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Common Assumptions in Causal Inference

For treatment effects to be identifiable from the observed data certain assumptions have been identified in the literature [8, 10] and have been adopted for the
estimation of ITE in observational studies (e.g. see [11] for a recent example).
Assumption 1. (Stable Unit Treatment Value Assumption - SUTVA) There
is a single version of each treatment and there is no interference between the
subjects.
This assumption guarantees that all subjects have access to the same treatment and a treatment applied to one subject does not affect the outcome for
another subject. This assumption (along with consistency, which describes that
for each subject we only observe the outcome under the actual treatment received) allows us to express the (counter)factual outcome as a function of the
potential outcomes and the treatment.
Assumption 2. (Unconfoundedness) For a subject X, the treatment assignment is statistically independent of the potential outcomes: (Y1 , Y0 )⊥ T | X.
The unconfoundedness assumption (also know as no-hidden confounders,
strong ignorability, selection on observables [6]) implies that among those subjects that have the same characteristics X, the treatment assignment is random.
In RCTs the assignment mechanism is known and depends only on observed features and therefore unconfoundedness holds by design. In observational studies,
this assumption cannot be ensured since we do not have knowledge of the treatment assignment mechanism and it cannot always be verified by the data. Its
validity must be determined by understanding the causal relationships between
the features, the outcome and the treatment assignment.
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Assumption 3. (Overlap) For a subject X = x, the probability of receiving each
one of the possible treatments is bounded away from zero: 0 < p(T = 1 | x) < 1.
The last assumption (also referred to as common support, positivity, balance)
guarantees that there is enough randomness in the treatment assignment procedure so that each subject has a non-zero probability of receiving one of the
possible treatments. In terms of the observed data, this assumption guarantees
that there will be enough overlap in the feature space, so that for each subject
that received treatment T = 1, there is at least one similar subject that received the opposite treatment. The last two assumptions are usually referred to
as strong ignorability [8]. In this work, we focused on randomised experiments
where strong ignorability holds by design.
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Comments on the Plausibility of Adversarial Examples
and Discrete Spaces

Initial works on adversarial examples showed that they act as blind spots for the
model, raising questions however about their plausibility. For example, MNIST
images are essentially binary and as a result creating adversarial examples that
modify white and black pixels slightly will result in images that are misclassified
by state-of-the-art models while they might look similar [4]. However, to what
extend these images might occur in the real world is questionable. In the experiments performed on IHDP, we rounded each feature to the closest value it
can take based on its domain in order to identify adversarial patients that may
occur in the real world. Note that the resulting adversarial patients can be biologically plausible, but the chances of occurring them in the real world needs to
be verified by domain experts. Without this post-processing step, the accuracy
on the factual outcome would have dropped rapidly even with smaller values of
θ. The resulting adversarial patients in this case could be considered as blind
spots for the model, but their practical implications would be limited since they
will never occur in practice. Still the effect of these (non-realistic) adversarial
examples could be considered as a regulariser through adversarial training.
We can identify adversarial patients in discrete spaces by selecting the closest
patient that best aligns with the adversarial direction as described by Biggio et
al. [2]. In this case, in order to create realistic adversarial patients, more postprocessing steps are required in order to ensure that each feature takes a value
within its domain, but also that its value does not contradict with semantically
similar features (e.g. a person cannot have both one child and twins).
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Experimental Protocol

For IHDP we used the response surface B of Hill [5] to derive the continuous
outcomes and then we formed a binary classification task so that the treatment
has a constant average effect AT E = 0.2 (on the probability space). To select the
hyperparameters of the network for IHDP we performed random search within
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Table 1. Parameters search space
Parameter
Representation layers
Task-specific layers
Representation layer units
Task-specific layer units
Dropout probability
Weight decay
Learning rate

Range
{1, 2, 3}
{1, 2, 3}
{10, 20, 50, 100, 200}
{10, 20, 50, 100, 200}
{0, 0.2, 0.5}
{0, 1e−4 , 1e−3 }
{1e−4 , 1e−3 }

the search space shown in table 1 and selected the setting that achieved the
lowest factual loss on the validation set. For validation the results have been
averaged over 100 realisations of the outcome for IHDP and 50 for the synthetic
data. The results on the test set have been averaged over 1000 realisations of
the outcome for IHDP and 100 for the synthetic data. To avoid overfitting we
applied early stopping using the validation loss. For IHDP we trained a network
with 2 shared layers and 2 group-specific. The size of the layers were 50. For the
simulated models we used smaller networks with up to 3 layers. In all networks
we used ReLU as the activation function and applied dropout with probability
0.5. The models were trained using Adam [7].
The adversarial examples were created using an iterative approach with m =
10 iterations and a constant step α = θ/m, where θ is the total perturbation.
In order to perform adversarial training efficiently, we followed a single-shot
approach. In our experiments we observed that adversarial training acts as a
strong regulariser especially if used in combination with dropout. To achieve
fair comparisons we used the same architectures and the same procedure for
early stopping. We observed that adversarial training allows us to train for more
epochs, before starting to overfit. These observations are in accordance with
recent results in adversarial training [4, 1].

Table 2. Simulated outcome functions
SM1
SM2
SM3
SM4

logit(f (x, T )) = −1 + 0.5X1 + 0.5X2 − 0.5X7 + 0.5X2 X7 +
+2T 1(x ∈ {X1 < 0.545 ∩ X2 > −0.545})
logit(f (x, T )) = −1 + 0.5X1 + 0.5X2 − 0.5X7 + 0.5X2 X7 +
+2T 1(x ∈ {X3 < 0.545 ∩ X4 > −0.545})
Same as SM1 but odd(even) features have an internal correlation ρ = 0.7
logit(f (x, T )) = −1 + 0.5X1 + 0.5X2 − 0.5X7 + 0.5X2 X7 +
0.1T + T 1(x ∈ {X1 < 0 ∩ X2 > 0})
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Results in Subgroup Identification

In this section we present additional results on SM1, used in the main paper, as
well as results on SM3, SM4 (table 2). In all modifications we observed a similar
trend with the results presented in the main paper.

Fig. 1. We validate the existence of adversarial patients on SM3. We created adversarial patients modifying only prognostic/irrelevant features. We report the effect of
adversarial patients on subgroup identification for θ = 0.4.

Fig. 2. We validate the existence of adversarial patients on SM4. We created adversarial patients modifying only prognostic/irrelevant features and we report the effect
of adversarial patients on subgroup identification for θ = 0.4.
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Fig. 3. To see whether any random perturbation of the non-predictive part can have
an effect, we performed noisy training on SM1 by adding in the batch randomly perturbed examples with the same predictive features. This did not have any effect on the
generalisation performance.

Fig. 4. We repeated the experiment described in sect. 5.2 for SM1 but assuming that we
do not have any information about which features have the strongest predictive effect.
Notice that for small values of θ adversarial training with respect to the factual outcome
acts as a stronger regulariser and leads to improved results. Even in this extreme case
that we do not have any indication about potentially prognostic/predictive features,
adversarial training can be beneficial. Notice that this is unlikely to occur in practice
and it is common to know at least a subset of the prognostic features, as they are used
for randomisation (among other tasks) [9].
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(a)

(b)

(c)

Fig. 5. We modified the outcome function used in sect. 5.2, so that even (odd) numbered features have an internal correlation of 0.7 (SM3). We report the results performing adversarial training with respect to ITE using the nearest neighbour approximation
to craft the adversarial patients (graph (c)) as well as the factual outcome (graph (d)).
Here adversarial training with respect to the factual outcome performs marginally better for small values of θ.
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(a)
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(c)

Fig. 6. We modified the outcome function used in Sect. 5.2, so that the subgroup has
smaller size, but also smaller predictive strength (SM4). We report the results performing adversarial training with respect to ITE using the nearest neighbour approximation
to craft the adversarial patients (graph (c)) as well as the factual outcome (graph (d)).
Notice that this is a challenging scenario since the subgroup is 25% of the observations
and there is a small predictive strength (λ = 1).
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