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Abstract. We propose a novel evaluation methodology for assessing off-
policy learning methods in contextual bandits. In particular, we provide
a way to use data from any given Randomized Control Trial (RCT)
to generate a range of observational studies with synthesized “outcome
functions” that can match the user’s specified degrees of sample selection
bias, which can then be used to comprehensively assess a given learning
method. This is especially important in evaluating methods developed
for precision medicine, where deploying a bad policy can have devastat-
ing effects. As the outcome function specifies the real-valued quality of
any treatment for any instance, we can accurately compute the quality of
any proposed treatment policy. This paper uses this evaluation method-
ology to establish a common ground for comparing the robustness and
performance of the available off-policy learning methods in the literature.
Keywords: Contextual Bandits, Off-policy Learning, Evaluation Method

1 Introduction
Precision medicine is a rapidly emerging field that tries to determine which spe-
cific treatment (e.g., surgery, drug therapy, etc.) leads to the best outcome for
each patient. This not only improves the patients’ quality of life, but also typi-
cally reduces the health-care costs, especially in situations where the first course
of treatment does not provide desirable outcomes, which means the patient has
to receive a second (hopefully better) treatment. Many attempt to learn models
for precision medicine from observed data; here, it is often necessary to answer
counterfactual questions such as: “Would this patient have lived longer, had she
received an alternative treatment?”. To answer such questions, it is required to
know the underlying causal relationships between the patient’s attributes and
the outcomes associated with each potential treatment. Such causal relationships
can only be learned from experimental studies that involve making interventions
and collecting data on-line [1]. As such studies are often not available, we have
to approximate the causal effects from off-line datasets [2].

In a Randomized Control Trial (RCT), the treatment assignment T to a
patient is independent of the patient attributes X (see Fig. 1a). This makes it
straightforward to infer the causal effects on a population level [2]. However,
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(a) Randomized Control Trial (b) Observational Study

Fig. 1: Types of data collection

it is not possible to run an RCT for every causal query; since, they are at
best expensive, or in most cases infeasible. By contrast, in observational studies,
the health-care provider suggests a treatment based on the patient’s attributes,
according to her training and/or the established clinical pathway. This is sample
selection bias, as the assignment of treatment T depends on the patient’s health
history/attributes X (see Fig. 1b). However, while RCTs are rare, observational
studies are abundant and are therefore our main source of data for developing
algorithms that produce the personalized models needed for precision medicine.

The whole setup can be viewed in a contextual bandit setting [3] where, given
a vector of attributes xi ∈ X describing patient i and her received treatment ti ∈
T , we observe an outcome value y(xi, ti ) ∈ IR. Treatment is selected according
to an established clinical pathway represented by a conditional probability dis-
tribution π0( t |x ). Following the literature, we refer to this as the logging policy
(a.k.a. “behaviour policy” in reinforcement learning [4]). Also note that, for each
patient, we only get to observe the outcome y(xi, ti ) associated with the received
treatment ti and not the outcomes associated with the alternative treatment(s)
(t 6= ti). Since such counterfactual outcome(s) are inherently “unobservable” (and
not just “unobserved”), there is no way to truly determine the best personalized
treatment for each patient. The case of y(xi, ti ) ∈ IR≥0 might represent life
expectancy after treatment, while y(xi, ti ) ∈ {0, 1} might indicate whether a
patient would die or survive. In general, such contextual bandit datasets have
the following information: D = { [xi, ti, y(xi, ti ), π0( ti |xi )] }i=1..n The goal
here is to find the best policy, π∗( t |x ), whose most likely selected treatment
t∗ = arg maxt π

∗( t |x ) for patient x, indeed matches the best one. In other
words, had we known all outcomes (observed and counterfactuals(s)), we want:

t∗ = argmax
t

y(x, t ) (1)

The problem of learning an optimal policy from observational studies (a.k.a. “off-
policy learning” [4]) is not limited to medical applications. It also appears in A/B
testing, ad-placement systems [5,6], recommender systems [7], intelligent tutor-
ing systems [8], etc. It is challenging to evaluate a proposed policy given an
observational dataset, due to (i) the inherent unobservability of the counterfac-
tual outcomes, and (ii) the unknown degree of existing selection bias – i.e., the
strength of the link between X and T . To overcome these two issues, we have
to somehow create synthetic datasets with full information on outcome (i.e.,
both factual and counterfactual). However, to the best of our knowledge, all the
existing approaches only evaluate their proposed method on an observational
study generated under a fixed level of selection bias – see Sec. 3.1 for more de-



tails. This paper addresses this gap by proposing an evaluation methodology to
establish a common ground for comparing the efficiency and effectiveness of the
proposed methods for off-policy learning from observational datasets. Our con-
tribution is an algorithm that, given an RCT dataset, can synthesize a spectrum
of observational datasets that exhibit various degrees of selection bias.

2 Background
All the existing methods for off-line policy learning must address the sample
selection bias to effectively learn an optimal policy from bandit feedback data.
Many, including [9,10], use rejection sampling to extract a RCT-like subset of
data. That is, they find and discard a subset of instances, such that the proba-
bility of assigning any treatment becomes uniform for all the remaining samples.
This approach is extremely data inefficient, which might be acceptable for ap-
plications that have access to enormous amounts of data, such as ad-placement
in search engines. However, this inefficiency means it cannot be used for small
medical datasets. Besides the methods mentioned above, there are two other
main approaches for handling the sample selection bias: (i) outcome prediction
and (ii) utility maximization. Below, we briefly summarize such methods.
2.1 Outcome Prediction
Outcome prediction (OP) methods (a.k.a. “direct methods”) try to learn a re-
gression fit that predicts the outcome for patient i given feature vector xi for any
treatment t ∈ T (i.e., ŷ(xi, t )). Assuming the learned regression fit is accurate,
we can rank different treatments in terms of their estimated outcome and choose
the treatment that has the best outcome. This can be done following Eq. 1 by
replacing y(x, t ) with the predicted (counter)factual outcomes ŷ(x, t ).

Although this method seems straightforward, obtaining an accurate regres-
sion fit is often not easy as this requires addressing (i) selection bias and (ii) mod-
eling bias. While there are ways to deal with selection bias, such as importance
sampling (cf. [5]) modeling bias is more challenging to address, because it is
not easy to identify the right model and/or features to produce an accurate es-
timator. Moreover, the outcome prediction method tries to answer the harder
question of accurately predicting the counterfactual outcomes, while all we need
to find an optimal policy is to rank the potential treatments. Therefore, other
methods have been proposed that try to maximize a utility function instead.
2.2 Inverse Propensity Scoring
Inverse Propensity Scoring (IPS), an importance sampling technique that adjusts
the weights of different instances, is one of the main ways to address the selection
bias problem. Here, we use a variant of the early works of Horvitz and Thomp-
son [11] and Rosenbaum and Rubin [12], since we are interested in evaluating
a stochastic policy π( t |x ) as opposed to a deterministic one. This variant has
been used in many closely-related applications, such as off-policy reinforcement
learning [4], off-policy learning for contextual bandits [9,10], and counterfactual
learning with causal graphs [5]. First, we formulate a utility function with im-
portance sampling weights π(·)

π0(·) as:

ÛIPS(π) =
1

n

n∑
i=1

π( ti |xi )
π0( ti |xi )

y(xi, ti ) (2)



where n is the number of instances in the given contextual bandit dataset,
π0( ti |xi ) is the policy used to sample treatments in the training set (i.e., the
“logging policy”), π( ti |xi ) is the probability of selecting ti given xi by the pro-
posed policy π(·), and y(xi, ti ) is the observed outcome. Note that IPS is an
unbiased estimator of the true [unknown] utility U(π), meaning:

ED[ ÛIPS(π) ] = U(π) (3)
for any π(·) provided that π0(·) has a non-zero value everywhere in its sup-
port [12]. Ultimately, the optimal policy π∗ is obtained by:

π∗ = argmax
π∈Π

Û(π) = argmin
π∈Π

R̂(π) (4)

where Π is the hypothesis space containing all possible policies and R̂(π) =

−Û(π) is the empirical risk. Although unbiased, the IPS estimator has a high
variance due to the π0( ti |xi ) term in its denominator. That is, some importance
sampling weights (i.e., π(·)

π0(·) ) will be very large for any instance with small π0

– i.e., treatments that had a small chance of being selected, but were selected
anyway. The most common approach is to clip the weights [5]:

wi = min

{
M,

π(ti|xi)
π0(ti|xi)

}
(5)

where the M hyperparameter is an upper bound for the importance sampling
weights. The risk calculated with the clipped weights is denoted as R̂M (π).

2.3 Doubly Robust Estimator
As discussed earlier, methods based on OP enjoy a low variance estimate at the
cost of a high bias. On the other hand, although IPS is an unbiased estimator,
it suffers from a high variance. This motivated Dudík et al. [13] to propose the
Doubly Robust (DR) estimator, which leverages the strengths and mitigates the
weaknesses of the above mentioned methods. Prior to [13], Robins et al. [14] had
proposed a variant of this method for evaluating deterministic policies that have
binary choice of treatment. DR’s utility function is formulated as:

ÛDR(π) =
1

n

n∑
i=1

[
π(ti|xi)
π0(ti|xi)

(
y(xi, ti)− ŷ(xi, ti)

)
+ Et∼π|xi

[
ŷ(xi, t)

]]
(6)

where ŷ(x, t) is the regression fit (obtained from an OP method) that predicts
the (counter)factual outcome for any given patient x and treatment t ∈ T .
2.4 Self-Normalized Estimator
In order to alleviate the high variance problem, the doubly robust estimator em-
ploys a regression fit to predict counterfactual outcomes to be used as additive
terms in the utility function (see Eq. 6). Alternatively, Swaminathan and Joachims [15]
take a multiplicative approach by proposing the Self-Normalized (SN) estimator,
which is a stochastic variant of the method proposed by Hirano et al. [16] for eval-
uating deterministic policies with a binary choice of treatment. Self-Normalized
(SN) estimator uses the fact that E

[∑n
i=1

π(ti|xi)
π0(ti|xi)

]
= n, which motivates re-

placing n with
∑n
i=1

π(ti|xi)
π0(ti|xi)

in Eq. 2, leading to:

ÛSN (π) =

n∑
i=1

π(ti|xi)
π0(ti|xi)

y(xi, ti)

/
n∑
i=1

π(ti|xi)
π0(ti|xi)

(7)



The intuition is: since the main source of variance is the importance sampling
weights appearing in the numerator of the utility function, having a similar factor
in the denominator may cancel out some of the variability.

2.5 Counterfactual Risk Minimization
Swaminathan and Joachims [17] studied the variance of the IPS estimator with
clipped weights under the Empirical Risk Minimization (ERM) principle (see
Eq. 4) to prove the following generalization bound:

P

 ∃π ∈ Π : R(π) > R̂M (π) + λ

√
V̂ ar ( u(·) )

n
+ C

 ≤ γ (8)

where R(π) is the true risk, u(·) = y(x, t) min
{
M, π(t|x)

π0(t|x)

}
, V̂ ar(·) is the esti-

mated variance of u(·), 0 < γ < 1 bounds the probability that this generalization
bound fails, and λ and C are constants. This suggests adding the square-root
term to the ERM objective function:

π∗ = argmin
π∈Π

R̂M (π) + λ

√
V̂ ar (u(π) )

n

 (9)

This addition to the objective function yields the Counterfactual Risk Min-
imization (CRM) principle [17], which is designed to penalize high empirical
variance in weighted observed outcomes. The CRM principle can be used along
with any utility function described in Secs. 2.2 to 2.4.

3 Evaluation Methodology
As described earlier, observational studies inherently contain partial information,
as we only observe the outcome for the one treatment that was administered
to each patient. When evaluating a new learned policy, however, due to the
variance of the utility estimators, it is challenging to know if the new proposed
policy is indeed better than the in-place policy. The best way to determine the
effectiveness of a new policy is to actually deploy it on-site, record the factual
outcomes for a reasonable period of time, and then analyze the results. However,
it is neither ethical, nor allowed by the health-care community, to deploy a
policy that has a chance of producing results that may reduce the patients’
quality of life. Therefore, we need to synthesize bandit datasets in such a way
that their counterfactual outcomes are also known, merely for the purpose of
evaluation. In the following two sections, we first review the existing evaluation
methodology [18] and point out its shortcomings, and then explain our proposed
evaluation methodology, which allows for a more comprehensive assessment of a
proposed algorithm in terms of robustness to various degrees of selection bias.

3.1 The Existing Approach
Beygelzimer et al. [18] proposed an approach that converts the training partition
of a full-information binary multi-label supervised dataset3 D∗ = { [ (xi, t

∗
i )] }i=1..n

with t∗i ∈ {0, 1}kinto a partial-information bandit dataset for training off-policy

3 This is not one-hot encoding as there may be instances with multiple associated
labels – e.g., a news article concerning political initiatives on climate change.



learning methods.4 They view each label t∗i as the best possible treatment for
patient i – that is, the outcome value-function y(xi, ti ) is defined such that
y(xi, t

∗
i ) > y(xi, ¬ti ), where ¬ti is any of the treatments other than t∗i , as this

ensures that Eq. 1 holds, and so the optimal policy π∗(t|xi) will prefer t∗i . One
can convert this supervised dataset into a bandit dataset by sampling a set of
new labels ti ∼ h0( t |xi ) for each xi, where h0(·) is the underlying mechanism
that creates this observational study. This allows a single subject to appear many
(r < 2k) times in the dataset, each time associated with a different treatment.

In many applications, such as ad-placement, the underlying treatment assign-
ment mechanism (i.e., the deployed algorithm) is known [5]. To mimic the same
situation, Swaminathan and Joachims [19] set h0(t|x) to be a logistic regression
function, whose parameters are learned from a small portion (e.g., 5%) of the
supervised training set. This h0(·) is then used to guide the sampling process of
new labels ti for each xi, and log the propensities π0(ti|xi) = h0(ti|xi). Finally,
the outcome y(xi, ti) is calculated as the Jaccard index between the supervised
label t∗i and the bandit label(s) ti(s). This completes the procedure of generating
a bandit dataset D = {[xi, ti, y(xi, ti), π0(ti|xi)]}i=1..n.

There are several reasons why this evaluation framework is not appropriate
for assessing off-policy learning methods for medical observational studies:
1. It is not clear how to map the concept of binary multi-label ∈ {0, 1}k to treat-

ment, e.g., letting each bit in a label vector to be 1 (resp. 0) refer to taking
(resp. not taking) a certain medication, a multi-label target would mean a
combination of several drugs. However, due to drug interactions, such combi-
nations might neutralize the effect of the treatment or worse, be detrimental
to the patient’s health. Therefore, unless there is a principled way to consider
such interactions, a single class label seems more appropriate.

2. Using the Jaccard index to define outcomes implies assigning equal impor-
tance to various treatment options. However, this assumption does not hold
in medicine since receiving the wrong treatment might be catastrophic for
some cases while minor for others. Here, continuous measures such as sur-
vival time (y ∈ IR≥0) that directly correspond to the consequences of the
assigned treatment on the patient’s health status seem more appropriate.

3. Unlike applications such as ad-placement, where the underlying mechanism
of action selection is known, it may not be fully understood in medical obser-
vational studies (e.g., clinical pathways). In reality, we never have access to
[even a small] subset of data with ground truth labels. Hence, the propensities
π0(·) have to be calculated directly from the bandit dataset, as opposed to
readily deriving them from h0(·) (i.e., estimated from 5% of supervised data).

3.2 The Proposed Approach
This section discusses our proposed evaluation methodology and its advantages
over the existing approach. In addition to overcoming the shortcomings of the
existing approach, we want to address the following requirements: (i) design a
bandit dataset that is as realistic as possible in terms of similarity to an actual
medical observational study (Sec. 3.2); and (ii) include a procedure to generate
4 Note that the test set remains intact for evaluating the learned policy.



many different observational studies from a single RCT dataset to allow for
comprehensive evaluation of learning methods for contextual bandits (Sec. 3.2).

Designing a Bandit Dataset: We require that the designed bandit dataset be
as similar as possible to a real medical observational dataset. Therefore, instead
of converting a supervised dataset to a bandit dataset, we directly work with a
real-world RCT dataset as the source and from it synthesize various observational
studies with different degrees of sample selection bias. 5 This makes sense because
there is no selection bias in RCT datasets and therefore, one can often estimate
the counterfactual outcomes reliably. In addition to the primary constraints (e.g.,
t ∈ {0, 1} and y ∈ IR≥0), we want to preserve the statistical characteristics of
the original (source) RCT dataset; characteristics such as:
(i) Average Treatment Effect: ATE = 1

N1

∑
y(xi, 1) − 1

N0

∑
y(xi, 0), where N1

(resp., N0) is the number of subjects assigned to t = 1 (resp. t = 0); and
(ii) Coefficient of Determination: R2

t = 1−
∑

[y(xi,ti)−ft(xi)]
2∑

[y(xi,ti)−ȳ]2 for ti ∈ {t0, t1, . . . },
where ȳ is the mean of y. Coefficient of Determination is calculated on each
treatment arm separately and measures the amount of variance in the response
variable that can be explained by the observed explanatory variables.6

Given a RCT dataset with two treatment arms (i.e., t ∈ {0, 1}), we first
fit two Gaussian Process (GP) [20] models ft(·) to calculate an initial estimate
of the counterfactual outcomes; one for each treatment arm. More concretely,
ft(x) provides a mean µt(x) along with a standard deviation σt(x) that indi-
cates the confidence of estimation at any point x in the function domain. We
can now calculate the counterfactual outcome for each subject. For example,
the counterfactual outcome for a subject whose received treatment was t = 1
(with observed outcome y(xi, 1)) is defined as: ŷ(xi, 0) = µ0(xi) + k0 × σ0(xi),
where k0 is determined such that the average personalized treatment effect cal-
culated on the N1 subjects whose received treatment was t = 1 (i.e., ÂTE1 =
1
N1

∑
i s.t. ti=1

(
y(xi, 1)− ŷ(xi, 0)

)
) matches the ATE calculated on the original

RCT dataset. Solving for ÂTE1 = ATE and ÂTE0 = ATE yields:

kt =
(
ATE − (2t− 1)

1

N¬t

∑ (
µt(xi)− y(xi,¬ti)

))/ 1

Nt

∑
σt(xi) (10)

This procedure ensures that any synthetic RCT data generated by random re-
assignment of treatments will have an ÂTE close to the original ATE.

We also want our synthetic datasets to match the R2
t measure on every

treatment arm t. To do so, we first calculate R̂2
t for each treatment arm t, on

all subjects, using either observed, or counterfactual outcomes as derived in the
previous step. Then, if the R̂2

t was higher than the original R2
t value, we modify

the counterfactual outcomes by adding noise to them as follows:
ŷ(xi, t) + = et × εi , t 6= ti (11)

5 This means the X values are realistic. By contrast, we do not know whether the X
values from a supervised dataset look like realistic [medical] observational studies.

6 A low R2 measure suggests that there must exist [some] unobserved confounder(s)
that [significantly] contribute to the outcome.



where et is the amplitude of the noise (tuned such that R̂2
t matches R2

t ) and
ε ∼ U(−0.5, 0.5). As E[ε] = 0, ŷ(xi, t)’s expected increase is 0, and therefore we
expect that ÂTE would not change.

With this complete set of outcomes (observed as well as counterfactual), we
can determine the best treatment for each patient (i.e., ground truth labels),
following Eq. 1. It is also possible to synthesize any observational study (includ-
ing RCT) by simply designing an appropriate h0(·) function. Figs. 2a and 2b
respectively show the scatter plots of an original RCT dataset and a sample
synthetic RCT generated from it,following the procedure described above. The
next section explains how our proposed evaluation methodology can synthesize
various observational studies, covering a wide range of selection bias.

(a) Original RCT (b) Synthetic RCT

Fig. 2: The proposed method generates a synthetic RCT dataset (right) that is
very similar to a real RCT dataset (left)

Various Generating Policies h0(·): Unlike [19,17,15], our proposed evalu-
ation methodology decouples the generating policy h0(·) from the supervised
dataset. This means we can easily design different h0(·) policies with various
degrees of selection bias and/or conservatism, which in turn enables us to study
the behaviours/robustness of different learning algorithms under such various
circumstances. In order to create a bandit dataset, our basis function for sam-
pling labels (i.e., treatments) is a sigmoid function:

σ(z) = σα,β(z) =
1

1 + e−α(z−β)
(12)

where |z| is the amount of improvement in outcome for a patient in case she
receives the best treatment; z is positive for t∗ = 1 class and negative for t∗ = 0
class. For instances in t∗ = 1 class, the treatments t are then drawn according
to σ(z) via rejection sampling and for t∗ = 0 class according to 1− σ(z).

Parameter α in Eq. 12 controls the degree of selection bias. With α = 0, σ(z)
is a uniform distribution, which results in synthesizing a RCT dataset. Increased
α creates a more biased dataset such that at the limit of α =∞, σ(z) becomes
a step function at β. At β = 0, a larger α increases the chance that a sampled
treatment t is equal to its respective ground truth label t∗. We can simulate the



tendency towards prescribing a certain treatment more than the alternative(s)
(i.e., conservatism) by modifying β. As such, a β > 0 would assign treatment 0
to more patients and treatment 1 to fewer ones, and vice versa for β < 0.

4 Experiments, Results, and Discussions
We experimented the proposed framework with the following two RCT datasets:
Acupuncture RCT [21,22] was designed to study the potential benefit of acupunc-
ture (in addition to the standard care) for treatment of chronic headache dis-
orders. It has 18 features, all measured prior to applying any treatment. There
were two main outcomes: “severity score” and “headache frequency”, each mea-
sured at two points in time: “immediately after the treatment is completed” and
“at one year follow-up”. Out of 401 participants, we use the 295 subjects with
no missing values. Due to space limitation, we only report the performance re-
sults on one of the main outcomes (i.e., severity score at one year follow-up)
in the main text (the rest are closely similar).For this outcome, ATE = −6.15,
R2

0 = 0.68, and R2
1 = 0.33, while our synthesized RCTs has ÂTE = −6.17(0.76),

R̂2
0 = 0.60(0.05), and R̂2

1 = 0.36(0.07).
Hypericum RCT [23] was designed to assess the acute efficacy of a standardized
extract of the herb St. John’s Wort in treatment of patients with major depres-
sion disorder. This study has three arms (placebo, hypericum, and an SSRI
medication). The primary outcome measure is Hamilton Depression scale at the
end of week 8. We compiled 278 features from assessment forms. In our experi-
ments, we use the “hypericum” and “SSRI” as the binary treatment options (82
and 79 patients in each arm respectively). The original RCT has ATE = −2.25,
R2

0 = 0.24, and R2
1 = 0.00. Our synthesized RCTs has ÂTE = −2.65(0.97),

R̂2
0 = 0.15(0.10), and R̂2

1 = 0.04(0.09).
The following methods are compared in terms of classification accuracy on

the ground truth labels derived following the procedure described in Sec. 3.2.
Baseline: predict the majority class. Logger: use the logging policy π0(·) as
the classifier. Outcome Prediction: find a regression fit with a simple linear
least squares method with L2 regularization (OP), then use Eq. 1 to predict
the best label (i.e., treatment). Inverse Propensity Scoring: use the ERM
objective function (IPS-ERM), as well as the CRM objective function (IPS-
CRM) to learn a new policy π(t|x) that acts as our classifier.7 Doubly Robust:
use the same regression function as OP for the regression component with either
ERM (DR-ERM) or CRM (DR-CRM) objective functions to obtain π(t|x). Self-
Normalized: use either ERM or CRM objective functions (SN-ERM and SN-
CRM respectively) to obtain π(t|x).

Fig. 3 summarizes the performance results; showing the effect of changing α
at β = 0 in Figs. 3a and 3c, and changing β at α = 0.05 in Figs. 3b and 3d. Each
point on the plots represents the mean classification error rate across 25 runs and

7 Our implementation of IPS (and SN below) is obtained from Policy Optimizer for
Exponential Models (POEM [19]). We extended POEM substantially to include a
way to deal with the missing components (i.e., OP and DR), as well as implemen-
tation of the proposed evaluation methodology.



(a) α ∈ [ −0.25 : 0.05 : 0.45 ], β = 0 (b) α = 0.05, β ∈ [ −5 : 5 ]× 9.97

(c) α ∈ [ −0.25 : 0.05 : 0.45 ], β = 0 (d) α = 0.05, β ∈ [ −5 : 5 ]× 6.01

Fig. 3: Mean and 1
10×standard deviation of the classification error rates on the

“Acupuncture” (top) and “Hypericum” (bottom) datasets; best viewed in color

its respective error bar indicates a fraction (10%) of the standard deviation of the
error rates (in order to maintain the plots’ clarity). Also note that the Baseline
accuracy for neither of the datasets is 1.0, meaning that not all patients benefit
from receiving “acupuncture” or “SSRI”; indeed, for some, “no acupuncture” or
“St. John’s Wort” achieves a better outcome, i.e., personalized medicine.
Effects of changing α. As α increases, it is trivial that the Logger’s accu-
racy would improve since a higher α produces a bandit dataset with a higher
tendency towards sampling the ground truth treatments more often. Moreover,
OP’s prediction of (counter)factual outcomes is not accurate as α moves away
from 0, resulting in a bad performance for DR as well. IPS’s performance is
also correlated with α and it tends to do worse as α increases, as opposed to
that of Logger’s. SN tends to perform worse as |α| increases since this imposes
π0 to be small in parts of its domain which, due to weight clipping, results in
E
[∑n

i=1
π(ti|xi)
π0(ti|xi)

]
6= n. This breaks the fundamental idea of SN (see Sec. 2.4).

This suggests that SN is only useful for datasets that are close to RCT.
Effects of changing β. We know that the effect of changing β varies relative
to the degree of class imbalance in a dataset. In ours, since the majority class is
labeled as “1”, a β > 0 would result in assigning fewer samples with label t = 1.
This, in turn, would generate a bandit dataset that is more exploratory (which



SN seems to prefer); but, on the other hand, is far from the true underlying label
distribution (which is not desirable for OP and DR).
ERM versus CRM principle. We found that the CRM principle often im-
proves SN’s performance (not statistically significant though). However, it does
not do so for IPS and DR. In general, our results indicate that if a reliable OP
method is available, then DR is the most effective and robust method for various
α and β values. However, we should bear in mind that most OP (and as a result
DR) methods require more processing power than IPS and SN. Therefore, we
face a trade-off between a quick response versus a more accurate one.

5 Future Directions and Conclusions
The proposed evaluation methodology can be extended in three directions:
1. Increase the pool size of possible treatments from |T | = 2 (i.e., t ∈ {0, 1}).This

could cover combining several medications or other medical interventions.
2. Explore ways to extend this evaluation methodology for sequential observa-

tional studies. This is not trivial since the space of all possible decisions grows
exponentially as we progress through the course of treatment.

3. We can create observational datasets that contain censored samples, i.e., only
a lower bound of the survival time of some patients is available. Such datasets
can then be used to develop and evaluate survival analysis/prediction based
methods that can handle sample selection bias.
In this paper, we proposed a novel evaluation methodology for assessing off-

policy learning methods in contextual bandits. Unlike the existing methodology
(cf., [18]), our approach allows for a comprehensive assessment of the learning
methods in terms of performance and robustness with respect to various degrees
of sample selection bias. Moreover, it does not require the underlying mechanism
for data generation to be known, and it better matches medical applications as
it allows the outcomes to be more realistic (y ∈ IR≥0). Using the proposed eval-
uation methodology, we assessed several prominent off-policy learning methods
in contextual bandits – namely, outcome prediction, Inverse Propensity Scoring,
Doubly Robust [13], Self-Normalized [15], and Counterfactual Risk Minimization
principle [17] – on observational datasets synthesized using two RCT datasets.
Our analyses identify the conditions under which a certain off-policy learning
method performs best (e.g., SN is preferable for a close-to-RCT dataset). Such
analysis was not possible with [18]’s evaluation methodology as it has no means
to generate such diverse observational datasets in terms of selection bias. Thus,
we believe the proposed evaluation methodology should become a standard way
for comprehensive assessment of new off-policy learning methods in contextual
bandits, especially in costly applications such as precision medicine where de-
ploying a bad policy can have devastating effects.
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