assumptions that correspond to adaptations
of the standard ignorability assumptions (Rubin, 2005)
from the standard static setting to our setting. To do
so, we define treatment propensities for single time-steps
π(a(t)) = P(A(t) = a(t)|X̄(T ), Ȳ (T ), Ā(T ), N̄(T )) and
entire trajectories πt(a) = P(A= a|Ho(t)) given history
until time t.

Assumption 3.1. Consistency. Given an observed treat-
ment path A, we observe the outcome corresponding to the
associated potential outcome: Y o(t) = YA(max s : 0 ≤
s ≤ t, dN(t) = 1).

Assumption 3.2. Unconfoundedness. The treatment
propensity π(a, t) does not depend on future outcomes or
unobserved information:

π(a(t)) = P(A(t)=a(t)|X̄(T ), Ȳ (T ), Ā(T ), N̄(T ))

= P(A(t)=a(t)|X̄o(t), N̄(t), Āo(t−), Ȳ o(t−))

Assumption 3.3. Overlap (Positivity for treatment). 0 <
P(A = a|Ho(t)) < 1, for all admissible treatment paths a
and historiesHo(t) of interest for forecasting.

These assumptions are required regardless of the sampling
mechanism. For regular sampling, these reduce to the se-
quential ignorability assumptions made in earlier work (e.g.,
Lim et al., 2018; Bica et al., 2019; Melnychuk et al., 2022).

On top of these ignorability assumptions, estimating causal
effects under informative sampling requires making ad-
ditional assumptions regarding the sampling mechansism
(Robins et al., 1995). In contrast to existing work which im-
plicitly assumed regular observations (e.g., Lim et al., 2018;
Bica et al., 2019) or sampling completely at random (e.g.,
Seedat et al., 2022), we explicitly state our assumed observa-
tion process. Specifically, we rely on the weaker, previously
introduced sampling at random (SAR) assumption:

Assumption 3.4. Sampling at random (SAR). The
sampling intensity process does not depend on unob-
served or future information, i.e., λ(t) = P(dN(t) =
1|X̄o(t), N̄(t−), Āo(t−), Ȳ o(t−)).

Analogous to assumptions on treatment overlap, we assume
the probability of observing at any point in time is bounded
away from zero, for any history of interest for forecasting:

Assumption 3.5. Positivity of observation. P(dN(t +
τ) = 1|Ho(t)) > 0 for any τ ∈ (0, T − t] and history
Ho(t) of interest.

Finally, we assume that all treatment events are observed.
In most applications, this is a natural assumption (e.g., if
treatments are administered at a hospital). It is generally
not possible to estimate treatment effects from observed
outcomes without knowing which treatments were adminis-
tered, unless further assumptions are made (Kennedy, 2020).

Assumption 3.6. Observed treatments. All treatments are
observed, i.e. P(A(t) = 1|dN(t) = 0) = 0.

The identifying assumptions discussed above can equiva-
lently be expressed as a generative model, determining the
temporal ordering of realizations of the different observed
variables4. In particular, at each time t, the visit decision
dN(t) is realized first, which can depend on observed histo-
riesHo(t−) and covariates to be observed Xo(t) (SAR) or
onHo(t−) only (strong SAR); the former implies a setting
where e.g. patients present themselves for an appointment
due to worsening symptoms while the latter allows only
scheduling of future appointments due to symptoms already
observed earlier. If dN(t) = 1, then covariates Xo(t) are

4In principle, other generative models could be assumed as long
as sufficient exclusion restrictions between observation-/treatment-
generating processes and outcome-generating processes are made.
For example, the visit process can depend on future treatments if
such treatments are pre-scheduled.
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first observed, treatment A(t) is then determined based only
on observed information (Ho(t−), N(t) & Xo(t)) and, fi-
nally, the outcome is realized and observed as Y o(t).

3.3. What makes learning CAPOs from observational
data challenging?

If we had access to the complete data structure with all poten-
tial outcomes Ya(t), learning an estimate µ̂a,t(τ ;Ho(t)) for
the CAPOs with fixed a would be a standard ML problem:
we would search a hypothesis function in some hypothesis
class F that minimizes the expected (oracle) risk R∗, i.e.,

µ̂a,t(τ ;Ho(t)) ∈ arg min
fa,τ∈F

R∗(fa,τ ) (3)

where, for some loss function ℓ, and using the shorthands
t′ = t+ τ and ht = Ho(t)

R∗(fa,τ ) = E

[∫ T

0

∫ τmax

t

ℓ (Ya(t
′), fa,τ (ht)) dτdt

]
=

∫ T

0

∫ τmax

0

∫∫
ℓ (ya(t

′), fa,τ (ht)) dP (ya(t
′)|ht)dP (ht)dτdt

However, as previously discussed, in reality we only have
access to observational data in which patients are (i) in-
completely, irregularly, and informatively observed and (ii)
characterized by only a single factual outcome correspond-
ing to the treatment actually received. If we were to learn a
standard ML predictor from this observed data, we would
instead be optimizing the observational risk Robs(ha,τ ) =

E

[∫ T

0

∫ τmax

0

1{A=a}dN(t′)ℓ (Ya(t
′), fa,τ (ht)) dτdt

]
=

∫ T

0

∫ τmax

t

∫∫
ℓ(ya(t

′), fa,τ (ht))πt(a)λt(t
′)

dP (ya(t
′)|ht)dP (ht)dτdt

Thus, unless the τ -step ahead intensity λt(t
′), defined

through λt(t
′)dτ = P(dN(t+τ)=1|Ho(t) ∪ Ā(t+ τ−)),

and treatment propensity πt(a) are constant across patient
histories, the minimizers of R∗ and Robs will in general be
different. Intuitively, this is because the distribution of pa-
tient characteristics in the observed data can differ from the
distribution in the underlying unobserved complete distribu-
tion, both due to informative sampling and treatment selec-
tion. Thus, the challenge we are facing here is one of covari-
ate shift between the training data and hypothetical test data.

Covariate shift and its potential remedies have been studied
in much depth in the recent ML literature (see e.g. Redko
et al. (2020); Farahani et al. (2021) for recent overviews).
Here, we explore the use of one of the oldest and most well-
established solutions: importance weighting (Shimodaira,

2000). That is, as further discussed in the next section, we
propose to minimize a weighted observational risk

Rw(fa,τ ) = E

[∫ T

0

∫ τmax

0

wa,τ ℓ(fa,τ )dτdt

]
(4)

with ℓ(fa,τ ) = 1{A = a}dN(t′)ℓ (Ya(t
′), fa,τ (ht)). For

oracle importance weights w∗
a,τ = 1

π(a)λt(t′)
it is easy to

see that Robs,w
∗
(fa,τ ) = R∗(fa,τ ).

4. Learning to Forecast Treatment Outcomes
Under Informative Sampling

This section presents a methodology for learning to forecast
treatment outcomes under informative sampling. Section 4.1
presents a general framework that is compatible with any
ML algorithm capable of predicting outcomes over time.
Section 4.2 instantiates this framework using Neural CDEs.

4.1. Learning To Forecast Using Inverse Intensity
Weights

The analysis presented in Section 3.3 allows straightforward
construction of a framework for learning to forecast treat-
ment outcomes from informatively sampled (SAR) data.
Given an ML algorithm A that can issue continuous-time
predictions using irregularly sampled data, one simply needs
to fit A on the observed data while providing appropriate
importance weights w. As the true weights will generally be
unknown in practice, one might have to use A to also learn
(i) observation intensities and (ii) treatment propensities to
gain access to estimates of the true importance weights. As
we discuss for a specific example in Section 4.2.2, one could
learn such weights either in a pre-processing step or in an
end-to-end fashion.

When learning intensity weights, it becomes important
whether one makes the general SAR or the strong SAR
assumption: under the strong SAR assumption, learning
λt(t

′) comes down to the easier task of estimating
P(dN(t′) = 1|Ho(t)) directly, where t′ = t + τ . Under
the more general SAR assumption, one needs to model
dN(t′) and Xo(t′) jointly as a marked point process
to learn the distributions P (dN(t′), Xo(t′)|Ho(t)) =
P (dN(t′)|Xo(t′),Ho(t))P (Xo(t′)|Ho(t)), where
P (Xo(t′)|Ho(t)) could be a high-dimensional continuous
density. In the remainder, we therefore restrict ourselves
to the strong SAR setting – allowing us to highlight the
challenges arising when learning under some form of
informative sampling. It would be an interesting next step
to incorporate some of the recent work on Neural Temporal
Point Processes (see e.g. Shchur et al., 2021) to enable
learning under more complex dependencies.

In the following, we discuss two possible implementations
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t−4 t−3 t−2 t−1 t t′
Data (x, a, y)

Path (X,A, Y )

Latent state z
Āt(t

′)

zt(t
′)

λ̂t(t
′)

ŷt(t
′)

Encoder Decoder

Figure 2: TESAR-CDE: Adapting TE-CDE for learning given SAR. The history of observations ( ) and treatments ( )
up to time t is first encoded as a continuous latent path z(t). Based on a future treatment plan Āt(t

′), the decoder then
forecasts a future latent path zt(t

′), with t′ = t+ τ . In contrast to TE-CDE, TESAR-CDE (1) uses the latent path zt(t
′) to

forecast both the outcome ŷt(t
′) and intensity λ̂t(t

′), and (2) uses the intensity to weight the outcome loss using LWMSE.

of this framework using Neural CDEs by extending the
methodology for learning continuous time treatment effects
of Seedat et al. (2022) (which originally did not correct
for informative sampling). Nevertheless, the approach dis-
cussed above is more general and could be applied to any
ML model that can predict Y (t).

4.2. TESAR-CDE: Forecasting with Intensity-weighted
Neural CDEs

This section presents TESAR-CDE, a specific implemen-
tation of the framework discussed above by extending TE-
CDE (Seedat et al., 2022) to account for informative sam-
pling (SAR), see Fig. 2 for a graphical overview. In the
remainder of this work, we focus on the special case where
complete treatment plans A are randomly assigned and fixed
at time t = 0; such a situation commonly arises in prac-
tice, e.g., in a clinical trial with a dynamic observation plan
(Lin et al., 2004; Bužková & Lumley, 2009). This allows
to single out the challenges arising solely due to the pres-
ence of informative observations. Moreover, this allows
us to highlight that the forecasting problem remains chal-
lenging even in the absence of all treatment selection bias
(the main challenge addressed in related work). Neverthe-
less, if required, any existing method equipped to deal with
outcome-treatment confounding – e.g., using importance
weighting (Lim et al., 2018) or adversarial training (Seedat
et al., 2022) – could simply be combined with the inverse
intensity weighting approaches we discuss and test below.

4.2.1. BACKGROUND: TE-CDE

Treatment Effect Neural Controlled Differential Equation
(TE-CDE; Seedat et al., 2022) is a recently proposed model
for forecasting treatment effects from irregularly sampled
data. TE-CDE views observations as samples from an un-
derlying continuous-time process and uses Neural CDEs
(Kidger et al., 2020) to learn this latent trajectory. First, an
encoder learns a latent path z(t) as the solution of a CDE:

z(t0) = g(X(t0), A(t0), Y (t0)),

z(t) = z(t0) +

∫ t

t0

fθ(z(s))
d(X(s), A(s), Y (s))

ds
ds

with g and fθ neural networks. This is achieved by solving
the above initial value problem (IVP), ∀s ∈ [t0, t]:

z(t) = ODESolve(fθ, z(t0), X̄(t), Ā(t), Ȳ (t))

using a numerical ODE solver (Kidger et al., 2020). The
decoder forecasts the future latent path zt(t

′) by solving a
second IVP given the future treatment plan Āt(t

′):

zt(t
′) = ODESolve(fϕ, z(t), Āt(t

′)),

with decoder network fϕ and t′ = t + τ . A final network
fψ maps the latent path zt(t

′) to the outcome ŷt(t
′) =

fψ(zt(t
′)). Fig. 3a shows the complete architecture.

The entire model (g, fθ, fϕ and fψ) is trained by optimizing
the mean squared error (MSE) of the predicted outcome:

LMSE
i =

∫ T

0

∫ τmax

0

dNi(t
′) (yi(t

′)− ŷi,t(t
′))

2
dtdτ.

This way, the mean squared error is calculated using the
observed outcomes in the considered forecasting horizon
(0, τmax], for each timestep t ∈ [0, T ]. To account for
bias resulting from time-dependent confounding, TE-CDE
also uses domain adversarial training to learn a treatment-
invariant representation. However, as discussed above, we
focus on unconfounded settings in the remainder of this
work and therefore do not include this, though it is straight-
forward to add it in settings where needed.

4.2.2. TESAR-CDE: LEARNING TO FORECAST WITH
AN INVERSE-INTENSITY WEIGHTED LOSS

In this section, we instantiate our previously proposed frame-
work using Neural CDEs, resulting in TESAR-CDE, Treat-
ment Effects given Sampling At Random using Neural
CDEs. Essentially, we extend TE-CDE for learning under
informative sampling. Given (estimated) intensities λ̂i,t(t′),
adapting TE-CDE’s outcome loss to adjust for informative
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(a) TE-CDE
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2

λ̂t(t
′)

ŷt(t
′)
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(b) TESAR-CDE (Two-step)

λ̂t(t
′)

ŷt(t
′)

LCE
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(c) TESAR-CDE (Multitask)

Figure 3: Comparing TESAR-CDE to TE-CDE. We show TE-CDE and our proposed alternative, TESAR-CDE, in its
two-step and multitask configuration. Arrows indicate the input ( ), forward pass ( ) and backpropagation ( ). The
multitask model uses the intensity loss only to train the intensity map, but not the shared encoder or decoder. The dashed
arrow ( ) indicates that the intensities are used as weights λ−1

t in LWMSE, but not backpropagated as part of this loss.

observations is straightforward: the inverse of these esti-
mated intensities can be used as importance weights to train
TE-CDE for outcome prediction using a weighted MSE:

LWMSE
i =

∫ T

0

∫ τmax

0

dNi(t
′)
(yi(t

′)− ŷi,t(t
′))

2

λ̂i,t(t′)
dtdτ.

We propose a multi-stage or end-to-end version of TESAR-
CDE (Fig. 3 compares the proposed architectures with TE-
CDE). Both predict the intensity from zt as λ̂i,t(t

′) =
fλψ(zt(t

′)). We assume there is a minimal sampling interval
dt; e.g., doctors might not measure covariates more than
once per hour. Let dNi,t(t

′) = 1 if instance i was observed
in interval (t, t′], 0 otherwise. The intensity λi,t(t

′) can then
be approximated by minimizing the cross-entropy

LCE
i = −

T∑
t=0

τmax∑
τ=0

[
dNi,t(t

′) log
(
λ̂i,t(t

′)
)

+ (1−dNi,t(t
′)) log

(
1−λ̂i,t(t′)

)]
,

where t′ = t+ τ . For applications where no minimal time
step dt exists, neural point processes can be used to learn the
intensity in continuous time (see e.g. Shchur et al., 2021).

The two-step procedure consists of two TE-CDE style mod-
els that are trained sequentially. A first model predicts the
intensity λi,t(t

′); a second model uses the inverse of these
intensities λi,t(t′)−1 as weights in its weighted MSE loss.
Alternatively, we can combine both tasks in a multitask
framework to predict both intensities and outcomes:

LMT = (1− α)LWMSE
i + αLCE

i , (5)

with hyperparameter α balancing the importance of the two
terms. The intensity loss only optimizes the intensity map
fλψ ; the weighted MSE is used to optimize the rest of the
network (g, fθ, fϕ, f

y
ψ). Moreover, similar to Hassanpour

& Greiner (2019)’s architecture for learning importance
weights to correct for treatment-outcome confounding, we
do not backpropagate with respect to the intensity weights in

the weighted MSE for outcome prediction, as this could bias
the network to predict small weights (i.e. large intensities)
in order to minimize the weighted MSE.

The potential benefits of the multitask framework are three-
fold. First, learning a shared representation zt to predict
both outcome and intensity results in fewer parameters. Sec-
ond, it requires only training one network and one call to
the ODE solver per iteration, resulting in computational
speedups. Third, to reduce the variability due to impor-
tance weighting, we only optimize the shared representation
of the multitask model for outcome prediction. For bias
correction using importance weighting, the shared represen-
tation does not need to be a sufficient statistic for predicting
the intensity. This is because we only need to care about
the non-uniformity in observation intensity insofar as it is
related to the outcome. The reason for this is conceptu-
ally identical to why one should not include predictors of
treatment only (a.k.a. instruments) in a propensity score
(VanderWeele, 2019) and why sufficient dimensionality re-
duction before importance weighting is recommended in
general applications with covariate shift (Maia Polo & Vi-
cente, 2022): importance weighting generally only needs to
adjust for shifts in variables that are themselves predictors of
the outcome. Our multitask learner implicitly enforces this
by optimizing the shared representation based on the out-
come loss only. The two-step and multitask architectures are
illustrated in Figs. 3b and 3c. Appendices C and D provide
more details on the training procedure and implementation.

5. Results
To assess the impact of informative sampling, we propose
a novel simulation environment that allows us to control
the level of informativeness and assess its effect on the
resulting model’s performance. Our simulation is inspired
by real-world randomized controlled trials that compared
treatment regimes in the context of lung cancer (Furuse et al.,
1999; Aupérin et al., 2010; Curran Jr et al., 2011). Given
the patient’s history, our goal is to forecast the patient’s
tumor size for a potential future treatment plan. Our code is
available at https://github.com/toonvds/TESAR-CDE.
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5.1. Simulation: lung cancer treatment

Following existing work (e.g., Melnychuk et al., 2022;
Seedat et al., 2022), we simulate data based on the tumor
growth model of Geng et al. (2017). To analyze the effect
of informative sampling, we combine this tumor growth
model with a sampling mechanism in which the degree of
informativeness can be controlled. We refer to Appendix E
for more detailed information and visualizations.

Tumor growth simulation. We simulate tumor growth
based on a pharmacokinetic-pharmacodynamic model of
Geng et al. (2017). This model simulates the outcome,
tumor volume Y (t), based on the historical tumor volume,
tumor growth, chemotherapy, and radiotherapy:

dY (t)

dt
=

[
1 +

Tumor growth︷ ︸︸ ︷
ρ log

(
K

Y (t)

)
−

Chemotherapy︷ ︸︸ ︷
βcC(t) (6)

−
(
αrd(t) + βrd(t)

2
)︸ ︷︷ ︸

Radiotherapy

+ ϵ(t)︸︷︷︸
Noise

]
Y (t),

with K, ρ, βc, αr, βr, ϵt sampled following Geng et al.
(2017); C(t) and d(t) are set following existing work (Lim
et al., 2018; Bica et al., 2019; Seedat et al., 2022).

Treatment plans. We differentiate between a sequential
and concurrent treatment regime (Curran Jr et al., 2011).
In the sequential treatment arm, patients receive weekly
chemotherapy for five weeks, followed by weekly radiother-
apy for five weeks. In the concurrent treatment arm, patients
biweekly receive both chemotherapy and radiotherapy for
ten weeks. Patients are randomly divided among the two
treatment arms based on a Bernoulli distribution with proba-
bility p = 0.5. This way, there is no confounding: treatment
assignments are random and do not change during the trial.

Observation process. We observe patients based on a
patient-specific, history-dependent intensity process. This
is achieved by simulating each patient’s observation process
with intensity λi(t) in which γ controls the informativeness:

λi(t) = σ

[
γ

(
D̄i(t−)
Dmax

− 1

2

)]
, (7)

where σ denotes the sigmoid function. Dmax = 13cm de-
notes the maximal tumor diameter and D̄(t−) is the average
tumor diameter over the past 15 days. By simulating the
observation process in this way, we can control the degree
of informativeness: γ = 0 implies SCAR as λi(t) = 0.5,
while γ > 0 implies SAR with a larger γ implying more
informativeness or dependence between the tumor size and
intensity. As γ increases, patients with larger tumors are
more likely to be observed, those with smaller tumors less.

Experimental setup. We assume treatments are always
observed, as these are planned in advance and administered

in the hospital. Nevertheless, at treatment time, we do not
necessarily observe the patient’s tumor size, e.g., because
observing tumor size requires an invasive procedure sep-
arate from the treatment. For the test set, we observe all
information at daily intervals. This idealized setup allows
us to assess whether the model is able to learn the underly-
ing distribution, as opposed to fitting the observed samples.
Similarly, the test data also contains the potential outcomes
for both treatment arms. For each experiment, we generate a
training set with 200 patients, validation set with 50 patients,
and test set with 200 patients, all over a period of 120 days.

5.2. Empirical results

This section presents the empirical results using the exper-
imental setup described above. More specifically, we aim
to answer three questions: (1) What is the impact of infor-
mative sampling?; (2) What is the impact of observation
scarcity?; and (3) When does informativeness matter? In
Appendix F, we present additional experiments to evaluate
TESAR-CDE’s intensity prediction and analyze the sensi-
tivity of the multitask configuration to hyperparameter α.

What is the impact of informative sampling? We compare
the different models at varying levels of informativeness in
Fig. 4. Increasing γ makes the observation process more
informative by having patients with a large tumor visit more
and patients with small tumors less (Eq. (7)). The left side of
Fig. 4 shows the RMSE of the different models at increasing
informativeness. As sampling becomes more informative,
TE-CDE’s performance deteriorates and is outperformed by
the proposed TESAR-CDE. The multitask variant in partic-
ular is robust to high levels of informativeness, achieving
the lowest RMSE overall. The two-step variant generally
outperforms TE-CDE, but performs worse for very high in-
formativeness. As a high γ results in very low intensities for
some patients, the importance weights of these observations
induce large variance and worse generalization properties
in the weighted loss. This phenomenon is a well-known
issue in importance weighting more generally (Cortes et al.,
2010). The right of Fig. 4 shows the performance at differ-
ent forecasting horizons τ ranging from one to five days at a
fixed informativeness of γ = 6. Both TESAR-CDE variants
outperform the standard TE-CDE over all horizons, with the
multitask variant again performing the best overall.

What is the impact of observation scarcity? We analyze
the influence of less frequent sampling across all patients.
We simulate lower overall sampling by scaling all intensities
as λ′(t) = λ(t)

Sλ
with Sλ ∈ {1, 2, 3, 4}. Fig. 5 shows the

impact of increasing scarcity on the resulting RMSE. As
expected, all models perform worse with less frequent sam-
pling. The two-step TESAR-CDE performs worse than the
baseline TE-CDE as scarcity increases, while the multitask
TESAR-CDE is again the best performing model overall.
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Figure 4: Results for varying informativeness γ and different forecasting horizons τ . We show the RMSE ± SE over
ten runs. (Left) RMSE for increasing levels of informativeness γ, keeping the forecasting horizon fixed at τ = 1. (Right)
RMSE for an increasing forecasting horizon τ up to five days, keeping informativeness fixed at γ = 6.
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Figure 5: Observation scarcity. We show the RMSE ± SE
over ten runs at increasing observation scarcity Sλ for fixed
informativeness (γ = 4) and forecasting horizon (τ = 1).

This result indicates that the parameter efficiency of the
multitask model can be helpful when sampling is scarce.

When does informativeness matter? The previous exper-
iments analyzed informative observation processes where
the observation intensity λ(t) was directly related to the
outcome Y (t). Next, we analyze a special case of SAR
where the intensity depends on information that is com-
pletely unrelated to the outcome or treatments. This extreme
scenario mimics a situation in which there are patients that
visit often for reasons unrelated to underlying symptoms or
outcome, e.g. when they suffer from hypochondria. We ex-
amine this using an intensity that depends on covariates xλ:
λi(t) = σ

(
γ
∑d
j (cjxj)

)
, where we include d = 10 static

variables x(i) for each patient, with each xj ∼ N (0, 1) in-
fluencing the intensity through a coefficient cj ∼ U(−1, 1),
but not affecting the patient in any other way. Fig. 6 shows
the prediction error of the different models for an increasing
γ, averaged over τ ∈ {1, . . . , 5}. In this scenario, the sam-
pling mechanism does not significantly affect performance,
with all models having similar performance. If anything,
TESAR-CDE (Multitask) performs slightly worse, possibly
due to importance weighting being unnecessary and adding
variance in this scenario. This result indicates that informa-
tive sampling may only matter when it depends on factors
influencing both observation intensity and outcome.

6. Conclusion
This work analyzed and formalized an essential challenge in
learning to forecast treatment outcomes over time from ob-
servational data: the presence of informative sampling. We
differentiated between different sampling mechanisms de-
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Figure 6: Outcome-unrelated sampling. We show the
RMSE ± SE over ten runs for a sampling mechanism unre-
lated to the outcome Y (t) in function of informativeness γ.

pending on the causal role of the observation intensity. This
categorization allowed us to identify an overlooked, yet com-
mon setting in which observations are sampled irregularly
over time with the observation intensity depending on the
history of the instance’s covariates, outcome, and/or treat-
ments. We formalized learning in this context and analyzed
it as a problem of covariate shift. Based on this, we proposed
a general framework for learning under informative sam-
pling and a novel method, TESAR-CDE, that instatiates this
framework using Neural CDEs. Empirical results demon-
strate the improved performance of TESAR-CDE over the
current state-of-the-art when sampling is informative.

Accounting for informative sampling when learning to fore-
cast treatment outcomes relies on strong identification as-
sumptions regarding both the treatment assignment and sam-
pling mechanism. As these assumptions are untestable, we
need to rely on domain expertise to judge their plausibility in
practical applications. For example, the sampling at random
assumption would be violated if the observation intensity
is affected by an unobserved cause of the outcome. While
beyond the scope of the current work, we believe that ex-
ploring learning under violations of these assumptions is an
important and fruitful area for future research – similar to the
rich lines of work exploring estimation of treatment effects
with hidden confounders or missing treatment information.
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A. Extended Related Work
This section provides a more extensive discussion of several related areas of work.

A.1. Forecasting treatment effects over time

There is a growing interest in the ML literature in estimating personalized treatment effects over time. To this aim, different
types of neural networks have been explored, including RNNs (Lim et al., 2018; Bica et al., 2019; Li et al., 2021; Berrevoets
et al., 2021), transformers (Melnychuk et al., 2022), and Neural ODEs (Gwak et al., 2020; De Brouwer et al., 2022) or
Neural CDEs (Seedat et al., 2022). All existing work in this area has implicitly relied upon assumptions of the observation
process, assuming regular observations or completely random observation intervals, see Table 1. Conversely, our work relies
on the less strict SAR assumption.

Reference Sampling
Lim et al. (2018) Regular
Bica et al. (2019) Regular
Berrevoets et al. (2021) Regular
Li et al. (2021) Regular
Melnychuk et al. (2022) Regular
Gwak et al. (2020) SCAR
Seedat et al. (2022) SCAR
De Brouwer et al. (2022) SCAR
This work SAR

Table 1: An overview of existing work. We categorize the related work according to the assumptions made regarding the
observation process. Sampling is either assumed to be regular, completely at random (SCAR), or at random (SAR).

In addition to existing work leveraging neural networks, there is another line of work in the ML literature that uses Gaussian
processes to estimate treatment effects over time in the presence of irregular samples (Xu et al., 2016; Schulam & Saria,
2017; Roy et al., 2017; Soleimani et al., 2017). Other work has looked at using synthetic controls to estimate the effect
of a (single) intervention over time (Bellot & Van Der Schaar, 2021; Qian et al., 2021). Similar to the ML literature on
estimating treatment effects over time using neural networks discussed above, these also rely on regular samples or SCAR.
To the best of our knowledge, no existing work in the ML literature has studied the problem of estimating treatment effects
given SAR, which is the focus of this work.

Outside the ML literature, several approaches have been proposed for estimating average treatment effects over time,
most notably the seminal work using g-computation and marginal structural models (Robins, 1986; 1997; Robins et al.,
2000). More specifically, several approaches have been proposed in the (bio)statistics literature to learn causal effects under
informative sampling, see Gasparini et al. (2020) for an overview. Existing work on estimating causal effects under SAR
can be categorized based on (1) whether they use inverse visiting weights or random effects, and (2) whether they assume
discrete or continuous time. (1) The first group uses the inverse probability of visiting or its continuous-time equivalent,
the inverse intensity of visiting, as weights in the objective function of the estimator (Robins et al., 1995; Lin et al., 2004;
Pullenayegum & Lim, 2016). (2) The second uses shared random effects to jointly model the observation and outcome
processes (Liu et al., 2008). However, these approaches assume a certain parametric form or latent variable(s), which might
not reflect the actual (unknown) data generating procedure and usually focus on population average effects. Conversely, our
approach is conceptually similar to inverse intensity of visit weighting, but leverages the use of flexible ML methods that do
not require these assumptions.

A.2. Informative sampling in ML

Various other works in ML consider related problem settings. For example, informative sampling has been considered as a
source of information for prognosis in health care (Alaa et al., 2017) and as a challenge to robustness of predictive models to
distribution shifts (Jeanselme et al., 2022), though this line of work does not consider the estimation of treatment effects.
Moreover, the literature on active sensing views takes observing as an active role in which the decision-maker controls the
sampling mechanism (Yu et al., 2009). The key question addressed in this line of work is what and when to measure (Yoon
et al., 2018) and, potentially, also when to stop measuring (Alaa & Van Der Schaar, 2016). This is in contrast to our setting,
where data is not actively sampled, but observed over time and the observer has a passive role.
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A.3. Neural ODEs

Neural ordinary differential equations (ODEs) have recently emerged as a novel class of machine learning models combining
neural networks and differential equations (Chen et al., 2018). Due to their ability of handling irregular observations, Neural
ODEs have been applied for time series, either directly or combined with a recurrent neural network (e.g., Rubanova et al.,
2019). Neural controlled differential equations (CDEs) additionally allow for modeling covariates as a control, making
them suitable for dealing with irregularly sampled time series (Kidger et al., 2020; Morrill et al., 2021), as in the setting
considered in this work.

A.4. Missing data

Dealing with missing data is an important and established field in statistics and machine learning (Rubin, 1976; Little &
Rubin, 2019). This literature is related to our setting, as we are interested in learning a continuous latent path based on
irregular observations over time, which could also be seen as a form of missing data imputation. Moreover, the sampling
mechanisms considered in this work are similar to missing data mechanisms. Several recent works explore dealing with
missing data in the context of treatment effect estimation (Mayer et al., 2020; Berrevoets et al., 2023).
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B. List of Mathematical Symbols
We compile a list of mathematical symbols and their explanation in Table 2. Moreover, we use a real-world example of a
health care application to illustrate their meaning.

Symbol Explanation Cancer patient example

X Covariate path Blood pressure, heart rate, etc.
A Treatment path Chemotherapy, radiotherapy, etc.
Y Outcome path Tumor size
t Time

N(t) Counting process over time Five observations after two weeks
λ(t) Observation intensity over time Probability of observing tumor size at time t

µa,t(τ) Expected treatment outcome at time t+ τ given treatment path a Tumor size next week absent any treatment
ŷi,t(t

′) Instance i’s predicted treatment outcome at time t′ = t+ τ Patient i’s tumor size next week
λ̂i,t(t

′) Instance i’s predicted observation intensity at time t′ = t+ τ Patient i’s observation intensity next week

Table 2: List of symbols. We compile a list of the main mathematical symbols used and their explanation. The final column
illustrates each symbol for the case of a cancer patient.
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C. TESAR-CDE: Multitask Training Procedure
We include a more detailed training procedure for the multitask configuration of TESAR-CDE in Algorithm 1.

Algorithm 1 Pseudo-code for the TESAR-CDE (Multitask) training procedure

Input: Observational data D = {t(i)j , x
(i)
tj , a

(i)
tj , y

(i)
tj } for i ∈ {0, . . . , n} and j ∈ {0, . . . ,mi}, weighted MSE loss

LWMSE, cross-entropy loss LCE, total epochs E, learning rate η, and batch size b. TESAR-CDE architecture consisting of
four networks: an embedding network g with weights Wg , an encoder CDE function fθ with weights Wθ, a decoder CDE
function fϕ with weights Wϕ, a final intensity map fλψ with weights Wλ

ψ , and a final outcome map fyψ with weights W y
ψ .

for epochs = 1 to E do
Sample batch i0, i1, . . . , ib ⊂ {0, . . . , n}
Encode the first observation z(t0)

(i) = g(t
(i)
0 , x

(i)
t0 , a

(i)
t0 , y

(i)
t0 ) for each i in batch

Encode the history up to time t: z(t) = ODESolve(fθ, z(t0), X̄(t), Ā(t), Ȳ (t))
Decode the history up to time t+ τ : zt(t+ τ) = ODESolve(fθ, z(t), Āt(t+ τ))
Map to forecast the outcome at t+ τ : ȳt(t+ τ) = fyψ(zt(t+ τ))

Map to forecast the intensity at t+ τ : λ̄t(t+ τ) = fλψ(zt(t+ τ))

Compute gradg = ∇Wg

1
n

∑n
i LWMSE

i

Compute gradθ = ∇Wθ

1
n

∑n
i LWMSE

i

Compute gradϕ = ∇Wϕ

1
n

∑n
i LWMSE

i

Compute gradψy = ∇Wψy
1
n

∑n
i LWMSE

i

Compute gradψλ = ∇W
ψλ

1
n

∑n
i LCE

i

Update weights Wg ←Wg − η gradg
Update weights Wθ ←Wθ − η gradθ
Update weights Wϕ ←Wϕ − η gradϕ
Update weights W y

ψ ←W y
ψ − η gradϕ

Update weights Wλ
ψ ←Wλ

ψ − η gradλψ
if If 1

n

∑n
i LMT

i = 1
n

∑n
i

(
(1− α)LWMSE

i + αLCE
i

)
did not improve for 50 epochs then

Break {Early stopping}
end if

end for
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D. TESAR-CDE: Implementation
This section provides more details on the implementation of TESAR-CDE.

D.1. Weight truncation

For more stable training, we truncate the estimated intensities at cmin = 0.001, such that the maximal importance weight is
equal to 1000. This is similar to what is typically done with propensity scores when adjusting for confounding bias. The
truncation constant cmin allows for trading off bias and variance, with cmin = 1 corresponding to the unweighted variant
(Cole & Hernán, 2008). We did not tune the cutoff rate cmin.

D.2. Hyperparameter optimization

To allow for a fair comparison between the models, we do not tune hyperparameters for each model separately, but rather
find the best configuration for the baseline TE-CDE model at a level of informativeness γ = 0 and use this for all models.
We show the ranges and final values for all hyperparameters in Table 3. Hyperparameter optimization was done using
wandb’s Bayesian optimization (Biewald, 2020). For each network in the CDE (fθ and fϕ), we use a final tanh activation
layer, as recommended by Kidger et al. (2020). All models are trained with a batch size of 128 and learning rate of 5e−4 for
a maximum of 1000 epochs. Learning was terminated if the training loss did not improve for 50 epochs. For the multitask
configuration, we use α = 0.8 to balance the loss terms, though this is only used for early stopping as each part of the
network has a different optimizer, see also Algorithm 1. For all models, we construct a control path for the Neural CDEs
using a cubic interpolation.

Parameter Range

Latent state z dimension {8, 16,32}
Encoder layers {1, 2,3}
Decoder layers {1,2, 3}
Map layers {1, 2}
Encoder hidden neurons {4,8, 16}
Decoder hidden neurons {4,8, 16}
Map hidden neurons {4,8, 16}

Table 3: Hyperparameter optimization. We show the range for each hyperparameter that was optimized. The optimal
value is shown in bold.

D.3. A note on adding counts

A frequent practice in time series forecasting when observation times may be informative is to add observation counts to
the data (Che et al., 2018; Kidger et al., 2020). However, in the context of estimating treatment effects, this is problematic.
First, adding counts is complicated because estimating counterfactual treatments would then require counterfactual count
data, which is not observed. Moreover, adding count data may itself introduce confounding or collider bias (Goldstein et al.,
2016). Therefore, we do not add observation counts in this work.
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E. Tumor Growth Simulation
We use the tumor growth simulation of Geng et al. (2017), which was also used in the previous ML literature on estamating
treatment effects over time (e.g., Lim et al., 2018; Bica et al., 2019; Melnychuk et al., 2022; Seedat et al., 2022). We refer
to these works for more details.

The tumor size is modelled as:

dY (t)

dt
=

[
1 + ρ log

(
K

Y (t)

)
︸ ︷︷ ︸

Tumor growth

− βcCt︸︷︷︸
Chemotherapy

−
(
αrd(t) + βrd(t)

2
)︸ ︷︷ ︸

Radiotherapy

+ ϵt︸︷︷︸
Noise

]
Y (t).

Parameters are obtained as follows. Carrying capacity K is set equal to 30. Growth parameter ρ is sampled from a normal
distribution ρ ∼ N (7.00 × 10−5, 7.23 × 10−3). βc is also sampled from a normal distribution βc ∼ N (0.028, 0.0007).
Finally, αr and βr are obtained as αr ∼ N (0.0398, 0.168) and β = α

10 . Noise is added by sampling ϵ(t) ∼ N (0, 0.01).

Following earlier work (Lim et al., 2018; Bica et al., 2019; Seedat et al., 2022), we create heterogeniety in the treatment
effects by creating three patient groups. Patient group 1 has a larger radiotherapy effect, achieved by multiplying µ(αr) with
1.1. Similarly, patient group 3 has a larger chemotherapy effect by increasing αc with 10%.

We consider two types of treatment plans: a sequential and a concurrent plan (Furuse et al., 1999; Aupérin et al., 2010;
Curran Jr et al., 2011). We show simulated tumor paths and intensities for several patients in Fig. 7. For the informative
observation process Eq. (7), we visualize the intensity distribution at different levels of γ in Figs. 8 and 9. For the
uninformative observation process, we show the intensity distributions in Fig. 10.

For all experiments, we generate patient trajectories over 120 days. For training, we split the data for forecasting to have a
lookback window of seven days and a maximum forecasting horizon of five days.
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Figure 7: Tumor and intensity evolution. We show the simulated tumor size and corresponding intensity over time for
several (randomly selected) patients. The intensity is simulated is based on Eq. (7) with an informativeness γ = 4.
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Figure 8: Informative sampling – intensity distribution. We show the distribution of intensities λ(t) over all patients for
different levels of informativeness γ. At γ = 0 (not shown), all intensities are equal λi(t) = 0.5.
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Figure 9: Informative sampling – expected observations. We show the expected observations over the entire time period
considered over all patients for different levels of informativeness γ. At γ = 0 (not shown), all intensities are equal
λi(t) = 0.5 and all patients have 60 expected observations.
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Figure 10: Uninformative sampling – intensity distribution. We show the distribution of intensities λ(t) over all patients
for different levels of “informativeness” γ. At γ = 0 (not shown), all intensities are equal λi(t) = 0.5.
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F. Additional Results
In this section, we present additional results to further validate the proposed TESAR-CDE. First, we evaluate the predicted
observation intensities. Second, we analyze the sensitivity of the multitask model to hyperparameter α.

We evaluate how accurate TESAR-CDE predicts the observation intensities in terms of the Brier Score: BS =∑T
t=0

∑τmax
τ=0

(
λi(t+ τ)− λ̂i,t(t+ τ)

)2

, see Fig. 11. Generally, both versions of our method can learn to accurately
predict the observation intensities, with the two-step TESAR-CDE performing slightly better than the multitask configura-
tion. These findings are consistent with our motivation of the multitask setup: while the two-step model learns a (generally
better) model of the intensity itself using all available information, these more accurate intensities do not help with potential
outcome prediction. Additionally, we find that the Brier score increases with informativeness for both models. This trend
indicates that more informativeness makes it harder to learn to predict the observation intensity. We hypothesize that this is
due to observing in general becoming more rare as increases.
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Figure 11: Evaluating the intensity prediction at varying informativeness γ. We show the Brier Score ± SE (lower is
better) over ten runs at increasing levels of informativeness γ, keeping the forecasting horizon τ = 1.

Next, we evaluate performance for the multitask TESAR-CDE for different values of its hyperparameter α, see Fig. 12.
As the shared representation is only trained for outcome prediction, the only point of having the hyperparameter is to
scale both terms such that they roughly influence the early stopping in the same way. We see that our method is robust to
different values of this hyperparameter and that scaling them to approximately the same magnitude (using 0.8) results in
good performance in practice. (Note that the loss terms are weighted by α and (1 − α), which is why we restrict to be
strictly between 0 and 1.)
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Figure 12: Evaluating the multitask configuration’s outcome prediction for different levels of hyperparameter α.
We show the RMSE ± SE over ten runs, while keeping the level of informativeness fixed at γ = 6 and averaging over
τ ∈ {1, . . . , 5}.
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