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Abstract

Accurate estimation of time-varying treatment ef-
fects is crucial for optimizing interventions in
personalized medicine. However, observational
data often contains complex confounding bias and
temporal complexities, making counterfactual es-
timation challenging. We propose Counterfactual
Estimation via Temporal-Aware Intervention Net-
works (TAIN), a novel model that introduces an
Intervention-aware Functional Convolution kernel
to emphasize the role of treatments and capture
complex temporal treatment interactions. TAIN
addresses confounding bias from a domain gener-
alization perspective, approximating the unknown
target domain using adversarial examples and in-
corporating Sharpness-Aware Minimization to de-
rive a generalization bound. This approach is more
suitable for longitudinal settings compared to ex-
isting methods inspired by domain adaptation tech-
niques due to inherent differences between static
and longitudinal contexts. Experiments on sim-
ulated datasets demonstrate TAIN’s superior per-
formance compared to state-of-the-art models for
counterfactual estimation over time:

1 Introduction

Precise estimation of time-varying treatment effects is crucial
in domains like personalized medicine, where optimizing in-
dividual interventions relies on accurate estimating counter-
factual outcomes [Huang and Ning, 2012]. Randomized Con-
trolled Trials, despite being the gold standard for causal infer-
ence [Hariton and Locascio, 2018], are limited by high costs
and ethical concerns. Consequently, research has shifted fo-
cus to advanced methods tackling confounding bias and tem-
poral complexities in observational data for accurate counter-
factual estimation.

Time-varying confounders often introduce complex con-
founding bias in observational data, leading to inaccurate es-
timates. Recent studies [Bica et al., 2020b; Melnychuk er al.,
2022; Wang et al., 2024] have addressed this issue by learn-
ing representations to break the association between historical
information and treatment assignment, drawing inspiration

from domain adaptation techniques used in static causal in-
ference settings [Shalit ef al., 2017; Hassanpour and Greiner,
2019; Johansson et al., 2022]. However, domain adapta-
tion’s effectiveness in longitudinal settings remains question-
able due to inherent differences between the contexts.

Due to the unobservability of counterfactuals, we aim to
train a model on the factual (source) domain that general-
izes well to the counterfactual (target) domain. In static set-
tings (Figure 1(a)); the target domain during testing is consis-
tent with training and can be sampled, aligning with domain
adaptation [Ganin et al., 2016]. However, in longitudinal set-
tings, the historical information of length ¢ generated under
the training intervention policy (Figure 1(b)) differs from the
T-step intervened historical information under a different test-
ing policy (Figure 1(c)). The unknown data generation pro-
cess makes the target distribution unobservable during test-
ing, possibly explaining why current balancing methods fail
in longitudinal settings [Huang er al., 2024].

Another key challenge in longitudinal settings lies in mod-
eling temporal treatment interactions. Take antibiotic treat-
ments as an example - [Roemhild et al., 2022] have shown
that the effectiveness of current antibiotics strongly depends
on previously administered ones, making it critical to un-
derstand these temporal interactions for optimal treatment.
While recent work ACTIN [Wang et al., 2024] attempts
to capture such interactions using a dual-module architec-
ture, it follows previous approaches [Bica et al., 2020b;
Melnychuk et al., 2022] in treating treatments merely as reg-
ular inputs. This fails to emphasize treatments’ special role
in determining outcomes. Though the importance of empha-
sizing treatments has been demonstrated in static settings by
VCNet [Nie et al., 20201, how to properly model treatment
interactions over time remains an open challenge.

To address these challenges, we propose a novel model
called Temporal-Aware Intervention Networks (TAIN) for
counterfactual estimation over time. In order to emphasize
the role that treatments play, we draw inspiration from VC-
Net, which allows the weights of the prediction head to be
functions of the treatment. TAIN introduces an Intervention-
aware ! Functional Convolution (IFC) kernel, ensuring that

'In causal inference, “intervention” is a broad term. We primar-
ily use “treatment” for medical interventions, although the terms are
used interchangeably herein.
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Figure 1: In static settings, the allocation of treatments does not affect the generation of covariates. As illustrated in Figure 1(a), confounding
bias leads to distributional differences among intervention groups, while the distribution within each treatment group remains consistent
across training and testing sets. However, in longitudinal settings, the data distribution is determined by a sequence of treatments. When
the intervention policy during the testing phase from time ¢ — 7 to ¢ (Figure 1(c)) differs from that of the training phase (Figure 1(b)), it is
infeasible to sample from the true distribution, as the data generation mechanism is unknown.

the convolutional kernel at each time step depends on the re-
lated treatment. Specifically, we employ Radial Basis Func-
tions (RBFs) as basis functions to fit nonlinear functions of
treatments, enhancing the model’s ability to handle complex
temporal treatment interactions. Furthermore, since the tar-
get domain is unobservable in longitudinal settings, we re-
visit confounding bias from the perspective of domain gen-
eralization. TAIN approximates the unknown target domain
by generating adversarial examples using the Fast Gradient
Sign Method (FGSM) [Goodfellow et al., 2015]. By incor-
porating Sharpness-Aware Minimization (SAM) [Foret et al.,
2021], a technique for enhancing model generalization per-
formance, we derive a generalization bound for the model
under certain conditions. The objective function proposed
based on this theoretical analysis can more effectively miti-
gate time-varying confounding bias. Our main contributions
are summarized as follows:

* We propose a novel Intervention-aware Functional Con-
volution (IFC) kernel to capture complex temporal treat-
ment interactions by designing convolutional kernels as
functions of treatments.

* We revisit time-varying confounding bias from domain
generalization perspective and derive a generalization
bound using adversarial examples with SAM.

» Extensive experiments on synthetic datasets demon-
strate TAIN’s superior performance in counterfactual es-
timation over time.

2 Problem Formulation

Consider an ii.d. observational dataset D containing
detailed information for N patients, denoted as D =

. . T () ) N
£ )
i=1

serve time-varying covariates Xgi) € X, treatments Agi) €

For each patient i, we ob-

A, and outcomes YEZ) € Y at discrete time steps 79, along
with static covariates V(?) € V such as gender and age. For
notational simplicity, we omit the patient-specific superscript
(7) when the context is clear.

Building upon the potential outcome framework [Rubin,
1978] and its extension to time-varying treatments [Robins
and Hernan, 2008], we aim to estimate time-varying counter-
factual outcomes [Bica et al., 2020b; Lim et al., 2018; Li er
al., 2021]. Let H; = (X, A;_1, Y, V) denote the patient’s
historical information, where X; = (X, ---,Xy), Y; =
(Y1, - ,Y¢),and Ay = (Aq, -+ ,A¢_1). Our objective
is to estimate the potential outcome Yy, [as.4-—1] follow-

ing a treatment sequence a4 -—1 = (&, -, &447—1), CON-
ditioned on the historical information H;:
E[Y¢sr[@pesr—1]|He. (D

To identify treatment effects from observational data, we rely
on the assumptions of consistency, sequential ignorability,
and sequential overlap, as established in prior works [Lim
et al., 2018; Bica et al., 2020b; Melnychuk et al., 2022;
Wang ef al., 2024] and detailed in Appendix B.

3 Related Work

3.1 Causal inference with longitudinal data

Recently, significant progress has been made in the field
of longitudinal data analysis by incorporating neural net-
work techniques for counterfactual estimation. For instance,
RMSN [Lim et al., 2018] combines two propensity net-
works and employs an inverse probability weighting (IPTW)
based training method in its prediction model. G-Net [Li et
al., 2021] enhances the traditional G-computation technique
through a deep learning framework. Similarly, CRN [Bica et
al., 2020b], which is also based on RNN networks, focuses
on learning balanced representations to mitigate confounding
bias. In contrast to these works, CT [Melnychuk ef al., 2022]
proposes utilizing a more powerful transformer model to bet-
ter handle long-term dependencies, while ACTIN [Wang et
al., 2024] introduces a dual-module framework that effec-
tively enhances the ability of simple models to handle com-
plex temporal treatment interactions. It is worth noting that
CRN, CT, and ACTIN all adopt the idea of domain adaptation
to learn balanced representations by eliminating the associa-
tion between historical information and current treatment as-
signments to alleviate confounding bias.
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There have been significant advances in causal inference
based on longitudinal data, albeit with different settings from
ours [Bica et al., 2020a; Frauen et al., 2023; Seedat et al.,
2022; Meng et al., 2023; Hess et al., 2024]. These works pri-
marily focus on addressing time-varying confounding factors
in longitudinal observational data. For instance, the Time Se-
ries Deconfounder [Bica et al., 2020a] and DeepACE [Frauen
et al., 2023] utilize deep learning models to adjust for time-
varying confounders, while TE-CDE [Seedat et al., 2022] and
BNCDE [Hess et al., 2024] propose differential equation-
based approaches for irregularly sampled data. A detailed
discussion of these related works is provided in Appendix A.

3.2 Domain generalization

Domain generalization (DG) aims to learn a model that can
perform well on unseen target domains, which is crucial for
addressing distribution shift problems in real-world scenarios
[Muandet er al., 2013]. Many methods have been proposed
to tackle this issue, including learning domain-invariant rep-
resentations [Motiian et al., 2017; Matsuura and Harada,
2020], data augmentation-based approaches [Xu et al., 20201,
and robustness training-based methods [Shi er al., 2021;
Foret et al., 2021; Zhang et al., 2024]. Despite the signifi-
cant progress made by these methods in tasks such as image
classification, their application to time series data remains
challenging. Compared to static data, the dynamic genera-
tive process of time series data makes their distribution more
complex, which may be the reason why the strategy of learn-
ing domain-invariant representations is less effective in mit-
igating time-varying confounding bias. The flatness-related
methods, such as Sharpness-Aware Minimization (SAM)
[Foret er al., 20211, adopted in this paper aim to address the
effects of domain shifts by identifying flat minima, seeking
regions in the loss landscape where small perturbations in the
input have minimal impact on the model’s predictions. By
leveraging flat minima, these methods enhance the model’s
robustness to domain variations. This approach represents
one possible solution path, offering a domain generalization
perspective for mitigating time-varying confounding bias.

4 Method

4.1 Intervention-aware Functional Convolution

To enhance the model’s ability to emphasize the role of
treatments and capture potentially complex temporal interac-
tions, we propose an Intervention-aware Functional Convolu-
tion (IFC) kernel. Explicitly encoding treatment information
within the functional convolution operation enables IFC to
better understand treatment impact on patient outcomes over
time. This intervention-aware approach facilitates the learn-
ing of intricate relationships between treatments and covari-
ates, ultimately improving the model’s capacity for predicting
counterfactual outcomes accurately.

In our proposed IFC, we employ a one-dimensional dilated
convolution kernel that differs from traditional approaches
[Oord et al., 2016] by incorporating the corresponding treat-
ment as a function at each time step. Specifically, the output

at time step ¢ can be computed as:

k—1

F(t) = sz‘¢(at)zt—d-i + b. @)
i=0

In the equation, F'(t) € R%u denotes the output at time step
t, where doy is the output dimension. The convolution ker-
nel size is denoted by k, while d denotes the dilation factor.
W, € R%uxdn ig the i-th convolution weight matrix, where
di, is the input dimension. The intervention function ¢(a;)
takes the treatment a; at time step ¢ as input. z;_; € R%» is
the input at time step ¢ — 7, and b € R%u« denotes the bias.

Radial Basis Functions (RBFs) are widely used as basis
functions for approximating nonlinear functions and captur-
ing complex interactions between variables. In this study, we
explore two types of RBFs, Gaussian and Multiquadric, as
the basis functions in the IFC kernel to capture the temporal
treatment interactions.

Let ¢ € R% denote the centers of the RBFs. The Gaussian
RBF for the i-th dimension of the treatment a and the j-th
center c is defined as:

i G2
(acﬂ)>’ (3)

YGaussian (ai, Cj) = exp <_ 2C2

where ( is the width parameter controlling the spread of the
Gaussian function. Similarly, the Multiquadric RBF for the
i-th dimension of a and the j-th center c is:

wMultiquadric(aiy Cj) = (ai - Cj)Q + 02; “4)

where o is a constant parameter controlling the shape of the
Multiquadric function.

The overall basis function ¢(a) is obtained by summing
the weighted RBF values over all dimensions of the treatment
and all centers:

da

dc
pla) = > wy(a’,cl), 5)

i=1 j=1

where 1)(a’, ¢’) can be either the Gaussian RBF or the Mul-
tiquadric RBF, and {w;;} are the learnable weights associ-
ated with each RBF. By incorporating these RBF-based ba-
sis functions into the IFC, the model can learn the complex,
nonlinear relationships in the temporal dynamics of treatment
effects, enabling more accurate estimation of counterfactual
outcomes.

4.2 Addressing Confounding Bias from a Domain
Generalization Perspective

Existing methods for causal inference with time-varying
treatments often borrow ideas from the static setting and
aim to address confounding bias through the lens of do-
main adaptation. Specifically, these approaches seek to
learn representations that align the conditional distributions
P(®(H;)|A; = a;) across different treatment assign-
ments a;, thereby removing the association between time-
dependent confounders present in the patient history H; and
time-varying treatments A; [Lim et al., 2018; Bica et al.,
2020b; Melnychuk et al., 2022; Wang et al., 2024]. However,
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Figure 2: The module in TAIN that learns representations of historical information primarily consists of multiple IFC blocks. To enlarge the
receptive field, we employ dilated convolutions, where d denotes the dilation factor. The right side of the figure illustrates the structure of
an IFC kernel, which is determined by the treatment nonlinear function ¢(A.) at the current time step (abbreviated as ¢a, in the figure).
Subsequently, counterfactual estimation is performed on the learned representations using feedforward neural networks G x and Gy .

for this alignment to successfully remove confounding bias,
it is assumed that the distribution of the observed histories H;
remains consistent between training and testing (see Remark
C.5 for a detailed explanation). In the longitudinal setting,
this assumption may not hold, limiting the effectiveness of
these methods in real-world scenarios. To illustrate this, we
can derive the distribution of H; in the training phase as:

t—1
P(H;) = P(X1) [ ] Puain(As|[HL) P(Xo11 [Hy, Ay) (6)

s=1

where Piin(As|H,) denotes the probability of treatment as-
signment at step s given the history H, which is typically
determined by doctors following specific treatment policies
during training. i
However, during the testing phase, given a history H;_-,
we may encounter a new sequence of treatments A;_ .., 1
of length 7, which results in a trajectory of length ¢. The
distribution of this trajectory can be expressed as:

t—1

P.(H;) = P(H,_;) H Prest(As[H ) P(X 11|H,, Ay),

s=t—T1
i ™
where Py (A ¢|Hj) represents the treatment assignment pol-
icy employed during the testing phase (e.g., random assign-
ment), which generally differs from the policy used during
training.

The testing phase involves trajectories H; of length ¢,
formed by applying different treatment subsequences of
length 7, whose distribution often differs from that observed
during training. This discrepancy between the distributions
of H; in the training and testing phases poses a significant
challenge for methods that rely on the assumption of distri-
butional consistency, leading to the inability to maintain con-
sistent conditional distributions P(®(H;)|A; = a;) across
different treatment assignments a; in the testing phase.

In contrast to previous work, this paper proposes a novel
perspective on addressing confounding bias through the lens
of domain generalization. Let u; = [H; Ayl € U, h :
U — Y be a hypothesis function for counterfactual estima-

tion, and [ : Y x Y — Rt be a loss function. We de-
note the source (observed) domain of u; as Dg, which fol-
lows the factual distribution Pg(u;) = P(H:|A;)P(A,),
and the target domain as Dy, which follows the counter-
factual distribution Pr(u;) = Pleg(H¢|At)Pesi(Ay). Let
Rs := Ey,vps [I(h(u;),y:)] denote the factual risk of a hy-
pothesis h, and similarly, let Ry denote the counterfactual
risk. Our goal is to find a hypothesis A that minimizes Ry .

Previous works [Bica er al., 2020b; Melnychuk et al.,
2022; Wang et al., 2024] have often approached this problem
from the perspective of domain adaptation. However, based
on our earlier analysis, for the target domain D, we not only
lack knowledge of the potential outcomes but also of its dis-
tribution, making it infeasible to sample from the observed
data. In other words, we are faced with a domain generaliza-
tion problem, where the model have to generalize to unseen
distributions during testing. To address this challenge, we
propose a novel approach that constructs a upper bound on
the counterfactual risk based on Sharpness-Aware Minimiza-
tion (SAM) and adversarially generated samples. The specific
details are provided in the next section.

4.3 Generalization Bound on Counterfactual Risk

In order to derive a upper bound on the counterfactual risk
Ry, we first introduce the concept of SAM [Foret et al.,
2021]. SAM is a novel optimization technique that seeks
to find a flat minimum of the loss function, which has been
shown to improve the generalization performance of deep
learning models. The key idea behind SAM is to minimize the
maximum loss within a neighborhood of the current model
parameters, rather than just the loss at the current parameters.
Formally, given a model hy parameterized by 6, SAM solves
the following optimization problem:
min max

in max R (ho.o), ®)
where € is a small perturbation to the model parameters, and p
is a hyperparameter that controls the size of the neighborhood
around 6. By solving this minimax optimization problem,
SAM finds a set of parameters #* that minimize the maximum
loss within a p-neighborhood of 8%, resulting in a flatter loss
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landscape and improved generalization. Additionally, [Foret
et al., 2021] point out that the factual risk can be bounded as
shown in Lemma 4.1.

Lemma 4.1 (Sharpness-Aware Minimization [Foret er al.,
2021]). The source risk Rg(hg) is bounded using the follow-
ing PAC-Bayes generalization bound for any p with probabil-
ityl—6:

Rs(he) < max Rs(hore) +(1013/6°),

llell<e

)

where n is the training set size used for calculation of empir-

ical risk Rg(hg), k is the number of parameters and ||0)||5 is
the norm of the weight parameters.

Given that our primary objective is to optimize the coun-
terfactual error, we first introduce the generalization bounds
proposed by [Shalit et al., 2017] based on domain adaptation
to bridge the gap between the factual and counterfactual risks.

Lemma 4.2 (Generalization Bound via IPM [Shalit ef al.,
2017]). Let ® : U — R be a one-to-one representation func-
tion, with inverse V. Leth : U — Yand f : R — Y
be hypothesis and H, F' be the sets of all possible hypothe-
sis (i.e. Hypothesis Space) over U and R respectively. Let
G be a family of functions g : R — Y. Define the Integral
Probability Metric(IPM) of two distributions:

IPMg(Pg, Pr) = Sup B py [9(r)] = Ernpzlg(r)]|,
g

(10)
where r = ®(u). Suppose there exists a constant By > 0,
such thatVh € H,y € Y, B%Pl(f(r),y) € G. Then we have:

(11)

However, as analyzed in Section 4.2, we cannot sample

from the distribution Py, rendering the bound provided in
Equation 11 impractical for direct application. To address
this issue, we propose to generate adversarial examples us-
ing the Fast Gradient Sign Method (FGSM) [Goodfellow et
al., 2015] and provide the following lemma to upper bound
IPMg(PE, PY).
Lemma 4.3 (Generalization Bound via Adversarial Distribu-
tion). Let P& and Py be the source and target distributions
of the representation r, respectively. Consider the following
conditions:

1. Forall f € F andy€), the loss functionl(f(r),y) € G;

2. G is a set of Lipschitz functions, i.e., there exists L > 0
such thatforall g € Gandri,ro € R, |g(r1)—g(r2)| <
L|I‘1 — I'2|,'

Rr(h) < Rs(h) + Bg - IPMg(P§, PT).

3. Erpolr) + Epopelr] < oo

4. VfeF maxy B, pe[I(f(r),y)]=Eppz [I(f(r),y)]>0.

Let the adversarial samples be generated by r,q, = r +
e - sign(Vel(f(r),y)) and roa, ~ P, where ¢ =
argmax,[I(f (faav), y)) — L(f(r),y))]. If conditions (1)-(4)
hold, then there exists a constant Mg > 0 such that

IPMg(Pg, PR) < My - IPMg (P, PY).  (12)

Here, Mg is a bounded constant determined by the Lipschitz
regularity of G and the moments of the representation distri-
butions; see Appendix D.

Lemma 4.3 indicates that under certain conditions, we can
approximate IPMg (P2, P¥) using IPMg(PZ, PY), where
P? denotes the distribution of adversarial examples gener-
ated from the source distribution P&. Among these condi-
tions, the third one ensures that the adversarial and target
distributions are absolutely integrable, a property satisfied
by probability distributions with finite variance. This con-
dition guarantees that the expected values of functions under
these distributions are well-defined and finite. Furthermore,
the fourth condition is reasonable because adversarial exam-
ples are generated to maximize the model’s loss, implying
that the loss incurred by the adversarial distribution is likely
to be strictly greater than that of the source distribution. This
condition ensures that the adversarial distribution provides a
meaningful upper bound on the target risk.

Under these conditions, Lemma 4.3 provides a tractable
way to approximate the distributional discrepancy between
the source and target domains using the IPM between the
source distribution and its adversarially perturbed counter-
part. This approximation allows us to optimize the repre-
sentation ¢ to minimize the distributional discrepancy, even
without having access to samples from the target domain. To
further improve the model’s generalization ability on unseen
domains, we derive an upper bound on the factual risk by
combining the results from Lemmas 4.1, 4.2, and 4.3.

Theorem 4.4 (Generalization Bound via SAM and Adver-
sarial Distribution). Under the conditions of Lemma 4.2 and
Lemma 4.3, we have:

Rr(hg) < max Rg(hgie)+asIPM(PS, P2)+(]|0]13/p%)

llell<p
(13)
where agy = B Mg > 0 is a theoretical constant.

In the following, we introduce how to leverage the IFC
kernel to construct models for counterfactual estimation over
time, and optimize them based on theoretical results.

4.4 Counterfactual Estimation

As shown in Figure 2, we propose the Temporal Adaptive
Convolutional Intervention Network (TAIN). Following the
methodology of [Bai et al., 2018], TAIN consists of a repre-
sentation module ®(-), which employs residual connections
[He et al., 2016] to concatenate multiple IFC blocks:

o = Activation(B(z) + F(z)). (14)

When input z and output F'(z) dimensions match, B is an
identity map. Otherwise, B becomes a 1 x 1 convolution to
align dimensions.

TAIN employs an autoregressive recursive strategy
[Chevillon, 2007; Taieb and Atiya, 2015] for multi-step pre-
diction, which has also been adopted by [Li et al., 2021;
Wang et al., 2024]. During the training process, we need
to predict the output and time-varying covariates at the next
time step. TAIN defines a feedforward neural network Gy to
decode the predicted output from the representation ®(uy).

)
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For notational simplicity, we denote ®(u;) as r;. We use the
Mean Squared Error (MSE) to define the following loss func-
tion:

L5 (0) = Y1 — Gy (r:)]1*. (15)

TAIN employs two feedforward neural networks, Gx and
Jx, for covariate prediction. Specifically, Gx is responsi-
ble for decoding the expected covariates from r;. Drawing
inspiration from [Wang er al., 2024], we utilize Jx to design
a smoothing mechanism. This mechanism, influenced by the
gating mechanism in GRUs [Cho et al., 2014], aims to adapt
to the varying trends of different covariates. Analogously, we
define the following loss function:

L% (0) = | X¢z1 — (Gx (re) + (L= n)Xy)|?,  (16)

where 7 = Sigmoid(Jx (r;)) is the smoothing factor. Fol-
lowing G-formula [Robins, 1986], we estimate the expected
outcomes as:

]E[Yt+r[at 1 |Ht ZE Yt+7"at t4+7—1, lt 1, Ht]

Toitqra
t+7—1 B B
< [T HWlaes, Lux-1, He}, (A7)

k=t

where L; represents the history of outputs and covariates up
to time t. During the prediction phase, we approximate this
expectation by sampling the predicted values from Gaussian
distributions with means equal to the model predictions and
standard deviation 0. Based on Theorem 4.4, we propose the
following objective function:

Z Zmax Ly S ) (04€) + M\ Et( )(9+e))

N S e u<p
+ /\2ZIPM € TSP + A 2(0), (18)
t=1

where Z(0) is the regularization term.

S Experiments

We compare our method against state-of-the-art models for
counterfactual estimation over time: RMSN [Lim et al.,
2018], CRN ([Bica et al., 2020b], G-Net [Li er al., 2021],
CT [Melnychuk er al, 20221, ACTIN [Wang et al., 20241,
and CTD-NKO [Wang et al., 2025]. To ensure fair compari-
son, we perform hyperparameter tuning for all baselines (see
details in Appendix F), and report RMSE following the stan-
dard protocol [Melnychuk et al., 2022] to measure prediction
errors against ground-truth counterfactual outcomes.

5.1 Experiments with FS-Tumor data

Data. The fully-synthetic tumor (FS-Tumor) growth dataset,
constructed using a pharmacokinetic-pharmacodynamic
model [Geng er al., 2017], provides a realistic simulation
of the combined effects of chemotherapy and radiother-
apy on lung cancer patients. This dataset has gained
significant attention in the research community and has
been extensively utilized for evaluating various causal

‘ T=1 T=2 T=3 T=4 T=5 T=6
RMSN 1.85£0.56 3.03£0.76 3.50+0.83 3.8610.79 4.59+1.44 5.21£1.38
CRN 1.6740.39 2.56+0.78 3.07£0.90 3.52+0.89 4.194+1.53 4.774+1.48
G-Net 2.06£0.54 2.92+0.84 3.484+1.03 3.804+1.01 4.424+1.48 5.11£1.52
CT 1.8540.49 2.81+0.83 3.30+0.87 3.63+0.87 4.20+1.35 4.854+1.37
ACTIN 0.8940.31 1.48+0.61 1.94£0.69 2.58+0.84 3.31+1.22 4.2441.83

CTD-NKO |0.76+0.53 1.70+0.87 2.28+1.16 2.72+1.26 3.18£1.59 3.95£1.85
TAIN [0.394:0.10 0.60+0.16 0.82+£0.30 1.13+0.40 1.3140.48 1.63+0.58

Table 1: 7-step-ahead prediction results for experiments with CISD
dataset. Shown: RMSE as mean =+ standard deviation over ten runs.

inference methods in studies such as [Lim et al, 2018;
Bica et al, 2020b; Melnychuk et al, 2022
Wang et al., 2024]. One notable feature of this advanced

bio-mathematical model is the inclusion of a parameter -,
which allows for the control of time-varying confounding
in the dataset. By adjusting the value of ~, researchers
can simulate scenarios where historical data have varying
degrees of influence on treatment allocation. As -y increases,
the confounding bias becomes more pronounced, as past
information plays a more dominant role in determining the
course of treatment.

In the original dataset, both radiotherapy and chemother-
apy interventions are binary. However, in real-world clinical
settings, these treatments often involve varying dosages. To
better reflect this complexity, we have adapted the interven-
tions to be continuous rather than binary. This modification
allows for a more nuanced representation of treatment inten-
sities, aligning our simulations more closely with clinical re-
alities. For a detailed description of the dataset generation
process, please refer to Appendix D.

Results. Figure 3 illustrates the performance comparison
between TAIN and the baseline models on the FS-Tumor
dataset. The results demonstrate that TAIN exhibits superior
or highly competitive performance across different levels of
time-varying confounding (v = 0, 2, and 4) and prediction
steps (1 to 6 steps). In most cases, TAIN and the baseline
models share a similar performance trend, typically reaching
a peak RMSE around the 3rd step and then showing a de-
creasing trend in long-term predictions. It is noteworthy that
this trend does not stem from a reduction in the difficulty of
long-term prediction tasks, but rather may be attributed to the
reduction of tumor size after the application of treatment in-
terventions, leading to a decrease in RMSE.

It is especially important to note that as confounding bias
becomes more severe, treatment allocation grows increas-
ingly imbalanced, complicating the capture of temporal treat-
ment interactions. In such scenarios, the benefits of TAIN are
pronounced, demonstrating the superiority of its distinctive
IFC approach. For more comprehensive experimental results
on the FS-Tumor dataset, please refer to Appendix D.

5.2 Experiments with CISD Data

Data. The Continuous Intervention Synthetic Dataset (CISD)
[Wang et al., 2024] is a synthetic time series dataset designed
to simulate the effects of continuous interventions. In this
dataset, the generation of treatment variables relies on non-
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Figure 3: Performance comparison of the TAIN model with alternative models for 1-step to 6-step predictions on FS-Tumor datasets. Results
are presented for three levels of time-varying confounding factor: v = 0, v = 2, and v = 4. Each subplot shows the mean RMSE over ten
runs for a specific v value, with the x-axis representing the prediction steps (1 to 6) and the y-axis showing the RMSE.

T=1 T=2 T=3 T=4 T=5 T=06
ACTIN 1.58+047 1.86+0.92 1.90+1.02 179+£097 1.69+094 1.58=+0.89
ACTIN w/o balancing  1.58 047 1884099 1924+1.06 1.79+0.97 1.67+£091 1.54+0.84
TAIN 1294050 1.46+0.65 1.63+0.78 1.62+0.81 1.55+0.81 1.41+0.76
TAIN w/o DG 126 =047 153£070 1.69+084 1.68+087 1.61+0.87 1.47+0.82

Table 2: Ablation study results for ACTIN and TAIN on the FS-Tumor dataset with v = 4

linear transformations of historical covariate data and the ad-
dition of noise, reflecting confounding bias through a Beta
distribution. Furthermore, the generation of covariate and
outcome variables significantly depends on complex nonlin-
ear transformations that not only capture the dynamic influ-
ence of historical covariates and treatment data but also en-
hance the realism of the dataset. These nonlinear processing
techniques make the CISD dataset a useful tool for investi-
gating the intricate dynamic effects of continuous: interven-
tions, making it particularly suitable for simulating treatment
effects in real-world scenarios. For a detailed description of
the dataset generation process, please refer to Appendix D.
Results. Table 1 presents the 7-step prediction results on
the CISD dataset. Compared to the FS-Tumor dataset, CISD
has a higher dimensionality of covariates, resulting in more
complex temporal treatment interactions. As the number of
prediction steps increases, this complexity leads to greater
challenges in making accurate predictions, which can be ob-
served from the performance of different models. The results
demonstrate that TAIN consistently outperforms other base-
line models across all prediction steps. As the number of pre-
diction steps increases, TAIN shows a clearer advantage over
baseline models, demonstrating its effectiveness in capturing
temporal treatment interactions through the IFC approach. In
contrast, models like ACTIN treat treatments as general in-
puts, limiting their ability to model nonlinear complexities.

5.3 Ablation Studies

To further investigate the effectiveness of our proposed the-
ory, we conducted an ablation study on the FS-Tumor dataset
with v = 4. We compared the performance of the TAIN
model with and without the domain generalization strategy to
evaluate the impact of the proposed theory on alleviating con-

founding bias. To contrast with balancing strategies from the
perspective of domain adaptation, we also selected ACTIN as
arepresentative for the ablation experiment.

The ablation study results demonstrate the effectiveness
of the domain generalization (DG) strategy in TAIN for ad-
dressing confounding bias. As shown in Table 2, TAIN with
DG consistently outperforms its counterpart without DG for
longer time steps (7 > 2), with improvements ranging from
0.06 to 0.07 across 7 = 2 to 7 = 6. In contrast, while
ACTIN also shows improvements with its balancing compo-
nent, the gains are relatively smaller compared to TAIN’s DG
strategy. This comparison highlights that our proposed do-
main generalization approach is more effective at handling
the distribution shift between training and testing phases, par-
ticularly when dealing with confounding bias. The superior
performance of TAIN can be attributed to its explicit consid-
eration of the unique challenge in counterfactual estimation:
the unavailability of target domain distributions during test-
ing, which is directly addressed through our framework. Ad-
ditional analyses on the SAM radius p and the RBF-based
treatment representation are provided in Appendix F.

6 Conclusion

In this paper, we propose TAIN for longitudinal counterfac-
tual estimation under confounding bias and temporal com-
plexity. By encoding treatment information into the IFC ker-
nel, TAIN highlights treatment effects and captures temporal
treatment interactions. It also mitigates time-varying con-
founding bias by bounding counterfactual estimation error
from a domain generalization perspective. Theoretical and
empirical results demonstrate its effectiveness, with future
work extending evaluation to real-world datasets.
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