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Clinicians are routinely faced with the practical challenge of integrating high-dimensional
data in order to make the most appropriate clinical decision from a large set of possible
actions for a given patient. Current clinical decisions continue to rely on clinical practice
guidelines, which are aimed at a representative patient rather than an individual patient who
may display other characteristics. Unfortunately, if it were necessary to learn everything
from the limited medical data, the problem would be completely intractable because of the
high-dimensional feature space and large number of medical decisions. My thesis aims to
design and analyze algorithms that learn and exploit the structure in the medical data —
for instance, structures among the features (relevance relations) or decisions (correlations).
The proposed algorithms have much in common with the works in online and counterfactual
learning literature but unique challenges in the medical informatics lead to numerous key
differences from existing state of the art literature in Machine Learning (ML) and require
key innovations to deal with large number of features and treatments, heterogeneity of the

patients, sequential decision-making, and so on.
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CHAPTER 1

Introduction

1.1 Motivation

Should a cancer patient get chemotherapy or radiotherapy? Does a hospitalized kidney
disease patient need a dialysis or hemofiltration? How do these different treatment options
impact the wellness of the patient over time? Such treatment planning and management
questions have always been in the heart of daily clinical practice; however, the current
practice is short of rigorous domain-knowledge guidelines that can accurately prescribe a
well-managed plan of treatments for an individual patient over time. Specific examples of
such kind of clinical problems include: deciding on a breast cancer treatment plan, deciding
on a sequence of treatments over time for adults with primary immune thrombocytopenia,
and selecting the right renal replacement therapy for a kidney disease patient whose illness
is progressing. A common trait shared by all those problems is the need to estimate the
response of an individual patient to a specific intervention over time. Accurate treatment
response estimates would indeed allow for more efficient treatment plans that maximize the

long-term clinical benefit for individual patients.

With the unprecedentedly vast availability of modern electronic health records (EHRs)
in most major hospitals and health-care facilities, constructing data-driven models for treat-
ment response has become more viable than ever before. The main focus of existing lit-
erature is on determining the optimal treatment online or estimating the treatment effects
from observational EHR data with the outcomes of the treatments that are not undertaken
(counterfactuals) missing. However, there are structures among the features (relevance re-

lations) or decisions (correlations) in the EHR data. For example, treatments with similar



chemical composition may have similar effects on the patients, and treatments effects are
only dependent on the relevant features and using irrelevant features could hurt the perfor-
mance of the algorithm significantly. The existing research does not address the structures

in medical data sufficiently in order to make (treatment) decisions.

1.2 Contribution of Dissertation

My dissertation develops novel practical algorithms for learning and exploiting the relevance
relations among the features and correlations in order to estimate treatment effects and make

optimal medical decisions. I answer the following questions:

e Can we develop systematic algorithms in order to estimate personalized treatment

policy from a limited EHR data with high-dimensional feature space?

e What happens if there are many choices for the treatment? Do the correlations among

the treatments help us learn faster?

e What happens if the clinician has the choice of obtaining more information (by ordering

medical tests) by paying a cost (money, inconvenience, etc.) before treatment?

e Can we develop sequential patient recruitment/allocation algorithms to improve the

learning power in Randomized Clinical Trials?

1.2.1 Chapter 2: Global Bandits

Multi-armed bandits (MAB) model sequential decision making problems, in which a learner
sequentially chooses arms with unknown reward distributions in order to maximize its cu-
mulative reward. Most of the prior work on MAB assumes that the reward distributions of
each arm are independent. But in a wide variety of decision problems in medical informatics
including drug dosage control, the expected rewards of different arms are correlated, so that
selecting one arm provides information about the expected rewards of other arms as well.
This chapter (based on [ATS18, ATS15a]) proposes and analyzes a class of models of such
2



decision problems, which we call global bandits. In the case in which rewards of all arms
are deterministic functions of a single unknown parameter, this chapter constructs a greedy
policy that achieves bounded regret, with a bound that depends on the single true parameter
of the problem. Hence, this policy selects suboptimal arms only finitely many times with
probability one. For this case we also obtain a bound on regret that is independent of the true
parameter; this bound is sub-linear, with an exponent that depends on the informativeness
of the arms. This chapter also proposes a variant of the greedy policy that achieves @(\/T )

worst-case and O(1) parameter dependent regret.

1.2.2 Chapter 3: Constructing Effective Policies from Observational Datasets
with Many Features

This chapter (based on [AZF16]) proposes a novel approach for constructing effective per-
sonalized policies when the observed data lacks counter-factual information, is biased and
possesses many features. The approach is applicable in a wide variety of settings from health-
care to advertising to education to finance. These settings have in common that the decision
maker can observe, for each previous instance, an array of features of the instance, the action
taken in that instance, and the reward realized — but not the rewards of actions that were
not taken: the counterfactual information. Learning in such settings is made even more
difficult because the observed data is typically biased by the existing policy (that generated
the data) and because the array of features that might affect the reward in a particular
instance — and hence should be taken into account in deciding on an action in each partic-
ular instance — is often vast. The approach presented here estimates propensity scores for
the observed data, infers counterfactuals, identifies a (relatively small) number of features
that are (most) relevant for each possible action and instance, and prescribes a policy to be
followed. Comparison of the proposed algorithm against state-of-art algorithms on actual
datasets demonstrates that the proposed algorithm achieves a significant improvement in

performance.



1.2.3 Chapter 4: Counterfactual Policy Optimization Using Domain Adversar-

ial Neural Networks

This chapter (based on [?,AJS18]) extends the previous chapter on policy optimization from
observational studies. It presents theoretical bounds on estimation errors of counterfactuals
from observational data by making connections to domain adaptation theory. It also presents
a principled way of choosing optimal policies using domain adversarial neural networks.
The experiments on semi-synthetic breast cancer shows that our algorithm significantly

outperforms the existing methods.

1.2.4 Chapter 5: Online Decision Making with Costly Observations

The decision-maker needs to learn simultaneously what observations to make and what
actions to take. This chapter (based on [AS16]) incorporates the information acquisition
decision into an online learning framework. We propose two different algorithms for this
dual learning problem: Sim-OOS and Seq-OOS where observations are made simultaneously
and sequentially, respectively. A regret that is sublinear in time is proved for both cases. The
developed framework and algorithms can be used in medical informatics in which collecting
information prior to making decisions is costly. Our algorithms are validated in a breast
cancer example setting in which we show substantial performance gains for our proposed

algorithms.

1.2.5 Chapter 6: Sequential Patient Allocation for Randomized Controlled Tri-

als

Randomized Controlled Trials (RCTs) have became to gold standard comparing the effect
and value of treatment(s) with respect to control group. Most of the existing RCTs allocate
the patients into treatment groups by simply repeated fair coin tossing. However, we show
that this approach is not optimal when the standard deviations of treatment groups differ.
In this chapter, we formulate this problem as Markov Decision Process (MDP) by assum-

ing a Bayesian prior on the parameters of the treatment outcomes and propose Optimistic

4



Knowledge Gradient (Opt-KG), an approximate solution to MDP, to allocate the patients
into treatment groups so that both estimation error of subgroup-level treatment effects or
convex combination of type-I and type-II errors are minimized. This chapter illustrates our
algorithm and its effectiveness on a synthetic dataset and verifies that Opt-KG significantly

outperforms the repeated fair coin tossing as the deviations of treatment groups differ.



CHAPTER 2

Global Bandits

2.1 Introduction

Multi-armed bandits (MAB) provide powerful models and algorithms for sequential decision-
making problems in which the expected reward of each arm (action) is unknown. The goal
in MAB problems is to design online learning algorithms that maximize the total reward,
which turns out to be equivalent to minimizing the regret, where the regret is defined as the
difference between the total expected reward obtained by an oracle that always selects the
best arm based on complete knowledge of arm reward distributions, and that of the learner,
who does not know the expected arm rewards beforehand. Classical K-armed MAB [LR85]
does not impose any dependence between the expected arm rewards. But in a wide variety
of examples such as drug dosage, the expected rewards of different arms are correlated, so
that selecting one arm provides information about the expected rewards of other arms as
well. This chapter proposes and analyzes such a MAB model, which we call Global Bandits
(GB).

In GB, the expected reward of each arm is a function of a single global parameter. It
is assumed that the learner knows these functions but does not know the true value of
the parameter. For this problem, this chapter proposes a greedy policy, which constructs
an estimate of the global parameter by taking a weighted average of parameter estimates
computed separately from the reward observations of each arm. The proposed policy achieves
bounded regret, where the bound depends on the value of the parameter. This implies that
the greedy policy learns the optimal arm, i.e., the arm with the highest expected reward, in

finite time. In addition, a worst-case (parameter independent) bound on the regret of the



greedy policy is obtained. This bound is sub-linear in time, and its time exponent depends
on the informativeness of the arms, which is a measure of the strength of correlation between

expected arm rewards.

GBs encompass the model studied in [MRT09], in which it is assumed that the expected
reward of each arm is a linear function of a single global parameter. This is a special case of
the more general model we consider in this paper, in which the expected reward of each arm
is a Holder continuous, possibly non-linear function of a single global parameter. On the
technical side, non-linear expected reward functions significantly complicates the learning
problem. When the expected reward functions are linear, then the information one can
infer about the expected reward of arm X by an additional single sample of the reward
from arm Y is independent of the history of previous samples from arm Y.! However, if
reward functions are non-linear, then the additional information that can be inferred about
the expected reward of arm X by a single sample of the reward from arm Y is biased.
Therefore, the previous samples from arm X and arm Y needs to be incorporated to ensure

that this bias asymptotically converges to 0.

Many applications can be formalized as GBs. An example is clinical trials involving
similar drugs (e.g., drugs with a similar chemical composition) or treatments which may

have similar effects on the patients.

Example 1: Let gy, be the dosage level of the drug for patient ¢ and z; be the response
of patient t. The relationship between the drug dosage and patient response is modeled
in [LR78] as z; = M (yy; 0.) + €, where M(-) is the response function, 6, is the slope if the
function is linear or the elasticity if the function is exponential or logistic, and ¢; is i.i.d. zero
mean noise. For this model, 6, becomes the global parameter and the set of drug dosage

levels becomes the set of arms.

!The additional information about the expected reward of arm X that can be inferred from obtaining
sample reward r from arm Y is the same as the additional information about the expected reward of arm X
that could be inferred from obtaining the sample reward L(r) from arm X itself, where L is a linear function
that depends only on the reward functions themselves.



2.2 Contribution and Key Results

The main contributions in this chapter can be summarized as follows:

e It proposes a non-linear parametric model for MABs, which we refer to as GBs, and
a greedy policy, referred to as Weighted Arm Greedy Policy (WAGP), which achieves

bounded regret.

e [t defines the concept of informativeness, which measures how well one can estimate
the expected reward of an arm by using rewards observed from the other arms, and
then, prove a sublinear in time worst-case regret bound for WAGP that depends on

the informativeness.

e It also proposes another learning algorithm called the Best of UCB and WAGP (BUW),
which fuses the decisions of the UCB1 [ACF02a] and WAGP in order to achieve O(v/T)?

worst-case and O(1) parameter dependent regrets.

2.3 Related Work

There is a wide strand of literature on MABs including finite armed stochastic MAB [LR85,
ACF02a, Aue02, GC11], Bayesian MAB [KOG12, Tho33, AG12a, KKE13, BL13], contextual
MAB [LZ08,Slil4a, AG13] and distributed MAB [TS15a, XTZ15,LZ13]. Depending on the
extent of informativeness of the arms, MABs can be categorized into three: non-informative,

group informative and globally informative MABs.

2.3.1 Non-informative MAB

In this chapter, a MAB is called as non-informative if the reward observations of any arm do

not reveal any information about the rewards of the other arms. Example of non-informative

20(+) is the Big O notation, @() is the same as O(-) except it hides terms that have polylogarithmic
growth.



MABES include finite armed stochastic [LR85, ACF02a] and non-stochastic [ACF95] MABs.

Lower bounds derived for these settings point out to the impossibility of bounded regret.

2.3.2 Group-informative MAB

A MAB is called group-informative if the reward observations from an arm provides infor-
mation about a group of other arms. Examples include linear contextual bandits [LCL10,
CLR11], multi-dimensional linear bandits [APS11, RT10, DHKO08, APS12, CK11] and combi-
natorial bandits [CWY13, GKJ12]. In these works, the regret is sublinear in time and in
the number of arms. For example, [APS11] assumes a reward structure that is linear in an
unknown parameter and shows a regret bound that scales linearly with the dimension of the
parameter. It is not possible to achieve bounded regret in any of the above settings since
multiple arms are required to be selected at least logarithmically many times in order to

learn the unknown parameters.

Another related work [MS11] studies a setting that interpolates between the bandit (par-
tial feedback) and experts (full feedback) settings. In this setting, the decision-maker obtains
not only the reward of the selected arm but also an unbiased estimate of the rewards of a
subset of the other arms, where this subset is determined by a graph. This is not possible

in the proposed setting due to the non-linear reward structure and bandit feedback.

2.3.3 Globally-informative MAB

A MAB is called globally-informative if the reward observations from an arm provide in-
formation about the rewards of all the arms [LM14, MRT09]. GB belongs to the class of
globally-informative MAB and includes the linearly-parametrized MAB [MRT09] as a sub-
class. Hence, the results obtained in this chapter reduces to the results of [MRT09] for the

special case when expected arm rewards are linear in the parameter.

Table 2.1 summarizes the GB model and theoretical results, and compares them with the
existing literature in the parametric MAB models. Although GB is more general than the
model in [MRT09], both WAGP and BUW achieves bounded parameter-dependent regret,

9



GB (our work) [APS11,RT10, DHKO08, APS12,CK11] | [MRT09)] [FCG11]
Parameter dimension Single Multi Single Multi
Reward functions Non-linear Linear Linear Generalized linear
Worst-case regret BUW: OWT), OWT) OWT) OWT)
WAGP: O(T'~2)
Parameter dependent | BUW: O(1), O (logT) o(1) O ((log T)3)
regret WAGP: O(1)

Table 2.1: Comparison with related works

and BUW is able to achieve the same worst-case regret as the policy in [MRT09]. On the
other hand, although the linear MAB models are more general than GB, it is not possible

to achieve bounded regret in these models.

2.4 Problem Formulation

2.4.1 Arms, Reward Functions and Informativeness

There are K arms indexed by the set K := {1,..., K}. The global parameter is denoted by
6., which belongs to the parameter set © that is taken to be the unit interval for simplicity
of exposition. The random variable X}, denotes the reward of arm k at time ¢t. X, is
drawn independently from a distribution vy (6,.) with support X, C [0,1]. The expected
reward of arm k is a Holder continuous, invertible function of 6., which is given by p(60,) =
E,, 0.)[ Xk, where E, [-] denotes the expectation taken with respect to distribution v. This

is formalized in the following assumption.

Assumption 1. (i) For each k € K and 0,6 € O there exists D1 > 0 and 1 < v, such
that
|1 (0) = pi(0)] > D1 g6 — 0"

(i1) For each k € K and 6,0" € © there exists Dy, > 0 and 0 < v, < 1, such that
1 (0) — 11 (0")] < Doyl — 6725

The first assumption ensures that the reward functions are monotonic and the second

assumption, which is also known as Holder continuity, ensures that the reward functions are
10



smooth. These assumptions imply that the reward functions are invertible and the inverse
reward functions are also Holder continuous. Moreover, they generalize the model proposed
in [MRT09], and allow us to model real-world scenarios described in Examples 1 and 2, and

propose algorithms that achieve bounded regret.

Some examples of the reward functions that satisfy Assumption 1 are: (i) exponential
functions such as ug(0) = aexp(bf) where a > 0, (ii) linear and piecewise linear functions,
and (iii) sub-linear and super-linear functions in § which are invertible in © such as u(0) =

af? where v > 0 and © = [0, 1].

Proposition 1. Define p, = mingee px(0) and [, = maxgee pur(0). Under Assumption 1,

the following are true: (i) For all k € IC, py(-) is invertible. (ii) For all k € IC and for all

l’,fL’l < [Hkaﬁk]f
e () = gy (@) < Dyl — /[

1

- 1 A 1\ "k
where Y1 1, = — and Dy, = <D1 k) .

Invertibility of the reward functions allows us to use the rewards obtained from an arm
to estimate the expected rewards of other arms. Let 4; and +5 be the minimum exponents

and Dy, D, be the maximum constants, that is

1 = min_lk 2:min 2k

Y keK’V,a”Y keK’V,;

D, = maxD;, Dy=maxDsy.
kek ’ kek ’

Definition 1. The informativeness of arm k is defined as vy, := Y1 xV2x- The informativeness

of the GB instance is defined as v := 2.

The informativeness of arm k measures the extent of information that can be obtained
about the expected rewards of other arms from the rewards observed from arm k. As shown
in later sections, when the informativeness is high, one can form better estimates of the

expected rewards of other arms by using the rewards observed from arm k.
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2.4.2 Definition of the Regret

The learner knows p(-) for all £ € K but does not know 6,. At each time ¢ it selects one
of the arms, denoted by I;, and receives the random reward Xy, ;. The learner’s goal is to

maximize its cumulative reward up to any time 7'.

Let p*(0) := maxgex pr(f) be the maximum expected reward and K*(0) := {k € K :
1i(0) = p*(0)} be the optimal set of arms for parameter §. In addition, let £*(0) denote an
arm that is optimal for parameter §. The policy that selects one of the arms in K*(6,) is
referred to as the oracle policy. The learner incurs a regret (loss) at each time it deviates from
the oracle policy. Define the one-step regret at time ¢ as the difference between the expected
reward of the oracle policy and the learner, which is given by r4(0,) := p*(6.) — pr,(0s).
Based on this, the cumulative regret of the learner by time 7" (also referred to as the regret
hereafter) is defined as

Reg(0.,T) :=E

t=1

Z rt(H*)] .

Maximizing the reward is equivalent to minimizing the regret. In the seminal work by Lai
and Robbins [LR78], it is shown that the regret becomes infinite as 7" grows for the classical
K-armed bandit problem. On the other hand, limy_,, Reg(f.,T) < oo will imply that the

learner deviates from the oracle policy only finitely many times.

2.5 Weighted-Arm Greedy Policy (WAGP)

A greedy policy called the Weighted-Arm Greedy Policy (WAGP) is proposed in this section.
The pseudocode of WAGP is given in Algorithm 1. The WAGP consists of two phases: arm

selection phase and parameter update phase.

Let Ni(t) denote the number of times arm k is selected until time ¢, and Xk:,t denote the
reward estimate, ék,t denote the global parameter estimate and wy(t) denote the weight of
arm k at time ¢. Initially, all the counters and estimates are set to zero. In the arm selection
phase at time ¢ > 1, the WAGP selects the arm with the highest estimated expected reward:

I; € arg max ,uk(ét_l) where 0,_; is the estimate of the global parameter calculated at the
12



Algorithm 1 The WAGP

1: Inputs: pg(-) for each arm k
2: Initialization: wy(0) = 0,00 = 0, X0 =0,Nx(0)=0forall ke K, t =1
3: while ¢t > 0 do
if t =1 then
Select arm I; uniformly at random from
else

end if
Xk,t = Xkﬂg_l for all k € K \ It

. > o Nlt(t—l)f(ltyt,l-i-XIM
D

11: ékﬂf = arg mingee |ur(0) — )A(W\ for all k € K
12: N[t(t):NIt(t—l)—Fl

13: Np(t)=Ng(t—1) forall ke L\ I,

14: wy(t) = Ni(t)/t for all k € £

15: 0, = S0 wi(t)0r.

16: end while

4

5

6: R

7 Select arm I; € argmaxy,cx ik (6:—1) (break ties randomly)
8.

9

end of time t — 1.%4

In the parameter update phase the WAGP updates: (i) the estimated reward of selected
arm [;, denoted by X 1, (i) the global parameter estimate of the selected arm I;, denoted
by 04,4, (iii) the global parameter estimate 6, and (iv) the counters Ny (t). The reward of

estimate of arm I; is updated as:

A _ Nlt (t — ].)Xlt,t—l + X]t,t
Tt Np(t—1)+1

The reward estimates of the other arms are not updated. The WAGP constructs estimates
of the global parameter from the rewards of all the arms and combines their estimates using
a weighted sum. The WAGP updates élt,t of arm [; in a way that minimizes the distance
between X, ; and y,(6), i.e., élt,t — arg mingee |17, (0) — X1, 4|. Then, the WAGP sets the
global parameter estimate as 0, = 215:1 wy,(t)0y¢ where wy(t) = Ny(t)/t. Hence, the WAGP
gives more weights to the arms with more reward observations since the confidence on their

estimates are higher.

3The ties are broken randomly.

4For t = 1, the WAGP selects a random arm since there is no prior reward observation that can be used
to estimate 0,.

13



2.6 Regret Analysis of the WAGP

2.6.1 Preliminaries for the Regret Analysis

In this subsection, the tools that will be used in deriving the regret bounds for the WAGP

will be defined. Consider any arm k € K. Its optimality region is defined as
Or:={0€0: ke K0}

Note that ©, can be written as union of intervals in each of which arm k is optimal. Each
such interval is called an optimality interval. Clearly, the following holds: (J,c ©Or = ©. If
O = () for an arm k, this implies that there exists no global parameter value for which arm
k is optimal. Since there exists an arm &’ such that p(6) > pi(0) for any 6 € © for an arm
with O = 0, the greedy policy will discard arm k after t = 1. Therefore, without loss of
generality, it is assumed that ©, # () for all k& € K. The suboptimality gap of arm k € K given
global parameter 0, € © is defined as 05 (6) := p*(0.) — pr(0+). The minimum suboptimality
gap given global parameter 6, € © is defined as Gmin(0) := mingeje\k+(a.) Ok (6)-

Let ©5">(6,) be the suboptimality region of the global parameter 6., which is defined as

the subset of the parameter space in which none of the arms in *(6,) is optimal, i.e.,

o) =0\ J o

k' elC*(64)
As shown later, the global parameter estimate will converge to #,. However, if 6, lies close
to ©%(6,), the global parameter estimate may fall into the suboptimality region for a large
number of times, thereby resulting in a large regret. In order to bound the expected number
of times this happens, we define the suboptimality distance as the smallest distance between

the global parameter and the suboptimality region.

Definition 2. For a given global parameter 0,, the suboptimality distance is defined as

infglegsub(g*) 9* — 9/’ Zf GSUb(0*> ?é @
1 if ©546(6,) =0

Amm(g*) =

14



Arm 1 — Arm 2 Arm 3
1,6)=1-0 1,(0)=0.860 1,(0)=6’

N > < >

®sub(0*)
0.6 0.8 1

0 0.2 0 0.4

Figure 2.1: Hlustration of the minimum suboptimality gap and the suboptimality distance.

From the definition of the suboptimality distance it is evident that the proposed policy
always selects an optimal arm in K*(6,) when 6, is within A, (6,) of 6,. For notational
brevity, we also use A, := Apin(6:) and 0, := din(0+). An illustration of the suboptimality
gap and the suboptimality distance is given in Fig. 2.1 for the case with 3 arms and reward

functions p1(0) = 1 — V0, p2(#) = 0.80 and ps(0) = 62, 6 € [0, 1].

The notations frequently used in the regret analysis is highlighted in Table 2.2.

2.6.2 Worst-case Regret Bounds for the WAGP

First, we show that parameter estimate of the WAGP converges in the mean-squared sense.
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K*(0.,) set of optimal arms for 0,
w*(0,) expected reward of optimal arms
I; selected arm at time ¢

0; global parameter estimate at time ¢
0s = Omin(0x) minimum suboptimality gap

A, = Apin(0,)] minimum suboptimality distance
O optimality region of arm &
05" (9,) suboptimality region of 6,

~ informativeness of the arms

Table 2.2: Frequently used notations in regret analysis

Theorem 1. Under Assumption 1, the global parameter estimate converges to true value of

global parameter in mean-squared sense, i.e., lim; . E [\ét — 9*]2] = 0.

The following theorem bounds the expected one-step regret of the WAGP.
Theorem 2. Under Assumption 1, we have for WAGP E [ry(6,)] < O(t—%),

Theorem 2 proves that the expected one-step regret of the WAGP converges to zero.’

This is a worst-case bound in the sense that it holds for any 6,. Using this result, the

following worst-case regret bound for the WAGP is derived.

Theorem 3. Under Assumption 1, the worst-case regret of WAGP is

sup Reg(6,,T) < O(K3T'"3).
0.€0

Note that the worst-case regret bound is sublinear both in the time horizon T and the
number of arms K. Moreover, it depends on the informativeness v. When the reward
functions are linear or piecewise linear, we have v = 1, which is an extreme case of our
model; hence, the worst-case regret is O(v/T), which matches with (i) the worst-case regret
bound of the standard MAB algorithms in which a linear estimator is used [BC12|, and (ii)
the bounds obtained for the linearly parametrized bandits [MRT09].

5The asymptotic notation is only used for a succinct representation, to hide the constants and highlight
the time dependence. This bound holds not just asymptotically but for any finite ¢.
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2.6.3 Parameter Dependent Regret Bounds for the WAGP

This section shows a bound on the parameter dependent regret of the WAGP. First, several

constants that will appear in the regret bound are introduced.

2

Definition 3. C1(A,) is the smallest integer T such that T > <D1K> e nd Cy(A,) s

Ay 2
2

the smallest integer T such that T > (DAI—*> " log(7).

Closed form expressions for these constants can be obtained in terms of the glog function

[Kal01], for which the following equivalence holds: y = glog(z) if and only if z = 22

Then, we have

Next, we define the expected regret incurred between time steps T and T, given 6,
as Ry, (T1,T3) := tTiTl E [r¢(0.)] . The following theorem bounds the parameter dependent
regret of the WAGP.

Theorem 4. Under Assumption 1, the regret of the WAGP is bounded as follows:

(i) For 1 <T < Ci(A.), the regret grows sublinearly in time, i.e.,
Ry, (1,T) < Sy + S,T' "2
where S7 and Sy are constants that are independent of the global parameter 6., whose exact

forms are given in Appendiz 2.8.6.

(ii) For C1(A,) < T < Cy(A.), the regret grows logarithmically in time, i.e.,

Ry, (C1(AL),T) <1+ 2K log (%) .

(iii) For T > Cy(A.), the growth of the regret is bounded, i.e.,

2
R, (C5(AL),T) < K%.

Thus, we have limp_,o, Reg(0,,T) < oo, i.e., Reg(0.,T) = O(1).
17



Theorem 4 shows that the regret is inversely proportional to the suboptimality distance
A, which depends on #,. The regret bound contains three regimes of growth: Initially
the regret grows sublinearly until time threshold C;(A,). After this, it grows logarithmically
until time threshold Cy(A,). Finally, the growth of the regret is bounded after time threshold
Cy(A,). In addition, since lima, 0 Ci(AL) = oo, in the worst-case, the bound given in
Theorem 4 reduces to the one given in Theorem 3. It is also possible to calculate a Bayesian
risk bound for the WAGP by assuming a prior over the global parameter space. This risk
bound is given to be O(logT) when v =1 and O(T'™) when v < 1 (see [ATS15b]).

Theorem 5. The sequence of arms selected by the WAGP converges to the optimal arm

almost surely, i.e., imy o I; € KC*(0,) with probability 1.

Theorem 5 implies that a suboptimal arm is selected by the WAGP only finitely many
times. This is the major difference between GB and the classical MAB [LR85, ACF02a,RV15],
in which every arm needs to be selected infinitely many times asymptotically by any good

learning algorithm.

Remark 1. Assumption 1 ensures that the parameter dependent regret is bounded. When
this assumption s relaxed, bounded regret may not be achieved, and the best possible regret
becomes logarithmic in time. For instance, consider the case when the reward functions are
constant over the global parameter space, i.e., ug(6.) = my for all 0, € [0,1] where my, is a
constant. This makes the reward functions non-invertible. In this case, the learner cannot
use the rewards obtained from the other arms when estimating the rewards of arm k. Thus,
it needs to learn my, of each arm separately, which results in logarithmic in time regret when
a policy like UCB1 [ACF02a] is used. This issue still exists even when there are only finitely
many possible solutions to p(0.) = x for some x, in which case some of the arms should be

selected at least logarithmically many times to rule out the incorrect global parameters.

2.6.4 Lower Bound on the Worst-case Regret

Theorem 3 shows that the worst-case regret of the WAGP is O(T'~2), which implies that

the regret decreases with ~.
18



Theorem 6. For T' > 8 and any policy, the parameter dependent regret is lower bounded by
Q(1) and the worst-case regret is lower bounded by Q(V/T).

The theorem above raises a natural question: Can we achieve both O(v/T) worst-case
regret (like the UCB based MAB algorithms [ACF02a]) and bounded parameter dependent
regret by using a combination of UCB and WAGP policies? This question in the affirmative

in the next section is answered in affirmative way.

2.7 The Best of the UCB and the WAGP (BUW)

In the this section, the Best of the UCB and the WAGP (BUW), which combines UCB1
and the WAGP to achieve bounded parameter dependent and O(\/T ) worst-case regrets
is proposed. In the worst-case, the WAGP achieves (’)(Tl’%) regret, which is weaker than
O(V/T) worst-case regret of UCB1. On the other hand, the WAGP achieves bounded param-
eter dependent regret whereas UCB1 achieves a logarithmic parameter dependent regret. In
this section, an algorithm which combines these two algorithms and achieves both O(v/T)

worst-case regret and bounded parameter dependent regret is proposed.

The main idea for such an algorithm follows from Theorem 4. Recall that Theorem
4 shows that the WAGP achieves O(T"~2) regret when 1 < T < Cy(A,). If the BUW
could follow the recommendations of UCB1 when 7" < Ci(A,) and the recommendations
of the WAGP when T' > C;(A,), then it will achieve a worst-case regret bound of O(v/T)
and bounded parameter-dependent regret. The problem with this approach is that the
suboptimality distance A, is unknown a priori. This problem can be solved by using a data-
dependent estimate A, where A, > A, holds with high probability. The data-dependent
estimate At is given as

1
At - At - DlK <1()Tgt)

where

) X inf,,_oman |0, — 0 if ©(4,) £ ()
A, = A (6y) = preosw(,) [0 — 0] <f) #
1 if ©%(6,) = ()
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Algorithm 2 The BUW

Inputs: T, p(-) for each arm k.
Initialization: Select each arm once for ¢ = 1,2,..., K, compute éka, Ni(K), [, )A(k,K forall k € K,
and é[{, AK, AK, t=K+1

1: while ¢t > K+ 1do

2:  ift< Oy (max (O7 At,l)) then

3: I, € argmaxyex Xpo 1 + 2;,‘;%611))

4: else R

5: I € argmaxyeic i (0r—1)

6: end if R A R

7. Update Xy, +, Ni(t), wi(t), O+, 0; as in the WAGP
8:  Solve

At _ infgze@sub(ét) |éf — 9’| if @sub( ) % 0
1 1f ®§ub( ) — (Z)

Ay
95 At = At — DlK (lngt> :
10: end while

The pseudo-code for the BUW is given in Fig. 2. The regret bounds for the BUW are

given in the following theorem.

Theorem 7. Under Assumption 1, the worst-case regret of the BUW is bounded as follows:

sup Reg(6,,T) < O(VKT).

0.€0

Under Assumption 1, the parameter dependent regret of the BUW is bounded as follows:

(i) For 1 < T < Cy(As/3), the regret grows logarithmically in time, i.e.,

g Z 10§T

k
kp<p*

Ry, (1,T) < + K (1+7%).

(ii) For T > Cy(A./3), the growth of the regret is bounded, i.e.,

Ry, (C5(A,/3),T) < Kn*.

The BUW achieves the lower bound given in Theorem 7, that is O(1) parameter-dependent

regret and O(v/T) worst-case regret.
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2.8 Appendices

2.8.1 Preliminaries

In all the proofs given below. Let w(t) = (w;(t),...,wk(t)) be the vector of weights and
N(t) = (Ny(t),..., Ne(t)) be the vector of counters at time t. Then, w(t) = N (¢)/t. Since
N (t) depends on the history, they are both random variables that depend on the sequence

of obtained rewards.

2.8.2 Proof of Proposition 1

(i) Let k and 6 # 0’ be arbitrary. Then, by Assumption 1,
|1 (0) = 1 (0')] = Dyg|0 — 0|+ >0
and hence p,(0) # i (6).

(ii) Suppose z = pg(0) and &’ = (0" for some arbitrary 6 and 6’. Then, by Assumption
| — /| = Dyl (@) = py (2) -

2.8.3 Preliminary Results

Lemma 1. For the WAGP the following relation between 0, and 0, holds with probability
one: [0, — 0. < Sp wi(t) Dy | Xpe — (6.7

Proof. Before deriving a bound of gap between the global parameter estimate and true
global parameter at time ¢, let fi,'(z) = argmingee | (6) — z|. By monotonicity of pu(+)

and Proposition 1, the following holds |ji; ! (x) — fi, ' (2')| < Dy|z — 2/|7. Then,

K K
0. = 0, = 1) wi(t)0hy — 0] =Y wilt) |6. — O
k=1 k=1

< Do wn®)li! (Kee) = iy (i (62)

K
< Y wi(t)Dy| Xy — (6]
k=1
21



where there are two cases for the first inequality to check. The first case is X kt € X where
the statement immediately follows. The second case is X kt & Xy, where the global parameter

estimator ékﬂg is either O or 1. ]

Lemma 2. The one-step regret of the WAGP is bounded by ri(0.) = pu*(0.) — pur,(0x) <
2D,|0, — ét,l\w with probability one, fort > 2.

Proof. Note that I, € arg max;x fix(6;_1). Therefore, we have

pur, (Or-1) — pireo.)(Br—1) > 0. (2.1)

Since p*(0y) = p=0.)(6:), we have

e (0x) = par, (65)

= p=(0.) () — por, (0)

< pke(0.)(0) — pur, (0 SR )—Mk*(e*)(étq)
) =t (0.) (B1) + p1r, (1) — pur, (62)

< 2D2’9* - et—l"m?

where the first inequality follows from (2.1) and the second inequality follows from Assump-

tion 1. O

Let G, 4,(7) = {|6.—0;| > 2} be the event that the distance between the global parameter

estimate and its true value exceeds z. Similarly, let ]-"5 5 () = {| Xks — i(6,)] > 2} be
*,U¢

the event that the distance between the sample mean reward estimate of arm k and the true

expected reward of arm k exceeds x.

Lemma 3. For WAGP we have

Gy 4, U ((m> )

with probability one, fort > 2.
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Proof. Observe that

where the first inequality follows from Lemma 1. Then,

{10 — 61| >z} C

K

2.8.4 Proof of Theorem 1

Uvt-mer (i) )

Using Lemma 1, the mean-squared error can be bounded as

(2.2)

2
where the inequality follows from the fact that (Zszl ak> < K Zszl a; for any a; > 0.

Then,

E [|9* - étﬂ
iwz(t)E [‘th - Mk(9*>|2m|w<t>}]

< KD?E

< KD’E

oo

0

Pr(|Xies — p(0)27 > a:|w<t>>dx] ,

23
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where the second inequality follows from the fundamental theorem of expectation. Then,
the bound on inner expectation is

[ PR = 0P = sl (®)ds

=0

< / 2 exp(—x%Nk(t)) dx.

=0

=270 (3 )N (t) ™,

where I'(+) is Gamma function. Then,

E[|6. — 6,]%] < 2K5 DIT(}1)E
h=1

K Ny(t)2
Z t2
< 2Ky DIT(y)t ™,

where the last inequality follows from the fact that E[S"1 N7 (t)/t?] <t~ for any Ni(t)
since Y1 Ni(t) =t and 7, < 1.

2.8.5 Proof of Theorem 2
By Lemma 2 and Jensen’s inequality,
A 772
Er.1(6.)] < 2DoE [|e* - et@ . (2.4)

Also by Lemma 1 and Jensen’s inequality,
E [w* - éty]

< DiE

K i}
A~ 71
S w0 [ X0 — (6] (0] ] , (2.5
k=1
where E[-|] denotes the conditional expectation. Using Hoeffding’s inequality, for each k € IC,

E (100 — mn(6.)] [o(t)]

B /xiOPr (lX’fvt — pk(0.)] > Ilw(t)) dz

< / :)Zexp(—ZmQNk(t))dm <1/ NZ 0 (2.6)
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Combining (2.5) and (2.6), the following is obtained:

Zwk(t)”%] . (2.7)

Since wi(t) < 1 for all k € K, and Y0 wi(t) = 1 for any possible w(t), we have
E[> N, wk(t)l_%l] < K*#. Then, combining (2.4) and (2.7), we have

A _ T
E[l9. — ) < Di(3)? 5 E

Y172 -
m 3 J172 1

E[nH(Q*)] < 2D¥2D2§ K2

J1v2 *

t7 2

2.8.6 Proof of Theorem 3

This bound is consequence of Theorem 2 and the inequality given in bound where for v > 0
and v #1, 30,1/ <1+ T e

= 7172 Y172
V2 B
2D1 DQ% 2 K 2 Tlf‘q’yg

2 .

Reg(0.,T) <2+ [
2

2.8.7 Proof of Theorem 4

In order to complete the proof, the probability of the event that {I, & K*(0,)} needs to be
bounded. Since at time ¢ + 1, the arm with the highest uk(ét) is selected by the WAGP, 6,

should lie in © \ O+ (g, for a suboptimal arm to be selected. Therefore,

{I1 € K7(0.)}
= {0: € ©\ ()} € Gy 5, (D), (2.8)

By Lemma 3 and (2.8),

< iE L (Fg* g (<wk<tA>BIK)%>> 'N(t)”
< éz]ﬁ‘; exp <—2 (wk(t?—DlK> ' Wk(t>t>]

< 9K exp <_2 <DA1;() g t) | (2.9)



where I(-) is indicator function which is 1 if the statement is correct and 0 otherwise, the
first inequality follows from a union bound, the second inequality is obtained by using the
Chernoftf-Hoeffding bound, and the last inequality is obtained by using Lemma 4. Then,
Pr(liy 1 & K*(0,) < 1/t for t > C1(A,) and Pr(l; € K*(6.)) < 1/t* for t > Co(A,).
The bound in the first regime is the result of Theorem 3. The bounds in the second and
third regimes are obtained by summing the probability given in (2.9) from Ci(A,) to T and
Cy(A,) to T, respectively.

2.8.8 Proof of Theorem 5

Let (€2, F, P) denote probability space, where Q2 is the sample set and F is the o-algebra
that the probability measure P is defined on. Let w € €2 denote a sample path. Then, the
following needs to be proved: There exists event N € F such that P(N) =0 and if w € N¢,
then limy,o [t(w) € K£*(0,). Define the event & := {I; # k*(6.)}. We show in the proof of
Theorem 4 that Zthl P(&;) < oo. By Borel-Cantelli lemma,

Pr(&; infinitely often) = Pr(limsup &) = 0.

t—o00

Define N := limsup,_, &, where Pr(N) = 0. Then,

N¢ = liminf &,

t—00
where Pr(N°¢) =1 — Pr(N) = 1, which means that I, € K*(6,) for all but a finite number of

time ¢.

2.8.9 Proof of Theorem 6

Consider a problem instance with two arms with reward functions u1(0) = 07 and ps(0) =
1 — 07, where 7 is an odd positive integer and rewards are Bernoulli distributed with X;; ~
Ber(ui(6)) and Xo; ~ Ber(uz(6)). Then, optimality regions are ©; = [2_%,1] and ©y =
0, 2_%]. Note that 75 = 1 and v, = 1/ for this case. It can be shown that

111 (0) — i (0")] < Dol0 — &'
i (2) — p ' (&) € Dya — o'V
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Let 6* = 27%. Consider following two cases with 0] = 0* + A and 65 = 6* — A. The optimal
arm is 1 in the first case and 2 in the second case. In the first case, one step loss due to

choosing arm 2 is lower bounded by
0"+ A —(1—(0"+A))
=2(0"+A) —
—2((6") + (D (0*) 1A + (g) (0*)2A2 4 .. ) — 1
> 29277 A.

Similarly, in the second case, the loss due to choosing arm 1 is 2721%W A+, (1) (090D (=AY
Let A1(A) = 2927 A+ X1, ()90 (=A).
Define two processes v, = Ber(p; (6% +A)) ® Ber(ue(6* + A)) and vo = Ber(p; (6*— A)) ®

Ber(u2(6* — A)) where x ® y denotes the product distribution of x and y. Let Pr, denote

probability associated with distribution v. Then, the following holds:
Reg(6* + A, T) + Reg(6. — A, T)

> A,(A) XT: (Pry?t(ft =2) + Prgi(l, = 1)) , (2.10)

t=1
where v®! is the ¢ times product distribution of v. Using well-known lower bounding tech-

niques for the minimax risk of hypothesis testing [TZ09], the following holds:
Reg(0* + A, T) + Reg(e* —A,T) (2.11)
> Ai(A Zexp —KL(»y ,1/2 )), (2.12)
where

KL(vEt, 8t = t(KL(Ber(,ul(Q + A)), Ber(u (0F — A))

+ KL(Ber(uo(0* + A)), Ber(jo(6° — A))). (2.13)

Define Ay = (1—exp(gr—grinigm—zy)) (0" —A) (1= (0" — A)7). By using the fact KL(p, q) <
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—f}]‘(’l’f)qj [RZ10], we can further bound (2.12) by

Reg(6* + A, T) + Reg(0* — A, T)

T ADytA?
> A (A) ZeXp (— (0 — A (1 — (0" — A)”)>

where Ay € (0,1) for any A € (0, max(6*,1—6*)). Hence, the lower bound for the parameter
dependent regret is 2(1). In order to show the lower bound for the worst-case regret, observe

that

Reg(6* + A,T) 4+ Reg(0* — A, T)
2027 4 (7 o i
>— _A’L *’Y’L.
> a2 (1) e

By choosing A = \/LT’ it is shown that for large T', Ay = 0.25(1 — exp(—16D3)). Hence,

worst-case lower bound is Q(v/T).

2.8.10 Proof of Theorem 7

Without loss of generality, assume that a unique arm is optimal for 6, and 0,. First, the

following is shown: |6, — 6,| = ¢ implies |A; — A,| < €. There are four possible cases for A,:

e 0, and 6, lie in the same optimality interval of the optimal arm, and A, and A, are

computed with respect to the same endpoint of that interval.

e 0, and 6, lie in the same optimality interval and A, and A, are computed with respect

to the different endpoints of that interval.
e 0, and 6, lie in adjacent optimality intervals.

e 0, and 6, lie in non-adjacent optimality intervals.

In the first case, |6, — 6,] = |A, — A,| = e. In the second case, A, can not be larger

than A, + € since in that case 6, would be computed with respect to the same endpoint of
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that interval. Similarly, A, can not be smaller than A, — e since in that case 6, would be
computed with respect to the same endpoint of that interval. In the third and fourth cases,
since |ét —0.] =, A <e— A,, and hence the difference between A, and A, is smaller than

€.

Second, the following is shown: |A, —

. _ Kl t71
Pr<|At—A*|2D1 Og )

2K 1Ogt) % holds with high probability.

K > logt\ 2
DlK( g ) 2

<N 2R 2| L] NL() | |Vt
_; exp Dy Kuwg(t) k() | | Ni(t)

K .
<> 2E |exp <—2wk(t)1‘% log t) ‘wk(t)]

k=1 -
<2Kt72, (2.14)

where the second inequality follows from Lemma 3 and Chernoff-Hoeffding inequality and
third inequality by Lemma 4. Then, at time ¢, with probability at least 1 — 2Kt 2, the

following holds:

IN

1
A, — 2D K (IOTgt> T <A, (2.15)

Also, note that if ¢ > Cy(A./3), then 2D,K (126) % < 28+ Thus, for ¢ > Cy(A./3), we
have A,/3 < A,. Note that the BUW follows UCB1 only when ¢ < C’Q(At). From the above,
we know that Cy(A;) < Cy(A,/3) when t > Cy(A,/3) with probability at least 1 — 2Kt~2.
This implies that the BUW follows the WAGP with probability at least 1 — 2Kt~2 when
t > Co(As/3).

It is known from Theorem 4 that the WAGP selects an optimal action with probability
at least 1 — 1/t> when t > Cy(A,). Since Cy(A,/3) > Cy(A,), when the BUW follows the
WAGP, it will select an optimal action with probability at least 1 — 1/t when t > Cy(A,/3).
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Let I} denote the action that selected by algorithm g € {BUW, WAGP, UCB1}, r{(6.) =
w(0x) — prg(0.) denote the one-step regret, and Rj (71,T3) denote the cumulative regret
incurred by algorithm ¢ from 77 to Ts. Then, when T < Cy(A./3), the regret of the BUW

can be written as

T
REVW(,T) < > r/OPN0.) + 2Kt
t=1

2K 2

< REPNLT) + —

Moreover, when T > C5(A,/3),

REVV(Co(AL/3),T)
T
< S WASR(g,) 4ok
=Ca(As/3)
2K
3

< RWASP(Cy(AL/3),T) +

This concludes the parameter-dependent regret bound.

The worst-case bound can be proven by replacing 0, = p* — ux, = 1/v/TKlogT for all
k & K*(0.) for the regret bound given above.

2.8.11 Auxiliary Lemma

Lemma 4. For v < 0, § > 0, the following bound holds for any wy with 0 < wx < 1 and

lele Wg = 1:
K

Zexp(—éwg) < Kexp(—9)
k=1
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Proof. Let kpax = arg max;, wyg. Then,

IN - IA

IN

K
Z exp (—ow,)
k=1

exp <log (Z exp (_5wz)> )

exp (max (—ow]) + log K)

max
wk:EkKZI wi=1, 0<w, <1

= max
wk:Zszl wi=1, 0<w, <1

max

wk:Zszl wp=1, 0<w, <1 kel

K max ex —511}7
wk:Zf:1 wi=1, 0<w <1 b ( kmax)
K exp(—9).

31



CHAPTER 3

Constructing Effective Policies from Observational

Datasets with Many Features

3.1 Introduction

The “best” treatment for the current patient must be learned from the treatment(s) of
previous patients. However, no two patients are ever exactly alike, so the learning process
must involve learning the ways in which the current patient is alike to previous patients
— i.e., has the same or similar features — and which of those features are relevant to the
treatment(s) under consideration. This already complicated learning process is further com-
plicated because the history of previous patients records only outcomes actually experienced
from treatments actually received — not the outcomes that would have been experienced
from alternative treatments — the counterfactuals. And this learning process is complicated
still further because the treatments received by previous patients were (typically) chosen
according to some protocol that might or might not be known but was almost surely not

random — so the observed data is biased.

This chapter proposes a novel approach to addressing such problems. An algorithm that
learns a nonlinear policy to recommend an action for each (new) instance is proposed. During
the training phase, our algorithm learns the action-dependent relevant features and then uses
a feedforward neural network to optimize a nonlinear stochastic policy the output of which
is a probability distribution over the actions given the relevant features. When the trained
algorithm is applied to a new instance, it chooses the action which has the highest probability.
Our algorithm is evaluated in actual data in which our algorithm is significantly superior to

existing state-of-the-art algorithms. The proposed methods and the algorithms are widely
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Table 3.1: Success rates of two treatments for kidney stones [BPC13]

Overall Small stones Large stones
Open Surgery 78%(273/350) 93%(81/87) 73%(192/263)
Percutaneous 83%(289/350) | 87%(234/270) 69%(55/80)
Nephrolithotomy

applicable to an enormous range of settings in many medical informatics. In the medical
context, typical features are items available in the electronic health record (laboratory tests,
previous diagnoses, demographic information, etc.), typical actions are choices of treatments
(perhaps including no treatment at all), and typical rewards are recovery rates or 5-year

survival rates.

For a simple but striking example from the medical context, consider the problem of
choosing the best treatment for a patient with kidney stones. Such patients are usually
classified by the size of the stones: small or large; the most common treatments are Open
Surgery and Percutaneous Nephrolithotomy. Table 1 summarizes the results. Note that
Open Surgery performs better than Percutaneous Nephrolithotomy for patients with small
stones and for patients with large stones but Percutaneous Nephrolithotomy performs better
overall.! Of course this would be impossible if the subpopulations that received the two
treatments were identical — but they were not. And in fact the policy that created these
subpopulations by assigning patients to treatments is not known a priori. The patients are
distinguished by a vast array of features in addition to the size of stones — age, gender,
weight, kidney function tests, etc. — but relevant features are not known. And of course
result of the treatment actually received by each patient is known — but what the result of

the alternative treatment would have been (the counterfactual) is not known.

Three more points should be emphasized. Although Table 3.1 shows only two actions,
in fact there are a number of other possible actions for kidney stones: they could be treated

using any of a number of different medications, they could be treated by ultrasound, or

IThis is a particular instance of Simpson’s Paradox.
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they could not be treated at all. This is important for several reasons. The first is that a
number of existing methods assume that there are only two actions (corresponding to treat
or not-treat); but as this example illustrates, in many contexts (and in the medical context
in particular), it is typically the case that there are many actions, not just two — and, as
the papers themselves note, these methods simply do not work when there are more than
two actions; see [JSS16]. The second is that the features that are relevant for predicting
the success of a particular action typically depend on the action: different features will be
found to be relevant for different actions. (The treatment of breast cancer, as discussed
in [YDS16], illustrates this point well. The issue is not simply whether or not to apply
a regime of chemotherapy, but which regime of chemotherapy to apply. Indeed, there are
at least six widely used regimes of chemotherapy to treat breast cancer, and the features
that are relevant for predicting success of a given regime are different for different regimes.)
The third is that this chapter goes much further than the existing literature by allowing for
nonlinear policies. To do this, the algorithm uses a feedforward neural network, rather than
relying on familiar algorithms such as POEM [SJ15a]. To determine the best treatment,
the bias in creating the populations, the features that are relevant for each action and the

policy must all be learned. The proposed methods are adequate to this task.

3.2 Related Work

From a conceptual point of view, the paper most closely related to this chapter — at least
among recent papers — is perhaps [JSS16] which treats a similar problem: learning relevance
in an environment in which the counterfactuals are missing, data is biased and each instance
may have many features. The approach taken there is somewhat different from ours in that,
rather than identifying the relevant features, they transfer the features to a new represen-
tation space. (This process is referred as domain adaptation [JSS16].) A more important
difference from this chapter is that it assumes that there are only two actions: treat and
don’t treat. As discussed in the Introduction, the assumption of two actions is unrealistic; in

most situations there will be many (possible) actions. It states explicitly that the approach
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taken there does not work when there are more than two actions and offers the multi-action
setting as an obvious but difficult challenge. One might think of this chapter as “solving”
this challenge — but the “solution” is not at all a routine extension. Moreover, in addition to
this obvious challenge, there is a more subtle — but equally difficult — challenge: when there
are more than two actions, it will typically be the case that some features will be relevant for
some actions and not for others, and — as discussed in the Introduction — it will be crucial

to learn which features are relevant for which actions.

From a technical point of view, this chapter is perhaps most closely related to [SJ15a]
in that we use similar methods (IPS-estimates and empirical Bernstein inequalities) to learn
counterfactuals. However, it does not treat observational data in which the bias is unknown
and does not learn/identify relevant features. Another similar work on policy optimization

from observational data is [SLL10].

The work in [WA15] treats the related (but somewhat different) problem of estimating
individual treatment effects. The approach there is through causal forests as developed
by [AI15], which are variations on the more familiar random forests. However, the emphasis
in this work is on asymptotic estimates, and in the many situations for which the number
of (possibly) relevant features is large the datasets will typically not be large enough that
asymptotic estimates will be of more than limited interest. There are many other works

focusing on estimating treatment effects; some include [TAG12,AS17,7].

More broadly, our work is related to methods for feature selection and counterfactual in-
ference. The literature on feature selection can be roughly divided into categories according
to the extent of supervision: supervised feature selection [SSG12, WESO03], unsupervised fea-
ture selection [DB04, HCN05] and semi-supervised feature selection [XKL10]. However, this
chapter does not fall into any of these categories; instead we need to select features that are
informative in determining the rewards of each action. This problem was addressed in [T'S14]
but in an online Contextual Multi-Armed Bandit (CMAB) setting in which experimentation
is used to learn relevant features. This chapter treats the logged CMAB setting in which
experimentation is impossible and relevant features must be learned from the existing logged

data. As already noted, there are many circumstances in which experimentation is impossi-
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ble. The difference between the settings is important — and the logged setting is much more
difficult — because in the online setting it is typically possible to observe counterfactuals,
while in the current logged setting it is typically not possible to observe counterfactuals, and
because in the online setting the decision-maker controls the observations so whatever bias

there is in the data is known.

With respect to learning, feature selection methods can be divided into three categories
— filter models, wrapper models, and embedded models [TAL14]. This chapter is most
similar to filter techniques in which features are ranked according to a selected criterion
such as a Fisher score [DHS12], correlation based scores [SSG12], mutual information based
scores [KS96, YL03, PLDO05], Hilbert-Schmidt Independence Criterion (HSIC) [SSG12] and
Relief and its variants [KR92, RK03]) etc., and the features having the highest ranks are
labeled as relevant. However, these existing methods are developed for classification problems

and they cannot easily handle datasets in which the rewards of actions not taken are missing.

The literature on counterfactual inference can be categorized into three groups: di-
rect, inverse propensity re-weighting and doubly robust methods. The direct methods
compute counterfactuals by learning a function mapping from feature-action pair to re-
wards [Pre76, WA15]. The inverse propensity re-weighting methods compute unbiased esti-
mates by weighting the instances by their inverse propensity scores [SJ15a,JS16]. The dou-
bly robust methods compute the counterfactuals by combining direct and inverse propensity
score reweighing methods to compute more robust estimates [DLL11,JL16]. With respect
to this categorization, the techniques developed here might be view as falling into doubly

robust methods.

This chapter can be seen as building on and extending the work of [SJ15a,SJ15¢], which
learn linear stochastic policies. This chapter goes much further by learning a non-linear

stochastic policy.
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3.3 Data

Logged contextual bandit data is the data for which the features of each instance, the action
taken and the reward realized in that instance are known — but not the reward that would
have been realized had a different action been taken. The assumption in this chapter is that
the data has been logged according to some policy and so the data is biased. Each data
point consists of a feature, an action and a reward. A feature is a vector (x1,...,z4) where
each z; € X, is a feature type. The space of all feature types is F = {1,...,d}, the space of
all features is X = 1L | X; and the set of actions is A. Another assumption in this chapter
is that that the sets of feature types and actions are finite; write b; = |X;| for the cardinality
of X; and A = {1,2,...,k} for the set of actions. For x € X and § C F, write xs for the
restriction of  to S; i.e. for the vector of feature types whose indices lie in §. It will be
convenient to abuse notation and view xs both as a vector of length |S| or as a vector of
length d = |F| which is 0 for feature types not in S. A reward is a real number; rewards
lie in the interval [0,1]. In some cases, the reward will be either 1 or 0 (success or failure;
good or bad outcome); in other cases the reward may be interpreted as the probability of a

success or failure (good or bad outcome).

We are given a data set
D" = {(X1, A1, RY™),. .., (X, Ay, RO}
The j-th instance/data point (X ;, A;, R;’bs) is generated according to the following process:

1. The instance is described by a feature vector X ; that arrives according to the fixed

but unknown distribution Pr(X’); X; ~ Pr(X).

2. The action taken was determined by a policy that draws actions at random according to
a (possibly unknown) probability distribution py(.4|X ;) on the action space A. (Note

that the distribution of actions taken depends on the vector of features).

3. Only the reward of the action actually performed is recorded into the dataset, i.e.,
R;_)bs = R](A])
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4. For every action a, either taken or not taken, the reward R;(a) ~ ®,(-|X ;) that would
have been realized had a actually been taken is generated by a random draw from an

unknown family {®,(:|x)}zecx .aca of reward distributions with support [0, 1].

The logging policy corresponds to the choices made by the existing decision-making proce-

dure and so will typically create a biased distribution on the space of feature-action pairs.

This chapter makes two natural assumptions about the rewards and the logging policy;
taken together they enable us to generate unbiased estimates of the variables of the interest.
The first assumption guarantees that there is enough information in the data-generating

process so that counterfactual information can be inferred from what is actually observed.

Assumption 2. (Common support) po(a|lx) > 0 for all action-feature pairs (a,x).

The second assumption is that the logging policy depends only on the observed features

— and not on the observed rewards.

Assumption 3. (Unconfoundness) For each feature vector X, the rewards of actions { R(a)}aea

are statistically independent of the action actually taken; {R(a)} L A|X.

These assumptions are universal in the counterfactual inference literature — see [JSS16,
AT15] for instance — although they can be criticized on the grounds that their validity cannot

be determined on the basis of what is actually observed.

3.4 The Algorithm

It seems useful to begin with a brief overview; more details and formalities follow below.
The proposed algorithm consists of a training phase and an execution phase; the training

phase consists of three steps.

A. In the first step of the training phase, the algorithm either inputs the true propensity
scores (if they are known) or uses the logged data to estimate propensity scores (when
the true propensity scores are not known); this (partly) corrects the bias in the logged

data.
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B. In the second step of the training phase, the algorithm uses the known or estimated
propensity scores to compute, for each action and each feature, an estimate of relevance
for that feature with respect to that action. The algorithm then retains the more relevant
features — those for which the estimate is above a threshold — and discards the less relevant
features — those for which the estimate is below the threshold. (For reasons that will be

discussed below, the threshold used depends on both the action and the feature type.)

C. In the third step of the training phase, the algorithm uses the known or estimated propen-
sity scores and the features identified as relevant, and trains a feedforward neural network
model to learn a non-linear stochastic policy that minimizes the ”corrected” cross entropy

loss.

In the execution phase, the algorithm is presented with a new instance and uses the
policy derived in the training phase to recommend an action for this new instance on the

basis of the relevant features of that instance.

3.4.1 True Propensities

This chapter begins with the setting in which propensities of the randomized algorithm are
actually tracked and available in the dataset. This is often the case in the advertising context,
for example. In this case, for each j, set po; = po(4;|X;), and write Py = [pg;]7_;; this is

the vector of true propensities.

3.4.2 Relevance

It might seem natural to define the set S of feature types to be irrelevant (for a particular
action) if the distribution of rewards (for that action) is independent of the features in S,
and to define the set S to be relevant otherwise. In theoretical terms, this definition has
much to recommend it. In operational terms, however, this definition is not of much use.
That is because finding irrelevant sets of feature types would require many observations (to

determine the entire distribution of rewards) and intractable calculations (to examine all sets
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of feature types). Moreover, this notion of irrelevance will often be too strong because our
interest will often be only in maximizing expected rewards (or more generally some statistical
function of rewards), as it would be in the medical context if the reward is five-year survival
rate, or in the advertising or financial settings, if the reward is expected revenue or profit

and the advertiser or firm is risk-neutral.

Given these objections, this chapter takes an alternative approach. This chapter first
defines a measure of how relevant a particular feature type is for the expected reward of a
particular action, learn/estimate this measure from observed data, retain features for which
this measure is above some endogenously derived threshold (the most relevant features) and
discard other features (the least relevant features). Of course, this approach has drawbacks.
Most obviously, it might happen that two feature types are individually not very relevant
but are jointly quite relevant. However, as shown empirically, this approach has the virtue
that it works: the proposed algorithm on the basis of this approach is demonstrably superior

to existing algorithms.

3.4.2.1 True Relevance

To begin formalizing the measure of relevance, fix an action a, a feature vector x and a

feature type 7. Define expected rewards and marginal expected rewards as follows:
7(a,z) = E[R(a)|X = ]
F(a,wi) = Ex_i[f(CL,X) Xz = wz]

7(a) = Ex|[rF(a,X)] (3.1)

Define the true relevance of feature type i for action a by

gla,i) = E[€(r(a, Xi) —7(a))], (3.2)

where the expectation is taken with respect to the arrival probability distribution of X; and
¢(-) denotes the loss metric. (Keep in mind that the true arrival probability distribution of

X is unknown and must be estimated from the data.) The results hold for an arbitrary loss
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function, assuming only that it is strictly monotonic and Lipschitz; i.e. there is a constant
B such that [£(r) —£(r")| < B|r — r|. These conditions are satisfied by a large class of
loss functions including /; and [y losses. The relevance measure g expresses the weighted
difference between the expected reward of a given action conditioned on the feature type @
and the unconditioned expected reward; g(a,i) = 0 exactly when feature type i does not

affect the expected reward of action a.?

g is referred to as true relevance because it is computed using the true arrival distribution
— but the true arrival distribution is unknown. Hence, even when the true propensities are

known, relevance must be estimated from observed data. This is the next task.

3.4.2.2 Estimated Relevance

In this subsection, estimates of relevance based on observed data (continuing to assume
that true propensities are known) are derived. To do so, this chapter first shows how to
estimate 7(a) and 7(a,z;) for z; € A;, i € F and a € A from available observational data.
An obvious way to do this is through classical supervised learning based estimators; most
obviously, the sample mean estimators for 7(a) and 7(a, z;). However using straightforward
sample mean estimation would be wrong because the logging policy introduces a bias into
observations. Following the idea of Inverse Propensity Scores [RR83], this bias is corrected

by using Importance Sampling.

Write N(a), N(z;), N(a,z;) for the number of observations (in the given data set) with
action a, with feature x;, and with the pair consisting of action a and feature x;, respectively.

Rewrite our previous definitions as:
I(A = a)R°>
rla,z;) = E obs)up | ————
( ) (X, A,ROPs)~pg |: po(A‘X)

) I(A = )R>
— ]E obs . i <<
@) = By |

X; = iﬁz}

where I(+) is the indicator function.

20Other measures of relevance have been used in the feature selection literature (e.g., especially Pearson
correlation [Hal99] and mutual information [YLO03]) — but not for relevance of actions.

41



Let J(x;) denote the time indices in which feature type-i is x;, i.e., J(z;) = {j C

{1,2,...,n} : X;; = =;}. The Importance Sampling approach provides unbiased estimates
of 7(a) and 7(a, x;) as
I(A; = a)Ro™

~ 1
R(a,z;; Py) = —_—
( 0) N Z Po,j

~ 1
Rlarpy) = Ly AT ONT (3.4)
(The propensities Py are included in the notation as a reminder that these estimators are

using the true propensity scores.)

Define the estimated relevance of feature type i for action a as

Gla,i; Po) = % >° Nt (R(a, x5 Po) = R(a; Po) ) (3.5)

T, €EX;
3.4.2.3 Thresholds

By definition, G is an estimate of relevance so the obvious way to select relevant features is
to set a threshold 7, identify a feature 7 as relevant for action a exactly when G (a,i; Pgy) > T,

retain the features that are relevant according to this criterion and discard other features.

However, this approach is a bit too naive for (at least) two reasons. The first is that
the proposed empirical estimate of relevance G may in fact be far from the true relevance
g. The second is that some features may be highly (positively or negatively) correlated with
the remaining features, and hence convey less information. To deal with these objections,
thresholds 7(a,7) are constructed as a weighted sum of an empirical estimate of the error
in using G instead of g and the (average absolute) correlation of feature type i with other

feature types.

To define the first term an empirical (data-dependent bound) on |G — g| is needed. To
derive such a bound, the empirical Bernstein inequality [MP09, AMS09] can be used. (Our

bound depends on the empirical variance of the estimates.)

To simplify notation, define random variables U(a; Py) = % and Uj(a; Py) =
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I(Aj=a)R;

T The sample means and variances are:
»J

E(X»A9R0bs)"“p0 [U(a7 PO)] = 77(@),
E(XvAﬁRObS)Npo[UW; P0)|Xi =z = 7(a,x;)

Ua; Py) = R(a;Py)

ﬁ(% xi; Py) = fi(a, z;; Py)

JET (24)
J— N 2
Val@:Po) = —— ; (Uj(a; Py) —U(a;PO)) ,
1 ~ 2
Va(a,zi; Po) = Na) =1 > (Uj(a; Py) —Ul(a, z;; P0)> ~
36\7(3%)
The weighted average sample variance is:
‘7 N % Vn y L P
Va(a,is Po) = (@:)Vi(a, 5 Po) (3.6)

n
T, €X;

The proposed empirical (data-dependent) bound is given in Theorem 8.

Theorem 8. For every n > 0, every § € [0,1], and every pair, (a,i) € (A, D), with
probability at least 1 — 36 we have:

Gtisen st < o EEOTTEBTED

\/21n 3/6)V,,(a; Py)

n

LM +1)ln3/5 )

)

N \/2(111 1/6 +b;In2)

n

where M = maxX,e 4 MaXgex 1/po(alx).

The error bound given by Theorem 8 consists of four terms: The first term arises from

estimation error of }Az(a, x;). The second term arises from estimation error of }Ai(a). The third
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term arises from estimation error of feature arrival probabilities. The fourth term arises from

randomness of the logging policy.

Now write p; ; for the Pearson correlation coefficient between two feature types 7 and j.
(Recall that p; ; = +1 if ¢, j are perfectly positively correlated, p; ; = —1 if 4, j are perfectly
negatively correlated, and p;,; = 0 if 4,5 are uncorrelated.) Then the average absolute
correlation of feature type ¢ with other features is

(=) (X )
JEF\{i}

Now define the thresholds as

. b;V,(a,i; P 1
T(G,Z>:)\1 % + )\2<d_1>< Z ’pz,j|)

jeF\{i}

where Aj, Ao are weights (hyper-parameters) to be chosen. Notice that the first term is the
dominant term in the error bound given in Theorem 8, and is used to set a higher bar for
the feature types that are creating the logging policy bias. The statistical distributions of
those features within the the action population and the whole population will be different.
By setting the threshold as above, the proposed approach trades-off between three objective:
(1) selecting the features that are relevant for the rewards of the actions, (2) eliminating the
features which create the logging policy bias, (3) minimizing the redundancy in the feature

space.

3.4.2.4 Relevant Feature Types
Finally, the set of feature types that are identified as relevant for an action a is given by
R(a) = {z . Gla,i;Py) > T(a,i)} (3.7)

Set R = [ﬁ(a)} " Let f, denote a d dimensional vector whose j element is 1 if j is
ac

contained in the set R(a) and 0 otherwise.

44



Propensity layer Feature layer Concatenation layer Policy layer Soft max layer
>

/. D~
\‘ CD(;r,k) /

X — o(x,1)

k
. Loss & « h
Regularization

Figure 3.1: Neural network architecture

3.4.3 Policy Optimization

We now build on the identified family of relevant features to construct a policy. By definition,
a (stochastic) policy is a map h : X — A(A) which assigns to each vector of features a

probability distribution A(-|x) over actions.

A familiar approach to the construction of stochastic policies is to use the POEM algo-
rithm [SJ15a]. POEM considers only linear stochastic policies; among these, POEM learns
one that minimizes risk, adjusted by a variance term. Our approach is substantially more
general because we consider arbitrary non-linear stochastic policies. This chapter uses a
novel approach that uses a feedforward neural network to find a non-linear policy that min-
imizes the loss, adjusted by a regularization term. Note that this chapter allows for very
general loss and regularization terms so that our approach includes many policy optimizers.
If one restricted to a neural network with no hidden layers and a specific regularization term,

one would recover POEM.

This chapter proposes a feedforward neural network for learning a policy h*(:|x); the
architecture of our neural network is depicted in Fig. 3.1. The proposed feedforward neural
network consists of policy layers (L, hidden layers with hl(f) units in the [ layer) that use

the output of the concatenation layer to generate a policy vector ®(x,a), and a softmax
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layer that turns the policy vector into a stochastic policy.

For each action a, the concatenation layer takes the feature vector @ as an input and

generates a action-specific representations ¢(x, a) according to:

Note that the action-specific representation ¢(x,a) is a d x k dimensional vector where only
the parts corresponding to action a is non-zero and equals to T3 ;) For each action a, the
policy layers uses the action-specific representation ¢(x,a) generated by the concatenation

layers and generates the output vector ®(x,a) according to:
o _ w®) b p')
(x,a)=p(...p 1 o(x,a) +b7" ) ...+ by

where Wl(p ) and bl(p ) are the weights and bias vectors of the [*! layer accordingly. The outputs
of the policy layers are used to generate a policy by a softmax layer:

exp(w? ®(x, a))

Malz) = Y wesexp(wl®(x,a’))

Then, the parameters of the policy are chosen in order to minimize an objective of the
following form: Loss(h*; D) + A3R(h*; D); where Loss(h*; D) is the loss term, R(h*;D) is
a regularization term and A3 > 0 represents the trade-off between loss and regularization.
The loss function can be either the negative IPS estimate or the corrected cross entropy loss
introduced in the next section. Depending on the choice of the loss function and regularizer,
our policy optimizer can include a wide-range of objectives including the POEM objective

[SJ15a.

In the next subsection, a new objective is proposed, which we refer to as the Policy Neural

Network (PONN) objective.

3.4.4 Policy Neural Network (PONN) objective

The proposed PONN objective is motivated by the cross-entropy loss used in the standard

multi-class classification setting. In the usual classification setting, usual loss function used
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to train the neural network is the standard cross entropy:

LossC ZZ —R;(a)logh(a|X ;).

] 1 acA
However, this loss function is not applicable in our setting, for two reasons. The first is that
only the rewards of the action taken by the logging policy are recorded in the dataset, not
the counterfactuals. The second is that the bias is corrected in the dataset by weighting
the instances by their inverse propensities. Hence, the following modified cross entropy loss

function is used:

— 1 < a)log h(a| X )I(A; =
Lossy(h; Py) = _ZZ —R;(a)log h(a ’ P)I(4; = a)
j=1 acA Do,;
RS RObbloghA \X) 5.4

n

Note that this loss function is an unbiased estimate of the expected cross entropy loss, that
is E(x,4,7)~po [ﬂ)gsb(h*; PO)] =E [ﬂ)gsc(h*)]. Our neural network is trained to minimize
the regularized loss by Adam optimizer:
h* = arg min ﬂ)gsb(h; Py) + MsR(h),
heH

where R(h) is the regularization term to avoid overfitting and A3 is the hyperparameter to

trade-off between the loss and regularization.

3.4.5 Unknown Propensities

As noted, in most settings the logging policy is unknown and hence the actual propensities are
also unknown so propensities must be estimated from the dataset and estimated propensities
are used to correct the bias. In general, this can be accomplished by any supervised learning
technique.

In this chapter propensities are estimated by fitting the multinomial logistic regression

model:

In(Pr(A=a))=8{,X -InZ (3.9)
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where Z =3 _ jexp (BaaX ). The estimated propensities are

__ exp(Bou, X))
A
J

where we have written Z; = Y _, exp(ﬁaan). Write Py = [Poj]j=, for the vector of

estimated propensities

In principle, these estimated propensities could be used in place of known propensities
and proceed exactly as we have done above. However, there are two problems with doing
this. The first is that if the estimated propensities are very small (which might happen
because the data was not completely representative of the true propensities), the variance of
the estimate G will be too large. The second is that the thresholds we have constructed when

propensities are known may no longer be appropriate when propensities must be estimated.

To avoid the first problem, this chapter follows [lon08] and modifies the estimated
rewards by truncating the importance sampling weights. This leads to “truncated” estimated
rewards as follows:

D B 1 I(A;, =
Rm(aaxi;PO) = min (M,m> R;gbs’
i Do,;

ﬁm(a; 130) = — me ( ) R;?bs.
pO,]

Given these “truncated” estimated rewards, define a “truncated” estimator of relevance by

~ o~ N(x; ~ ~ ~ ~
Cntaris Po) = 32 YO (R (a2 Po) — Rosfa By))
T, €EX;

From this point on, our algorithm proceeds exactly as before, using the “truncated”
estimator @m instead of G.

Note that Ry, (a,z;: Po) and Ry, (a; Py) are not unbiased estimators of #(a, z;) and #(a).
The bias is due to using estimated truncated propensity scores which may deviate from true

propensities. Let bias( Ry, (a; Po)) denote the bias of Ry, (a; Py), which is given by

~ ~

bias(Ry(a; Po)) = #(a) — E [ﬁzm(a; 130)} .



Algorithm 3 Training Phase of the Algorithm PONN-B
1o Input: A, Ao, A3, Ly, Ly, by, b

Step A: Estimate propensities using a logistic regression
2: Compute B, , for each a by training Logistic regression model from (3.9).
3: Set Poj = exp(Bg.a,X;)/Z; with Z; = 3 exp(87,, X )-
Step B: Identify the relevant features
4: Compute }A%(a,xi; 130), E(a; ﬁo), Vi(a,i; 130), piy for each a, x;, i, [.
5: Compute G (a,1i; 1/50) for each action-feature type pair.
6: Solve ﬁ(a) from (3.7).
Step C: Policy Optimization
7: while until convergence do
s (w, W) « Adam (D, w0, W)
9: end while

Output of Training Phase: Policy h*, Features R

Algorithm 4 Execution Phase of the Algorithm PONN-B

1: Input: Instance with feature X

2: Set a(X) = argmax,e 4 h*(a| X)

Output of Execution phase: Recommended action a(X)

3.5 Pseudo-code for the Algorithm PONN-B

Below, the pseudo-code for the proposed algorithm which we call PONN-B (because it uses
the PONN objective and Step B) is exactly as discussed above. The first three steps con-
stitute the offline training phase; the fourth step is the online execution phase. Within the
training phase the steps are: Step A: Input propensities (if they are known) or estimate
them using a logistic regression (if they are not known). Step B: Construct estimates of
relevance (truncated if propensities are estimated), construct thresholds (using given hyper-
parameters) and identify the relevant features as those for which the estimated relevance is
above the constructed thresholds. Step C: Use the Adam optimizer to train neural network

parameters. In the execution phase: Input the features of the new instance, apply the opti-
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mal policy to find a probability distribution over actions, and draw a random sample action

from this distribution.

3.6 Extension: Relevant Feature Selection with Fine Gradations

The proposed algorithm might be inefficient when there are many features of a particular
type — in particular, if one or more feature types are continuous. In that setting, the proposed
algorithm can be modified to create bins that consist of similar feature values and treat all
the values in a single bin identically. In order to conveniently formalize this problem, each
feature space is assumed to be bounded, that is, X; = [0,1]. In this case, the feature space
is partitioned into subintervals (bins), view features in each bin as identical, and apply the
proposed algorithm to the finite set of bins.® To offer a theoretical justification for this
procedure,similar features is assumed to yield similar expected rewards. this is formalized

as a Lipschitz condition.

Assumption 4. There exists L > 0 such that for all a € A, all i € F and all x; € X;, we

have |7(a, x;) — 7(a, &;)| < L|z; — &;].

(In the Multi-Armed Bandit literature [Slil4b, T'S14] this assumption is commonly made

and sometimes referred to as similarity.)

For convenience, each feature type X; is partitioned into s equal subintervals (bins) of
length 1/s. If s is small, the number of bins is small so, given a finite data set, the number
of instances that lie in each bin is relatively large; this is useful for estimation. However,
when s is small the size 1/s of each bin is relatively large so the (true) variation of expected
rewards in each bin is relatively large. Because we are free to choose the parameter s, this
can balanced to trade-off implicit between choosing few large bins or choosing many small
bins; a useful trade-off is achieved by taking s = [n!/?]. So begin by fixing s = [n'/?]

and partition each X; = [0,1] into s intervals of length 1/s. Write C; for the sets in the

3The binning procedure loses the ordering in the interval [0,1]. If this ordering is in fact relevant to the
feature, then the binning procedure loses some information that a different procedure might preserve. We
leave this for future work.
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partition of X; and write ¢; for a typical element of C;. For each sample j, let ¢;; denote
the set in which the feature z; ; belongs. Let J(c;) be the set of indices for which z; ; € ¢;;
J)={7€{1,2,...,n}: X;,; € ¢;}. We define truncated IPS estimate as

fm(a,ci;lgo) = U a,IBO) X; € cz}

|0
e

— X, €ql,

Po(A[X)’ }

R, (a,c;; Py) = min | ——=,m | R2™,
b = 55 (o |

where N(¢;) = |J(¢;)|- In this case, define estlmated information gain as
. N(c;). [~ _ _ _
Gm(a,i) = Ve, (Rm<a, cii Po) — Rm(a;Po>) :
n
CiECi
Define the following sample mean and variance :

~ ~ 1 ~

ﬁ(a, Cz‘;ﬁo) = Rm(&, Ci;PO) =

Vo (a CmPO = 7 Z CL CuPO U(G,Ci;ﬁo))Q.
JEJ(CZ)

Let V,(a, i; 130) = ch_ e w denote the weighted average sample variance.

Theorem 9. For everyn > 1 and 0 € [O, %}, if s = (nl/ﬂ, then with probability at least
1 — 38 we have, for all pairs (a,i) € (A, D),

Gl Po) — glai)] < B(—VZ““E‘/‘S (VintoisPo) 4 vatai Po)) +

nl/3 nl/3

+ |bias( Ry (a; 13\0»( +E \bias(ﬁm(a, X; 1?0))\ )

4mBln3/5 ++/2In 1/5—|—ln

n2/3

There are two main differences between Theorem 8 and Theorem 9. The first is that the
estimation error is decreasing as n'/? (Theorem 9) rather than as n'/? (Theorem 8). The

second is that there is an additional error in Theorem 9 arising from the Lipschitz bound.
Theorem 9 suggests a different choice of thresholds, namely:

. _ / S 1
T(CL,Z) = \in 1/3 Vn(a,Z;PO)—i—)\Q (m) Z |pi,l|

leF\{:}
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3.7 Numerical Results

This section describes the performance of our algorithm on some real datasets. Note that
it is difficult (perhaps impossible) to validate and test the algorithm on the basis of actual
logged CMAB data unless the counterfactual action rewards for each instance are available
— which would (almost) never be the case. One way to validate and test our algorithm is to
use an alternative accepted procedure to infer counterfactuals and to test the prediction of
our algorithm against this alternative accepted procedure. This is the route we follow in the

experiments below.

3.7.1 Dataset

In this subsection, our algorithm is applied to the choice of recommendations of chemotherapy
regimen for breast cancer patients. Our algorithm is evaluated on a dataset of 10,000 records
of breast cancer patients participating in the National Surgical Adjuvant Breast and Bowel
Project (NSABP) by [YDS16]. Each instance consists of the following information about the
patient: age, menopausal, race, estrogen receptor, progesterone receptor, human epidermal
growth factor receptor 2 (HER2NEU), tumor stage, tumor grade, Positive Axillary Lymph
Node Count(PLNC), WHO score, surgery type, Prior Chemotherapy, prior radiotherapy
and histology. The treatment is a choice among six chemotherapy regimes AC, ACT, AT,
CAF, CEF, CMF. The outcomes for these regimens were derived based on 32 references
from PubMed Clinical Queries. The rewards for these regimens were derived based on 32
references from PubMed Clinical Queries; this is a medically accepted procedure. The details

are given in [YDS16].

3.7.2 Comparisons

We compare the performance of our algorithm (PONN-B) with

e PONN is PONN-B but without Step B (feature selection).
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e POEM is the standard POEM algorithm [SJ15a].
¢ POEMS-B applies Step B of our algorithm, followed by the POEM algorithm.
¢ POEM-L1 is the POEM algorithm with the addition of L; regularization.

e Multilayer Perceptron with L; regularization (MLP-L1) is the MLP algorithm

on concatenated input (X, A) with L; regularization.

e Logistic Regression with L, regularization (LR-L1) is the separate LR algorithm

on input X on each action a with L, regularization.

e Logging is the logging policy performance.

(In all cases, the objective is optimized with the Adam Optimizer.)

3.7.2.1 Simulation Setup

Artificially biased dataset is generated by the following logistic model. First weights for
each label are drawn from an multivariate Gaussian distribution, that is 6y, ~ N (0, kI).
Then, the logistic model is used to generate an artificially biased logged off-policy dataset
D = (Xj, Aj, R;?bs);bzl by first drawing an action A; ~ po(-|X;), then setting the observed
reward as R = R;(A;). (We use k£ = 0.25.) This bandit generation process makes the
learning very challenging as the generated off-policy dataset has less number of observed

labels.

The dataset is randomly divided into 70% training and 30% testing sets. All algorithms
are trained for various parameter sets on the training set, the hyper parameters are selected
based on the validation set and performance is tested on the testing set. Our algorithm are
trained with L, = 2 representation layers, and L, = 2 policy layers with 50 hidden units
for representation layers and 100 hidden units (sigmoid activation) with policy layers. All

algorithms are implemented /trained in a Tensorflow environment using Adam Optimizer.

For j-th instance in testing data, let hj denote the optimized policy of algorithm g. Let

Jiest denote the instances in testing set and Niesy = | Jiest| denote number of instances in
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Metric Accuracy Improvement
PONN-B | 74.12% + 1.25% -
PONN 62.81% 4+ 1.85% 30.41%
POEM-B | 55.39% + 0.36% 41.98%
POEM 52.78% + 0.50% 45.19%
POEM-L1 | 52.72% + 0.55% 45.26%
MLP-L1 61.47% + 0.50% 55.05%
LR-L1 51.96% + 0.43% 46.12%
Logging 18.20% + 1.30% 68.36%

Table 3.2: Performance in the Breast Cancer Experiment

testing dataset. Define (absolute) accuracy of an algorithm g as

Aeclg) = = 3 3 BifalX ) Ry(a).

jejtest acA

The parameters are selected from the sets A} € [0.005,0.1],\5 € [0,0.01] and A\ €
[0.0001,0.1] so that loss given in (3.8) estimated from the samples in the validation set is
minimized. In the testing dataset, the full dataset is used to compute the accuracy of each

algorithm.

In each case, the average of the iterations are reported with 95% confidence intervals over

25 iterations.

3.7.2.2 Results

Table 3.2 describes absolute accuracy and the Improvement Scores of the our algorithm. The
proposed algorithm achieves significant Improvement Scores with respect to all benchmarks.
There are two main reasons for these improvements. The first is that using Step B (feature
selection) reduces over-fitting; this can be seen by the improvement of PONN-B over PONN
and by the fact that PONN-B improves more over POEM (which does not use Step B) than

over POEM-B (which does use feature selection). The second is that PONN-B allows for
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Figure 3.2: Effect of the hyperparameter on the accuracy of our algorithm

non-linear policies, which reduces model misspecification.

Note that proposed action-dependent relevance discovery is also important for inter-
pretability. The selected relevant features given by our algorithm with A\; = 0.03 is as
follows: age, tumor stage, tumor grade for AC treatment action, age, tumor grade, lymph
node status for ACT treatment action, menopausal status and surgery type for CAF treat-
ment action, age and estrogen receptor for CEF treatment action and estrogen receptor and

progesterone receptor for CMF treatment action.

Figure 3.2 shows the accuracy of our algorithm for different choices of the hyper parameter
A1. As expected — and seen in Figure 3.2 — if \; is too small then there is overfitting; if it is

too large then a lot of relevant features are discarded.

3.8 Appendix

Here the proofs of Theorems 8 and 9 are provided. It is convenient to begin by recording
some technical lemmas; the first two are in the literature; proofs for the other two are given

here.

Lemma 5 (Theorem 1, [AMS09]). Let X1, Xo,..., X, be i.i.d. random variables taking
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their values in [0,0]. Let p = E[X] be their common expected value. Consider the empirical

sample mean X,, and variance V,, defined respectively by

Z?:l (Xi - Xn>2
- .

X, = D:—l and V,, = (3.10)
n

Then, for anyn € N and 6 € (0,1), with probability at least 1 — 0,

- 2V, log3/6  3blog3/d
| X — 1| <4/ - / + - / (3.11)

For two probability distributions P and @ on a finite set A = {1,2,...,a}, let

1P~ QI =) IP(i) - Qi) (3.12)
i=1
denote the L; distance between P and Q.

Lemma 6. [WOS03] Let A ={1,2,...,a}. Fizx a probability distribution P on A and draw
n independent samples X" = X1, Xo,..., X, from A according to the distribution P. Let p

be the empirical distribution of X™. Then, for all € > 0,

Pr(|P — P|ly > ¢) < (2 — 2)e~ /2, (3.13)

The next two lemmas are auxiliary results used in the proof of Theorem 9.

Lemma 7. Let Py = [po(alx)] be the actual propensities and Py = [po(a|x)] be the estimated
propensities. Assume that po(alx) > 0 for all a,x. The bias of the truncated IS estimator

with propensities 130 18:

+ (1 —po,;m)1 (}3\07]- < m_l) >] )

bias(Ry,(a; Po)) = Z E
j=1

o6



Proof of Lemma 7 The proof is similar to [JS16]. Then,

i(a) = —ZEx~pr mla, X ),
s - el )
RS A
It follows that

bias(R ZEX e { rla, X,) (1 mm( - TX) )po(apcj))}. (3.14)

Dividing (3.14) into the case for which py(a|X ;) > m™" and the case for which py(a|X ;) <

m~! and then combining the results yields the desired conclusion.

To state Lemma 8, first define the expected relevance gain with truncated IPS reward

using propensities 130 to be

gm(aaiQﬁO) =K [

P, X3 Po) — T f)O)H
where

i Po) = E(Ru(a: Py) |

= E(x,4,R)~p, |Min (w,m)}% ,

Fula, 2 Po) = E(Rula, 25 Py)) '

[ I(A =
= E(X,A,R)Npo min (M, m) R Xz = I'Z:| .

Lemma 8. The following holds:

|gm(a,i;130) —g(a,1)| < B <IE Hbias(ﬁm(a,Xi; 130))H + ‘bias(ﬁm(a; 130))D )

Proof of Lemma 8 This follows immediately by iterated expectations:

(1 (B0, X Po) - BURo(as Pa))) — £ (70, (a) )

< BE(‘E(fim(aaXi;ﬁo)) — #(a, X3)

) + B[E(Rpn(a: Py)) — 7(a)). (3.15)
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Proof of Theorem 8 Recall that the true relevance metric is g(a, i) = E[|7(a, z;) — 7(a)|] =
> wex, P1(Xi = 2)l(7(a, ;) — 7(a)). For any action a € A and z; € A;, the error between

the estimated relevance metric and the relevance metric can be bounded as

Gla,i; Py) — gla,i)] = ; N ;‘”’)g (R(a,2:: Po) — R(a; Po))
> N Elxi)ﬁ(r(a,xi) F(a)
) Nf”e(r(a,x,-) 7(a))
- > Pr(X; = 2:) (F(a, ;) — 7(a)) ‘

<X M) (4 (Rta, s Po) — Ra: Po)) — £ (o, ,) — 7(a)
+ ; (Nf’) ~Pr(X; = x,)) 0 (7F(a, z;) — 7(a))

< B Z fvgp,) R(a, z:i; Po) — (a, ;)| + B ‘ﬁ(a; Py) — f(a)‘
j Z NS“”) ~Pr(X; = ;)

Each term is bounded separately. Applying Lemma 6, with probability at least 1 — 6,

2In2%/§
> < J—
n

T, €X;
B \/2 (biln2+1n1/6)

n

N(x;)

n

. (3.16)

Using Lemma 5 see that, with probability at least 1 — 9,

N(a, z;
3 (n )

:ciGXi

}/%(a, x;; Po) — 7(a, x;)

IN

N(a,x;) 2V, (a,z; Po)In3/0  3M1In3/6
Z n (\/ N(a, z;) + N(a, z;) )

T, €X;
- \/2b¢Vn(a, z;; Po)In3/8 | 3MbiIn 3/6

n n

, (3.17)
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where the the second inequality follows from an application of Jensen’s inequality. Similarly,

using Lemma 5, see that with probability at least 1 — ¢,

R(a; Py) —7(a)| <

. ‘ _ \/QVn(a; Py)In3/o N 3MIn3/5 (3.18)

n n
The desired result now follows by combining (3.16, 3.17 and 3.18).
Proof of Theorem 8 Let
gm(aai) = Z Pr(Xz S Ci)g(fm(aaci) - 77m(a))'
CiECi,n

Then, decompose the error into

|Gonla,i; Po) — g(a,d)| < |Guml(a,i; Po) = gm(a,i; Po)| + |gm(a, i; Po) — g(a, )|
< |Gonla, 55 Po) = Gun(a,i; Py)|

+ |gm(a’727-/P\O) _gm(aaza-/P\ON

+ |gm(a, i; Po) — g(a,9). (3.19)
The first term (3.19) can be bounded by Theorem 8 by setting s,, = [nl/?’] <n'B 41, ie,

~ ~ ~ 4B21n3/d _ ~ ~
Gz Py) — (i By < VAP0 (Wn<a,z‘;Po>+\/vn<a;Po>)

ni/3

N 4mBIn3/6+ /2In1/6 +1In2

n2/3

The third term in (3.19) is the bias of the estimation due to estimated propensity scores

and truncation, i.e.,
9m(a,: Po) = g(a, )| < B (E | |bias(Run(a, X:); Po)| | + [pias(Rn(a); Po)|)
The second term in (3.19) can be bounded

gnla,i: Po) = E[t(rn(a, Xis Po) = rn(a: Po))|

A~

= E |{(Fm(a, Xi; Po) — F(a, ci; Po) + Fn(a, ci; Po) — Fn(a; Po»]

- I ) ~ ) ~
E |/ (m + T (a, ci; Po) — 7 (a; PO))}
LB

m +]E |:€<fm<0j, Ci, ﬁo) — fm(a,ﬁo))] .
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where the first inequality follows from Assumption 4 and the second inequality follows from

smoothness assumption on the loss function I(-), i.e.,

Lo L ) S
[ (m + 7 (a, ¢;; Po) — rm(a;Po)> —1 (rm(a,ci; Py) — 7(a; P0)> < 7
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CHAPTER 4

Counterfactual Policy Optimization Using

Domain-Adversarial Neural Networks

4.1 Introduction

The choice of a particular policy or plan of action involves consideration of the costs and
benefits of the policy/plan under consideration and also of alternative policies/plans that
might be undertaken. Examples abound; to mention just a few: Which course of treatment
will lead to the most rapid recovery? Which mode of advertisement will lead to the most
orders? Which investment strategy will lead to the greatest returns? Obtaining information
about the costs and benefits of alternative plans that might have been undertaken is a
counterfactual exercise. One possible way to estimate the counterfactual information is by
conducting controlled experiments. However, controlled experiments are expensive, involve
small samples, and are frequently not available. It is therefore important to make decisions
entirely on the basis of observational data in which the actions/decisions taken in the data
have been selected by an existing logging policy. Because the existing logging policy creates
a selection bias, learning from observational studies is a challenging problem. This chapter
presents theoretical bounds on estimation errors for the evaluation of a new policy from
observational data and a principled algorithm to learn the optimal policy. The proposed
methods and algorithms are widely applicable (perhaps with some modifications) to an
enormous range of settings in healthcare applications. In the medical context, features
are the information included in electronic health records, actions are choices of different

treatments, and outcomes are the success of treatment.

Theoretical results developed in this chapter show that true policy outcome is at least
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Literature Propensities known Objective Actions Solution
[SJS17] no ITE estimation 2 Balancing representations
[AS17] no ITE estimation 2 Risk based empirical Bayes
[BL09] yes policy optimization > 2 Rejection sampling
[SJ15b,SJ15¢] yes policy optimization > 2 IPS reweighing
Ours no policy optimization > 2 Balancing representations

Table 4.1: Comparison with the related literature

as good as the policy outcome estimated from the observational data minus the product of
the number of actions with the H-divergence between the observational and randomized
data. These theoretical bounds are different than ones derived in [SJ15b] because ours
do not require the propensity scores to be known. These theoretical results are used to
develop algorithm to learn balanced representations for each instance such that they are
indistinguishable between the randomized and observational distribution and also predictive
of the decision problem at hand. The developed algorithm is evaluated on the breast cancer

dataset.

4.2 Related Work

Roughly speaking, work on counterfactual learning from observational data falls into two
categories: estimation of Individualized Treatment Effect (ITE) [JSS16,SJS17, AS17] and
Policy Optimization [SJ15b, SJ15¢c]. The work on ITE’s aims to estimate the expected
difference between outcomes for treated and control patients, given the feature vector; this
work focuses on settings with only two actions (treat/don’t treat) - and notes that the
approaches derived do not generalize well to settings with more than two actions. The work
on policy optimization aims to find a policy that maximizes the expected outcome (minimizes
the risk). The policy optimization objective is somewhat easier than ITE objective in the
sense that one can turn the ITE to action recommendations but not the other way around.
In many healthcare applications, there are much more than 2 actions; one is more interested
in learning a good action rather than learning outcomes of each action for each instance.

The work on ITE estimation that is most closely related to this chapter focuses on
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learning balanced representations [JSS16,SJS17]. These papers develop neural network al-
gorithms to minimize the mean squared error between predictions and actual outcomes in
the observational data and also the discrepancy between the representations of the factual
and counterfactual data. As these papers note, there is no principled approach to extend
them to more than two treatments. Other recent works in ITE estimation include tree-based
methods [Hilll, AI15, WA15] and Gaussian processes [AS17]. The last is perhaps the most
successful, but the computational complexity is O(n?®) (where n is the number of instances)

so it is not easy to apply to large observational studies.

In the policy optimization literature, the work most closely related to this chapter is
[SJ15b,SJ15¢] where they develop the Counterfactual Risk Minimization (CRM) principle.
The objective of the CRM principle is to minimize both the estimated mean and variance
of the Inverse Propensity Score (IPS) instances; to do so the authors propose the POEM
algorithm. The algorithm developed in this chapter differs from POEM in several ways:
(i) POEM minimizes an objective over the class of linear policies; ours allow for arbitrary
policies, (ii) POEM requires the propensity scores to be available in the data; our algorithm
addresses the selection bias without using propensity scores, (iii) POEM addresses selection
bias by re-weighting each instance with the inverse propensities; our algorithm addresses
the selection bias by learning representations. Another related paper on policy optimization
is [BLO09] which requires the propensity scores to be known and addresses the selection bias

via rejection sampling. (For a more detailed comparison see Table 4.1.)

The off-policy evaluation methods include IPS estimator [RR83,SLL10], self normalizing
estimator [SJ15¢|, direct estimation, doubly robust estimator [DLL11, JL16] and matching
based methods [HR06a]. The IPS and self-normalizing estimators address the selection bias
by re-weighting each instance by their inverse propensities. The doubly robust estimation
techniques combine the direct and IPS methods and generate more robust counterfactual
estimates. Propensity Score Matching (PSM) replaces the missing counterfactual outcomes

of the instance by the outcome of an instance with the closest propensity score.

Theoretical bounds developed in this chapter have strong connection with the domain

adaptation bounds given in [BBC07, BCKO08|. In particular, this chapter shows that the
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expected policy outcome is bounded below by the estimate of the policy outcome from
the observational data minus the product of the number of actions with the H-divergence
between the observational and randomized data. The algorithm developed in this chapter
is based on domain adaptation as in [GUA16|. Other domain adaptation techniques include

[ZSM13, Dau09].

4.3 Problem Setup

4.3.1 Observational Data

Denote by A the set of k£ actions, by X the s-dimensional space of features and by ) C R
the space of outcomes. We assume that an outcome can be identified with a real number
and normalize so that outcomes lie in the interval [0,1]. In some cases, the outcome will
be either 1 or 0 (success or failure); in other cases the outcome may be interpreted as the
probability of success or failure. The potential outcome model described in the Rubin-
Neyman causal model [Rub05] is followed; that is, for each instance x € X, there are k-
potential outcomes: YO Y . YV*-1 ¢y corresponding to the k different actions. The
fundamental problem in this setting is that only the outcome of the action actually performed
is recorded in the data: Y = YT. (This is called bandit feedback in the machine learning
literature [SJ15b].) In this chapter, we focus on the setting in which the action assignment
is not independent of the feature vector, i.e., A £ X; that is, action assignments are not
random. This dependence is modeled by the conditional distribution y(a,z) = P(A = a|X =

x), also known as the propensity score.

In this chapter, the following common assumptions are made:

e Unconfoundedness: Potential outcomes (Y@, Y . V(#=D) are independent of

the action assignment given the features, that is (Y@, y® YE=D) | A|X.

e Overlap: For each instance x € X and each action a € A, there is a non-zero
probability that a patient with feature = received the action a: 0 < y(a,z) < 1 for all

a,x.
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These assumptions are sufficient to identify the optimal policy from the data [TW09,Peal7].

The dataset is
Dn - {(xza a;, yl)}?zl

where each instance ¢ is generated by the following stochastic process:

e Each feature-action pair is drawn according to a fixed but unknown distribution Dg,

ie, (r;,a;) ~ Dg.

e Potential outcomes conditional on features are drawn with respect to a distribution P;

that is, (Y,”, v,V .. V%)) ~ PIX = 25, A = a)).

3 3 (2

e Only the outcome of the action actually performed is recorded in the data, that is,

Yi = v,

)

Denote the marginal distribution on the features by D; ie., D(z) = > . Ds(z, a).

4.3.2 Definition of Policy Outcome

A policy is a mapping h from features to actions. In this chapter, the goal is learning a policy

h that maximizes the policy outcome, defined as:
V(h) =Euup [E [YOED) X = 2]].

We denote by m,(z) = E [Y(a)|X = x} the expected outcome of action a on an instance
with feature . Based on these definitions, the policy outcome of h can be re-written as
V(h) = Eyup [mpw(z)]. Estimating V(h) from the data is a challenging task because the

counterfactuals are missing and there is a selection bias.

4.4 Counterfactual Estimation Bounds

In this section, a criterion that we will use to learn a policy A* the maximizes the outcome
is provided. The selection bias in our dataset is handled by mapping the features to rep-

resentations are relevant to policy outcomes and are less biased. Let ® : X — Z denote
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a representation function which maps the features to representations. The representation

function induces a distribution over representations Z (denoted by D?) and m, as follows:

Pps(B) = Pp(®7(B)),

mg (2) = Eouplma(w)|®(x) = 2],

for any B C Z such that ®7'(B) is D-measurable. That is, the probability of of an event B
according to D? is the probability of the inverse image of the event B according to D. The
learning setting is defined by our choice of the representation function and hypothesis class
H={h:Z — A} of (deterministic) policies.

Recall that Dg is the source distribution that generated feature-action samples in our
observational data. Define the target distribution Dy by Dr(x,a) = (1/k)D(z). Note that
Ds represents an observational study in which the actions are not randomized, while Dy
represents a clinical study in which actions are randomized. Let D& and D2 denote the
source and target distributions induced by the representation function ® over the space
Z x A, respectively. Let D® denote the marginal distribution over the representations and

write V®(h) for the induced policy outcome of h, that is, V®(h) = E,_pe [mf(z)(z)].

For the remainder of the theoretical analysis, suppose that the representation function
® is fixed. The missing counterfactual outcomes can be addressed by importance sampling.
Let V& (h) and V2 (h) denote the expected policy outcome with respect to distributions Dg

and Dr, respectively. They are given by

VB = Bpmn [m;P(z)l(h(z) - a)} |

1/k
. mg’ 2)1(h(z) =a
Vr'(h) = Egang [ ( )11(/15; | )] '

where 1(-) is an indicator function if the statement is true and 0 otherwise. The next
proposition shows that value function of a policy A evaluated on the target distribution is
unbiased. We note that though only the value function evaluated on observational data,

Vs(h) can be estimated.

Proposition 2. Let ® be a fized representation function. Then: VF(h) = V*(h).
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Proof. 1t follows that

o _ mg (2)1(h(z) = a)
V2(h) = E,.pe anAl/k i

E, pe [mg(z)(z)} = Vé(h)-
O

As noted above a Monte-Carlo estimator for V¥ (h) is not possible since the observational
dataset does not have samples from the target distribution - only has samples from the
source distribution. However, domain adaptation theory can be used to bound the difference
between V& (h) and V2 (h) in terms of H-divergence. In order to do that, let us introduce a
distance metric between distributions. For any policy h € H, let Z;, denote the characteristic

set that contains all representation-action pairs that is mapped to label a under function h,

ie, Iy, ={(z,a) : h(2) = a}.

Definition 4. Suppose D, D' be probability distributions over Z x A such that every char-
acteristic set I, of h € H 1is measurable with respect to both distributions. Then, the H

-divergence between distributions D and D’ is

dy (D, D) = 2u£ Pleayn(Zn) = P, app (Zn)] -
€

The H-divergence measures the difference between the behavior of policies in H when
examples are drawn from D, D’; this plays an important role in theoretical bounds. In the
next lemma, a bound on the difference between V& (h) and V2 (h) is established based on

the H-divergence between source and target.

Lemma 9. Let h € H and let ® be a representation function. Then

V®(h) > Vg (h) — kdy (D7, DS)
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Proof. The proof is similar to [BBC07, BCKO08]. The following inequality holds:

V) = Bt |2 10() = a)

< Bpaep |10 = )

+ k ‘]P)(z,a)N'D$ (Zh) - ]P(z,a)N'Dg (Ih) ‘
< V®(h)+ kdw(Ds, D)
mq(2)

1/k
interval [0, 1]. O

where the first inequality holds because < k for all pairs (z,a) and outcomes lie in the

Lemma 9 shows that the true policy outcome is at least as good as the policy outcome in
the observational data minus the product of the number of actions times the H-divergence
between the observational and randomized data. (So, if the divergence is small, a policy
that is found to be good with respect to the observational data is guaranteed to be a good

policy with respect to the true distribution.)

Definition 5. Let ® be a representation function such that ®(x;) = z;. The Monte-Carlo

estimator for the policy outcome in source data is given by:

‘75?(’1) _ %Z yil(hijﬁ(: ai)'

In order to provide uniform bounds on the Monte-Carlo estimator for an infinitely large
class of recommendation functions, we need to first define a complexity term for a class H.
For € > 0, a policy class H and integer n, the growth function is defined as

Nxo(e, H,n) = sup N(e, H(z), | - =),
zeZn
where H(z) = {(h(z1),...,h(2zn)) : h € H} CR"™, Z" is the set of all possible n representa-
tions and for A C R" the number N (e, A, | - ||o) is the cardinality |Ap| of the smallest set
Ay C A such that A is contained in the union of e-balls centered at points in Ag in the metric
induced by ||+||oc. (This is often called the covering number.) Set M(n) = 10No(1/n,H,2n).
The following result provides an inequality between the estimated and true V& (h) for all

heH.
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Lemma 10. [MP09] Fiz § € (0,1), n > 16. Then, with probability 1 — &, we have for all
heH:

18In(M(n)/d)  15In(M(n)/d)

n n

V) > Ve -/

In order to provide a data dependent bound on the estimation error between V' (h) and
IA/S(h), we need to provide data-dependent bounds on the H-divergence between source and
target distributions. However, we aren’t given samples from the target data so we need
to generate (random) target data. Let ﬁ? = {(Zi, A;)}, denote the empirical distri-
bution of the source data. From the empirical source distribution, target data can be
generated by simply sampling the actions uniformly, that is, D2 = {(Z;, 4;)}", where
A; ~ Multinomial([1/K, ...,1/K]). Then, we have D% ~ D% and D& ~ D2. Then, define

the empirical probability estimates of the characteristic functions as

P(z,a)rvﬁgf(zh> = E 1(h(ZZ):A2)>
=1
1 & N
Praypr(@n) = ) 1(h(Z:) = As).

Then, one can compute empirical ‘H-divergence between two samples ﬁg? and 25% by

d'H (ﬁ$7 ﬁ?) = }Sllelf[ P(z,a)wﬁ% (Ih) B P(z,a)fvﬁg’ (Ih) : (41)

In the next lemma, we provide estimation bounds between the empirical H-divergence and

true ‘H-divergence.

Lemma 11. Fiz § € (0,1), n > 16. Then, with probability 1 — 25, we have for all h € H.:

) [ \/181n(/\/l(n)/5) ~ 15In(M(n)/d)

n n

Proof. Define B(6,n) = y/BRM®/9 _ ISIH(/\:(”)/(S). By [MP09], with probability 1 — J, we

n

have for each hypothesis h € H,

P(..aywp2 (Zn) P, ayp(@n) — 5(3,1)

]P)(z,a)N'Dg? (Ih) < P(z,a)Nﬁg? (Ih) + 5(57 TZ)
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Hence, by union bound, the following equation holds for all A € H with probability 1 — 24:

P(z,a)maD% (Ih) - ]P)(z,a)N'Dg? (Ih)

v

Paype(Tn) = P g pe(Tn) — 26(0,n)
The inequality still holds by taking supremum over H with 1 — 24, that is,

d?—l (D%7 IDE)
> 21615 P(z,a)~ﬁ$ (Zn) — P(z,a)~ﬁ§ (Zn) — 28(6,n)

where the last inequality follows from the triangle inequality. O

Finally, by combining Lemmas 9,10 and 11,a data-dependent bound on the counterfactual

estimation error is obtained.

Theorem 10. Fiz § € (0,1), n > 16. Let ® be the representation function and let H be the

set of policies. Then, with probability at least 1 — 30, we have for all h € H.:

VE(h) > Vi§(h) - kdy(D§, D)
34\/18111(/\/1(71)/5)  15In(M(n)/9)

n n

This result extends the result provided in [SJS17] since their theoretical bounds are
restricted to two-action problems and extends the result in [SJ15b] since they require the
propensity scores to be known. The result provided in Theorem 10 is constructive and

motivates our optimization criteria.

4.5 Counterfactual Policy Optimization (CPO)

Theorem 10 motivates a general framework for designing policy learning from observational
data with bandit feedback. A learning algorithm following this criterion solves:

®,h = argmax Vg (h) — Adu (DS, DY),

70



a—>
|2 %La| . gradient _ LT B
d0, reversal 00,

—> forward propagation

< backward propagation

Figure 4.1: Neural network model based on [GUA16]

where A > 0 is the trade-off parameter between the empirical policy outcome in the source
data and the empirical H-divergence between the source and target distributions. This
optimization criterion seeks to find a representation function where the source and the target
domain are indistinguishable. Computing the empirical H-divergence between the source and
target distributions is known to be NP-hard [GUA16], but we can use recent developments

in domain adversarial neural networks to find a good approximation.
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Algorithm 5 Procedure: Generate — Batch
1: Input: Data: D,,, Batch size: m

2: Sample U = {uy,...,un} CN ={1,...,n}.

3: Set source set S = {(Zy,, Qu;s Yu;» di = 0)}75.
4: Sample V = {vy,..., v} C N\ U.

5 Set T =10

6: fori=1,..., m: do

7. Sample a; ~ Multinomial([1/K,...,1/K]).
8 T =TU{(xy,,a;,d; =1)}.

9: end for

10: Output: S, T.

4.5.1 Domain Adversarial Neural Networks

This chapter follows the recent work in domain adversarial training of neural networks [GUA16].
For this, only samples from observed data is needed - sometimes referred to as source data
(Ds) - and unlabeled samples from an ideal dataset - referred to as target data (Dr). As
mentioned, there are no samples from ideal dataset. Hence, target dataset needs to be gen-
erated from source dataset by batch sampling. Given a batch size of m, instances from the
source data D are sampled uniformly randomly and their domain variable set to 0, d = 0,
indicating this is the source data. Then, additional m instances are uniformly randomly
sampled excluding the instances from the source data, are randomly assigned to one of the
treatments by a Multinomial distribution, Multinomial([1/k, ..., 1/k]); finally, their domain
variable are set to 1, d = 1, indicating this is the target data. The batch generation procedure

is depicted in Algorithm 5.

The algorithm, referred to as Domain Adverse training of Counterfactual POLicy train-
ing (DACPOL), consists of three blocks: representation, domain and policy blocks. In the
representation block, DACPOL seeks to find a map ® : X — Z combining two objectives:
(i) high predictive power on the outcomes, (ii) low predictive power on the domain predic-

tion. Let F, denote a parametric function that maps the patient features to representations,
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that is, z; = F,.(z;;0,) where 6, is the parameter vector of the representation block. The
representations are input to both survival and policy blocks. Let F), denote the mappings
from representation-action pair (z;, a;) to probabilities over the actions ¢; = [Gio, - - -, Gi. k1],
i.e., ¢ = F,(z,a;6,) where 6, is the parameter vector of the policy block. For an instance
with features x; and action a;, an element in output of policy block ¢;, is the probability of
recommending action a for subject 7. The estimated policy outcome in source data is then

given by
= 1 < ¥ida,
® i9a;
h)=— .
() n 4 1/k
=1

Although theory developed above applies only to deterministic policies, DACPOL allows
for stochastic policies in order to make the optimization problem tractable. This is not
optimal; however, as shown later in our numerical results, this approach is still able to
achieve significant gains with respect to benchmark algorithms. Let Gy be a mapping from
representation-action pair (z;,a;) to probability of the instances generated from target, i.e.,

pi = Ga(zi,ai;04) where 04 is the parameters of the domain block.

Note that the last layer of the policy block is a softmax operation, which has exponential
terms. Instead of directly maximizing Vs(h), we use a modified cross-entropy loss to make
the optimization criteria more robust. The policy loss is then

i _ —¥ilog(gia,)
£3(6,,00) = e

At the testing stage, we can then convert these probabilities to action recommendations
simply by recommending the action with highest probability ¢;,. We set the domain loss
to be the standard cross entropy loss between the estimated domain probability p; and the
actual domain probability d;; this is the standard classification loss used in the literature
and is given by

Efi(em Qs) = dz log(pi> + (1 - dz) 1ngi-

The DACPOL aims to find the saddle point that optimizes the weighted sum of the
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Algorithm 6 Training Procedure: DACPOL

Input: Data: D, Batch size: m, Learning rate: pu

(S, T) = Generate-Batch(D, m).

for until convergence do
Compute L3 (0,,0) = % > ics £5(0r,05)
Compute £3(0,,0,) = |é| > ies L£4(0:,04)
Compute L7 (0,,04) = ‘—;‘ Yot L5(0:,04)
Compute Ly4(0,,04) = L5(0,,04) + LT (0,,04)

0, — 0, — 1 <azf(er 0s) _ ) OLal0r, ed)>

0, 90,
LS (07,05)
_ 0L4(0r,04)
Qd — 9d ,u—ed

end for

survival and domain loss. The total loss is given by

E(0,,0:,00) = Y LL0,.0,)

icS
SYPIETRORS yETRY
€S €T
where A > 0 is the trade-off between survival and domain loss. The saddle point is

<ér7 és) = arg gllgl 8(07" pr ed)

0, = arg max 8(@,01,,9(1).
d

The training procedure of the DACPOL is depicted in Algorithm 6. The neural network

architecture is depicted in Figure 4.1.

For a test instance with covariates z*, DACPOL computes the action recommendations

with the following procedure: it first computes the representations by z* = G,.(z*;6,.), then

computes the action probabilities ¢* = F,(z*,6,). It finally recommends the action with

A(z*) = argmaxae4 ¢
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4.6 Numerical Results

This section describes the performance of our algorithm. Note that it is difficult (almost
impossible) to test and validate the algorithm on real data with missing counterfactual
survival outcomes. In this chapter, we provide results both on a semi-synthetic breast cancer

(description can be found in 3.7.1).

4.6.1 Experimental Setup

Artificially biased dataset D™ = {(X;, 4;,Y;)} is generated by the following procedure: (i)
first random weights W € R*** with w;, ~ N(0,0I) are drawn where o > 0 is a parameter
used to generate datasets with different selection bias levels, (ii) actions are generated in the

data according to the logistic distribution A ~ exp(z”w,)/ (3 ,c 4 exp(z’w,)).

For the breast cancer data set, we generate a 56/24/20 split of the data to train, validate
and test our DACPOL. The hyperparameter list in our validation set is 107/2 with v €
[—4,-3,—-2,—1,0,0.5,0.75,1,1.5,2,3]. 100 different datasets are generated by following the
procedure described above. Average of the metrics together with 95% confidence levels are

reported.

The performance metric used to evaluate our algorithm in this paper is loss, which is
defined to be 1 — accuracy; accuracy is defined as the fraction of test instances in which the
recommended and best action match. Note that the accuracy metric can be evaluated since
we have the ground truth outcomes in the testing set, but of course the ground truth outcomes
are not used by any algorithm in the training and validation test. In the experiments, we use
1-1-2 representation/domain /outcome fully-connected layers. The neural network is trained
by back propagation via Adam Optimizer [KB14] with an initial learning rate of .01. We
begin with an initial learning rate p and tradeoff parameter A and use iterative adaptive
parameters to get our result; along the way we decrease the learning rate y and increases
the tradeoff parameter. This is standard procedure in training domain adversarial neural

networks [GUA16|. The DACPOL is implemented in the Tensorflow environment.
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4.6.2 Benchmarks

We compare performance of DACPOL with two benchmarks

e POEM [SJ15b] is a linear policy optimization algorithm which minimizes the empirical

risk of IPS estimator and variance.

e IPS is POEM without variance regularization.

Both IPS and POEM deal with the selection bias in the data by using the propensity scores.
Note that DACPOL does not require the propensity scores to be known in order to address
the selection bias. Hence, in order to make fair comparisons, we estimate the propensity

scores from the data, and use these estimates in IPS and POEM.

4.6.3 Results
4.6.3.1 Comparisons with the benchmarks

Table 4.2 shows the discriminative performance of DACPOL (in which we optimize \) and
DACPOL(0) (in which we set A = 0) with the benchmark algorithms. The experiments are
conducted in breast cancer data in which actions generated by logistic model with ¢ = 0.3.
As seen from the table, DACPOL outperforms the benchmark algorithms in terms of the
loss metric defined above. The empirical gain with respect to POEM algorithm has three
sources: (i) DACPOL does not need propensity scores, (ii) DACPOL optimizes over all
policies not just linear policies, (iii) DACPOL trades off between the predictive power and
bias introduced by the features. (the last source of gain is illustrated in the next subsection

with a toy example.)

4.6.3.2 Domain Loss and Policy Loss

The hyperparameter A controls the domain loss in the training procedure. As A increases,
the domain loss in training DACPOL increases; eventually source and target become in-

distinguishable, the representations become balanced, and the loss of DACPOL reaches a
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Algorithm Breast Cancer
DACPOL .292 +.006
DACPOL(0) .321 +.006
POEM .394 £ .004
IPS .397 +.004

Table 4.2: Loss Comparisons for Breast Cancer Dataset; Means and 95% Confidence Intervals

minimum. If A is increased beyond that point, the DACPOL classifies the source as the
target and the target as the source, representations become unbalanced, and the the loss of

DACPOL increases again. Figure 4.2 illustrates this effect for the breast cancer dataset.

0.34

o

w

w
I

10 10 10 10 10

Figure 4.2: The effect of domain loss in DACPOL performance

4.6.3.3 The effect of selection bias in DACPOL

In this subsection, we show the effect of the selection bias in the performance of our algorithm
by varying the parameter ¢ in our data generation process: a larger value of o creates more
biased data. Figure 4.3 shows two important points: (i) as the selection bias increases, the
loss of DACPOL increases, (ii) as the selection bias increases, domain adversarial training

becomes more efficient, and hence the improvement of DACPOL over DACPOL(0) increases.
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Figure 4.3: The effect of selection bias in DACPOL performance

4.6.3.4 Empirical Gains with respect to CRM

In this subsection, we show an advantage of our CPO principle over the CRM principle: selec-
tion bias from irrelevant features is less important. This happens because our representation
optimization is able to remove the effect of the irrelevant features in the outputted represen-
tations and then uses only the relevant features to directly estimate the policy outcome as if
it had access to randomized data. However, the performance of the CRM principle (whose
objective is to maximize the IPS estimator minus the variance of the policy outcome) de-
creases with additional irrelevant features, because the inverse propensities due to irrelevant
features become large, and hence the variance of the IPS estimator will also become large.
To see this, we use a toy example. We begin with 15 relevant features x. We then generate
d additional irrelevant features z ~ N(0, ). We create a logging policy that depends only
on the irrelevant features using the logistic distribution. As d increases, the selection bias
also increases. As Figure 4.4 shows, POEM is more sensitive than DACPOL to this increase

in the selection bias.
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Figure 4.4: The effect of irrelevant features in DACPOL vs POEM
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CHAPTER 5

Online Decision Making with Costly Observations

5.1 Introduction

In numerous real-world settings, acquiring useful information is often costly. In health-
care applications, the decision-maker performs costly research/experimentation to learn
valuable information. However, classical contextual Multi-Armed Bandit (MAB) formula-
tions ( [CLR11,Sli11,LPP10,DHK11,LZ07]) have not previously considered these important
informational costs and are thus unable to provide satisfactory performance in such settings.
This chapter presents new and powerful methods and algorithms for Contextual MAB with
Costly Observations (CMAB-CO). The experiments on breast cancer dataset show that al-

gorithms achieve significant performance gains with respect to benchmarks.

A major challenge in these settings is the learning of both optimal observations and
actions. Current MAB methods could potentially be modified to address this issue by com-
bining the choice of the context to observe and the action to be taken as a single meta-action
and folding the costs of observations in the rewards. However, the regret of such an approach
can be shown to be exponential in the number of actions and the number of possible context
states; therefore, it is so inefficient as to be impractical for any realistic problem. Therefore

there is a strong need for the development of new algorithms that achieve better performance.

To overcome the limitations and challenges discussed above, we propose an alternative
approach. We formalize the CMAB-CO problem and show that this problem can be reduced
to a two stage Markov Decision Process (MDP) problem with a canonical start state. We
propose two different algorithms for this learning problem: Sim-OOS and Seq-OOS where

observations are made simultaneously and sequentially, respectively. These algorithms build
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upon the UCRL2 algorithm of ( [JOA10]) to efficiently learn optimal observations and ac-
tions. We show that both Sim-OOS and Seq-OOS algorithms achieve a regret that is sublin-
ear in time. These algorithm thus perform well when the number of observations is small, and
it represents a significant improvement over existing algorithms, which would be exponential

in the number of observations as well as actions.

The main contributions in this chapter can be summarized as follows:

e We formalize the CMAB-CO problem as a fixed stage MDP.

e We propose two algorithms under two assumptions: simultaneous and sequential ob-

servation selection. We show sublinear in time regret bounds for both algorithms.

e We use a breast cancer dataset and show that we can achieve up to significant im-

provement in performance with respect to benchmarks.

In the medical context, the observations might consist of different types of (costly) medical
tests (e.g., blood tests, MRI, etc.), actions might consist of choices of treatment, and rewards
might consist of 5 year survival rates. Hence, an important aspect of the decision-making is

which medical tests to conduct and which treatment option to recommend.

5.2 Related Work

This chapter contributes to multiple strands of literature, including MAB, MDP and bud-

geted learning.

5.2.1 MAB Literature

This chapter relates to various strands of research in the MAB literature ( [TS15¢, TS15b,
TYS17,STS16,CLR11,S1i11,LPP10,DHK11,LZ07]). For example, [T'S15¢c| focuses on learn-
ing the optimal actions by discovering relevant information. However, this work does not
consider the costs associated with gathering information and is thus unable to provide satis-

factory performance in the considered setting. The CMAB-CO problem is similar to combi-
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natorial semi-bandits since multiple actions (observations and real actions) are selected and
the rewards of all selected actions (observation cost and real action rewards) are selected in
our setting. However, combinatorial semi-bandits do not utilize the observed states when

taking the action.

This chapter is also very related to online probing ( [ZBG13]). However, the goal in (
[ZBG13]) is to learn the optimal observations and a single best function that maps observed
features to labels in order to minimize the loss and the observation cost jointly. Unlike in the
considered CMAB-CO setting, an adversarial setup is assumed and a complete loss feedback

(the loss associated with all the various actions) is obtained at each stage.

5.2.2 MDP literature

The CMAB-CO problem which we consider can be formalized as a two-stage MDP ( [JOA10,
OA07,0VW16]) with a canonical start state. The action set available in the start state is the
set of observations. Following an observation action in the start state, the decision-maker
moves to a new state (which consists of the realized states of the selected observations)
from which the decision-maker selects a real action and moves back to the start state. The
reward in the first step is the observation cost (negative) and the second step is the random
reward obtained by taking the real action. Stemming from this and building upon the
UCRL2 algorithm of ( [OA07,JOA10]), efficient algorithms are constructed by exploiting

the structure of the CMAB-CO problem: sparse observation probabilities, known costs.

There are also large strands of work in signal processing community studying Partially
Observable Markov Decision Process (POMDP) [ZLM14,ZM17]. The goal in these works is
to estimate joint probability distribution over the variables. The goal in this chapter on the

other hand is to use the estimated variables to make observation and action decisions.

5.2.3 Budgeted Learning

The CMAB-CO problem is also similar to budgeted learning as the decision-maker’s goal

there is to adaptively choose which features to observe in order to minimize the loss. For
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example, ( [CSS11,HK12]) adaptively choose the features of the next training example in
order to train a linear regression model while having restricted access to only a subset of the
features. However, these problems do not consider information costs and are restricted to

batch learning.

Another related work is adaptive submodularity ( [GK10]) which aims to maximize re-
wards by selecting at most m observations/actions. However, their approach assumes that
observation states are statistically independent and rewards have a sub-modular structure

in observations.

5.3 Contextual Multi-armed Bandits with Costly Observations

5.3.1 Problem Formulation

In this subsection, we present our problem formulation and illustrate it with a specific ex-
ample from in the medical context. Let D = {1,2,...,D} be a finite set of observations
(types of medical tests such as MRI, mamogram, ultrasound etc.). Each observation i € D
is in a (initially unknown) particular state from a finite set of X; of possible values (de-
scribing the outcomes of the medical tests such as the BIRADS score associated with a
mamogram). Let X = U;epX; represent the set of all possible state vectors. The state
vector is ¢ = (¢[1], ¢[2], ..., ¢[D]), where ¢[i] is the state of observation i, which represents
the context in the CMAB formulation. We assume that the state vector is drawn accord-
ing to a fixed but unknown distribution. Write ¢ to denote a random state vector and
p(¢) = Pr(¢ = ¢) to denote the probability of state vector ¢ being drawn. In the medical

context, p(-) models a joint probability over the results of the medical tests.

We assume that only the states of the observations that are selected by the decision-maker
are revealed in each time instance. Let 1) denote a partial state vector, which only contains

the state of a subset of the selected observations. For example, for selected observations
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Z C D, the partial state vector is ¢ = (¢[1],v[2],...,¥[D]) with

ofi] = oli] ifieZ

? ifi¢Z
where 7 denotes our symbol for missing observation states. Denote dom(v) = {i € D : ¥[i] #
7} as the domain of 9 (i.e., the set of the medical test outcomes realized in v)). Let U+ (Z) =
{¢ : dom(¢p) = I} denote the set of all possible partial state vectors with observations from
Z (i.e., the set of all possible medical test outcomes of 7). Let ¥ = Uzcp¥*(Z) denote the
set of all possible partial state vector states. We say 1 is consistent with ¢ if they are equal
everywhere in the domain of v, i.e., ¢[i] = ¢[i] for all i € dom(¢)). In this case, we write
¢ ~ 1. If ¢ and )’ are both consistent with some ¢, and dom(v)) C dom(¢)'), we say ¥ is a

substate of ¢’. In this case, we write ¢’ = ).

We illustrate these definitions on a simple example. Let ¢ = (—1,1,1) be a state vector,
and 1 = (—1,7,—1) and ¥y = (—1,7,7) be partial state vectors. Then, all of the following

claims are true:
¢ ~ g, Yy = 1Py, dom(ey) = {1, 3}.

A MAB setting is considered with costly observations where the following sequence of the

events is taking place at each time t:

e The environment draws a state vector ¢; according to unknown distribution p(-). The

state vector is initially unknown to the decision-maker.

e The decision-maker is allowed to select at most m observation at time ¢, denoted as
7;, with paying a known cost of ¢; € [0, 1] for each observations i in the set Z;. We
assume that the decision-maker has an upper bound m on the maximum number of
observations that can be made at each time ¢. Let P<,,(D) denote the subset of the
observations with cardinality less than m, i.e., P<,, (D) = {Z C D : |Z| < m}. The
partial state vector 1, from the observations Z; is revealed to the decision-maker, while

the remainder of the states remain unknown to the decision-maker.
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e Based on its available information v;, the decision-maker takes an action a; from a
finite set of actions A = {1,2,..., A} and observes a random reward r;, with support
0,1] and E [r|A: = a, ¢y = ¢] = 7(a,v) where 7 : A x ¥ — [0,1] is an unknown

expected reward function.

We write p(¢)) = Pr(¢ ~ 1) to denote the marginal probability of ¢ being realized.
Observe that >,y (7 p(¢) =1 for any Z.

The policy 7 for selecting observations and associated actions consists of a set of obser-
vations Z and an adaptive action strategy h : ¥+ (Z) — A, which maps each possible partial
state vectors from Z to actions (e.g., a policy consists of a subset of medical tests Z to be
conducted and treatment recommendation for each possible test results). The expected gain
of the policy m = {Z, h} is given by

Vim)=5 Y, pr(h@).0) - c (5.1)
eV (T) i€
where 5 > 1 is the gain parameter, which balances the trade-off between the rewards and
observation costs. The expected gain of the policy 7 is the expected reward of 7 minus the
observation cost incurred by 7. Without loss of generality, we assume that decision-maker is
allowed to make at most m observations. Let II,, denote the set of all possible policies with
at most m observations. The oracle policy is given by 7* = arg max,_(z yerm,, V(m).

The expected gain of the oracle policy is given by V* = V(7*). Note that the oracle is
different than the oracle used in the contextual bandit literature. To illustrate the difference,
define 7 (¢0) = 7(a*(¥), 1) = max,eq7(a, 1) to be the expected reward of the best action
when the partial state vector is 1. We refer to the policy that selects observations Z and
the best actions a*(¢) for all ¢ € UH(Z) as the fixed Z-oracle policy. The expected reward
of the fixed Z-oracle policy is given by

VD) =5 Y, p)r W) =) e
YeW+(T) i€
It can be shown that the oracle policy 7* = (Z*, h*) is given by h*(¢)) = arg max,. 4 7(a, 1)
and 7% = argmaxzep_ (p) V*(Z). Note that V* = V*(Z*). Therefore, the oracle defined in

our setting achieves the best expected reward among all the fixed Z-oracle policies.
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Consider an adaptive policy 7.7 = [Z;, ht]thl, which takes observation-action Z;, observes

¢, uses this observation to take an action a; = hy(1;) and receives the reward of r,. The
cumulative reward of my.p is Zthl (Brt — ZiEIt c,-). The T-time regret of the policy m.p =

Z;, ht]il is given by

T
Regi? =TV™ — Z (Brt — Z ci> :

t=1 €Ty

The goal here is to compute the policy 7.7 to minimize this regret by selecting at most m

observations.

Current online learning methods could be modified to address the CMAB-CO problem
by defining a set of meta-actions that comprises all the combinations of observation subsets
and actions taken based on these observations, and then applying a standard MAB algorithm
(such as the UCB algorithm [ACF02b]) by considering these meta-actions to be the action
space. While this algorithm is straightforward to implement, it scales linearly with the total
number of policies [II| = > 7 p_ ) AYT@DI This is exponential in the number of state
vectors. This makes such algorithms computationally infeasible and suboptimal (compared
to the lower bound) even when the numbers of actions and partial states is small. This poor
scaling performance is due to the fact that the algorithm does not take into account that

selecting an action yields information for many policies.

5.3.2 Simultaneous Optimistic Observation Selection (Sim-OOS) Algorithm

To address the above mentioned limitations of such MAB algorithms, a new algorithm, which
we refer to as Simultaneous Optimistic Observation Selection (Sim-OOS) is developed. Sim-
OOS operates in rounds £ = 1,2,.... Let t; denote time at the beginning of round k.
The decision-maker keeps track of the estimates of the mean rewards and the observation
probabilities. Note that when the partial state vector ¢, from observation set Z; is revealed,
the decision-maker can use this information to not only update the observation probability
estimate of ¢, but also update the observation probability estimate of all substates of ;.
However, the decision-maker cannot update the mean reward estimate of pairs of a; and

substates of ¢, since this would result in a bias on the mean reward estimates. Therefore,
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Algorithm 7 Simultaneous Optimistic Observation Selection (Sim-OOS)

Input: m, [c;],cp, confi(n,t), confy(n,t), 5.
Initialize: £(dom(v)), ) < ( for all ¢ € .
Initialize: £(Z) < 0 for all 7 € P<,,(D).
Initialize: E(a,)) « 0 for all a € A and ¢ € V.
for rounds £ =1,2,... do
confy x(a,¥) < confy(Ng(a,v), tx).
confy (Z) < confa i (Nk(Z), tr).
Tr(a, ) = ;)ZTegkaw rr for all a € A and ¢ € V.

Ng(ap
k() = N"(L for all 1) € .

Nj(dom(¥))
Ty (1) + arg max,e 4 7k(a, ) + confy y(a, )
Solve the convex optimization problem given in (5.3) for all Z € P<,,(D)
Set V;,(Z) as the maximizer.
fk ¢ arg maxzep.,, (D) \A/k(I)
vg(a, ) < 0 for all @ and ¥ € V.
while V(a, ) : vi(a, ) < max(1, Ni(a,v)) do.
Select observations fk, observe the partial state vector 1.
Select action a; = /ﬁk(wt), observe reward 7.
Update vy (ays, ¥y) < vi(ag, ¥y) + 1.
for v : ¢, = ¢ do
Err(dom(v), 1) 4= Epya (v, dom(vp)) Ut.
Er1(dom(v)) <= Eppa(dom(y)) UL,
end for
Exr1(ar, Yr) < Expa(a, ) Ut
t+t+1.
end while

end for

at each round k, we define & (a,v) = {7 <ty :a, = a,, =}, (L) ={r <ty : Z CI,}
and E,(V,2) ={r <ty : ZC I, ¢, =} if v € UT(Z) and E (Y, T) =0 if op ¢ UH(T).
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We define the following counters: Ni(Z,v) = |Ex(Z,¢)|, Ne(Z) = |E(Z)|, Ni(a,v) =
|Ek(a,1)|. In addition to these counters, we also keep counters of partial state-action pair
visits in a specific round k. Let vy(a,?) denote the number of times action a is taken
when partial state ¢ is observed in round k. Furthermore, we can express the mean reward
estimate and observation probability estimates as follows:

R 1
TE\a, = X N rr,
o) Ni(a, ) reg(;,w)

~ _ Nk<d0m<w)7 W
PelY) = N, (dom()

provided that Ni(a,v) > 0 and Ni(dom(v))) > 0. Since these estimates can deviate from

their true mean values, we need to add appropriate confidence intervals when optimizing the
policy. In the beginning of each round k, the Sim-OOS computes the policy of round k by
solving an optimization problem given in (5.2). The optimization problem with the mean
reward estimate and observation probability estimates is given by

maximize ﬁ%;ﬂz)p(zﬁ)r(h(w%w) ; i

subject to |7(a, ) — Tk(a, )| < confy x(a,v), V(a,),

Y 19(W) = Pu(¥)] < confai(Z),

PYeWT(I)

> (W) =1, VI € Peyu(D), (5.2)

PYeWT(I)

where conf; ;(a,) and confy ;(Z) are the confidence bounds on the estimators at time
tx. We will set these confidence bounds later in order to achieve provable regret guarantees

with high probability. Let 7, = {fk,/f;k} denote the policy computed by the Sim-OOS.

The Sim-OOS follows policy 7% in round k. At time ¢ in round k& (t;, <t < t41), the
Sim-OO0S selects fk and observes the partial state vector 1), from observations 7, and on
the basis of this, it takes an action ﬁk(zﬂt). Round k ends when one of the visits to the
partial state vector-action pair in round k is the same as Ng(a,1)) (the total observations

of the partial state-action pair from previous rounds &' = 1,...,k — 1). This ensures that
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the optimization problem given in (5.2) is only solved when the estimates and confidence

bounds are improved.

The optimization problem in (5.2) can be reduced to a set of convex optimization
problems which can be solved efficiently in polynomial time complexity ( [BV04]) (the
details of this reduction are discussed in the supplementary material). In round k, let
75(¢) = maxgea Ti(a,v)+confy ;(a, ) be the optimistic reward of value of the partial state
vector ¢ in round of k. The optimistic gain of a fixed Z-oracle in round k, denoted by ‘A/k (Z),
is defined as the maximizer of the following optimization problem:

maximize 5 p)FW) Y e
)

W("Z’)]wgqﬂr(I) ZZJG‘IJ+(I ieT

subject to Z P() — pr(¥)| < confyx(Z),
VeV (I)

> W) =1 (5.3)

Yevt(I)

At any time t of round k, it can be shown that the optimization in (5.2) can be solved as:
ﬁk(w) = argmax,c 4 7x(a, ) + confy (a, ) and 7, = arg MaXzep_ (p) Vk(I) Then, define
Vi = V().

The pseudocode for the Sim-OOS is given in Algorithm 7. It can be easily shown that the
computational complexity of the Sim-OOS algorithm for 7" instances is O (A poly (V) log T).

5.3.3 Regret Bounds for the Sim-OOS algorithm

In this subsection, we provide distribution-independent regret bounds for the Sim-OOS al-
gorithm. Let Yror = D 7cp_ (p) |¥F(Z)| denote the number of all possible states (all possible

results from at most m distinct medical tests).

Theorem 11. Suppose  =1. For any 0 < < 1, set

5
confy(n,t) = min (17 \/IOg (200, At /5))

2max (1,n)

Confg(n, t) — min (1, \/]‘Oqjtot log (4t/(5>> .

and

max (1,n)
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Then, with probability at least 1 — &, the regret of the Sim-OOS satisfies

Reg 095 — 0 ((\/Z + y7><m(z>)y) VT log (T/(S)) .

The UCRL2 ( [JOA10]) is designed for general MDP problems and achieves a regret of
0, <\/w ) Hence, these regret results are better than those obtained by UCRL2. This
is an important result since it demonstrates that the Sim-OOS can effectively exploit the
structure of our CMAB-CO problem to achieve efficient regret bounds which scale better

than these that can be obtained for general MDP problems.

We illustrate this bound using the same example above. Suppose |X;| = X for all i € D
and m = D. The upper bound given in Theorem 11 is in the order of O <\/ZZ1 Xm2PT + \/22:1 XmAj

The Sim-OOS algorithm performs well for smaller values of which is the case in the
medical setting, as it is for instance the case in breast cancer screening, in which imaging
tests are limited to a small set: mammogram, MRI and ultrasound ( [SBBO07]). In this
context, the observations are usually selected sequentially. To address such settings, we next

propose the Seq-OOS algorithm that selects observations sequentially.

5.4 Multi-armed Bandits with Sequential Costly Observations

5.4.1 Problem Formulation

Our current setting assumes that decision-maker makes all the observations simultaneously.
If the decision-maker is allowed to make observations sequentially, she can use the partial
state from already selected observations to inform the selection of future observations. For
example, in the medical settings, although a positive result in a medical test is usually
followed by additional medical test for validity, a negative result in a medical test is not
usually followed by additional medical tests. Since any resulting simultaneous observation
policy can be achieved by a sequential observation policy, the oracle defined with sequential
observations achieves higher expected reward than that with simultaneous observations. At

each time ¢, the following sequence of events is taking place:
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i The decision-maker has initially no observations. In phase 0, we denote the empty partial

state as 1o, = 1y where dom(t)y) = 0.

ii At each phase | € £ = {1,...,m}, if the partial state is ¢);; and observation 4;; €
(D \ dom(¢¢)) U 0 is made, the resulting partial state is 41, where ¢ 11; = ¥y U
('L.Lt, Qst(/l.l’t)) lf Z.l,t 7é @ and wl-ﬁ-l,t = 1/}l,t OtherWise.

iii The decision-maker takes an action a; when either observation ¢;; = () is made or the

final phase m is reached and observes a random reward r;.

Let U (1), 7) be the set of resulting partial state when observation ¢ is made at previous
partial state of ¥, i.e., U (¢,i) = {¢' : Jx, ¢’ = 1 U (i,2)}. In this section, we define
p(Y' |1, 1) as the probability of resulting partial state 1" when the observation i is made at
previous partial state of ¢, which is referred to as partial state transition probability. For all
' € Ut(1,i), the partial state transition probability is defined as p(¢/'|1,i) = Pr(®(i) =
V(i)|® ~ ) if i € D\ dom(¢)) and p(¢' |, i) = 0 otherwise. In the medical example, this is
the probability of observing test i’s result as ¢/(i) given the previous test results (records)

1. We define p(¢|1,0) = 1 and p(¢'|v,0) = 0 for all ¢’ # . Let P = [p(¢'|1),1)] denote

partial state transition probability matrix.

A sequential policy m = {g, h} consists of observation function g and action function h
where g : ¥ —DUP and h: ¥ — A (e.g., g(¢) refers to the next medical test applied on a
patient with previous records (test results) ¢» and h(1)) refers to treatment recommendation
for a patient with previous records(test results) ¢). A sequential policy m# = {g,h} works
as follows. Decision-maker keeps making observations g(1)) until either m observations are
made or an empty observation g(1) = () is picked and takes an action h(1)) in a terminal
state ¢ where terminal partial states of policy 7 is the state with either cardinality m or

with g(¢) = 0.

We illustrate these definitions in a medical example. Assume that there are 2 different
tests with possible outcomes of positive (+) and negative (—) result and 3 different possible

treatments. Suppose that a sequential policy m = (g,h) with g(0) = {1},9({(1,+)}) =

{2}79({(17_)}) = @, h({(17+)7(27+)}) = ar, h({(17+)’(27_)}) = a2ah({<1’_)}) = as.
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test 2 (=)

. WS = {(1?+)7(27+)}
test 1: (+)

test 2: (+)

phase O phase 1 phase 2

Figure 5.1: Illustration of sequential policy

Basically, this policy initially picks the medical test 1 for all patients (g(@) = {1}). If the
result of the medical test 1 is positive (4), the policy picks medical test 2 (g({(1,+)}) = {2}).
On the other hand, if the result of medical test 1 is negative (—), the policy does not make
any additional test. In this example, terminal partial states of policy 7 are 3,14, 5. This

is illustrated in Figure 5.1.

Given a sequential policy m, let 1, denote the random partial state in phase [ and ¢ =
Cq(yy) denote the random cost in phase [ by making observation g(¢;). Note that ¢; is random
since partial state in phase [ is random. Similarly, let r,, denote random reward revealed
by taking action a,, = h(t,,) in terminal partial state. Then, for each sequential policy

m = (g,h), we define a value function for [ =0,... m:

Fr () =B [r, = e, |vr = 0] (5.4)
T=l

where expectation is taken with respect to randomness of the states and rewards under
policy . In the terminal phase, we define value function as F(v) = 7(h(¢),%). The

optimal value function is defined by F;*(¢)) = sup, F[(¢). A policy 7* is said to be optimal
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if FI () = Fg(¢). Tt is also useful to define partial state-observation optimal value function

forl=0,...,m—1:

Qi) = E [_Ci + Fly (V)| = 0,0 = i]
= —a+ Y. pWl)F ().

Y EVT (i)
A sequential policy 7* = (g, h*) is optimal if and only if g*(¢) = arg max;cpug) @ qom(y) (¥ 1)
() = arg mas,e 4 7(a, v)

Consider a sequential learning algorithm m.7 = (g;, ht)_;. The algorithm makes ob-
servation i;; = ¢(¢r;) and realizes a cost ¢;; in phase [ of time ¢ and then selects action
at = hi(¢my) and realizes a random reward 7, which realizes a reward of r; — Zﬁgl c e To
quantify the performance of sequential learning algorithm, we define cumulative regret of
sequential learning algorithm 7.7 up to time 7" as

T m—1
Regit™ = TF; — Z <7“t - Z Cl,t)
t=1 1=0
where Fy = Fi (1) and ¢y = () denotes empty state. In the next subsection, we propose a

sequential learning algorithm, which aims to minimize regret.

5.4.2 Sequential Optimistic Observation Selection (Seq-OOS)

In addition to observation sets that are tracked by Sim-OOS, Seq-OOS keeps track of the
following sets at each round k : E(¢,1) = {7 <ty : I € L, Y. =, i1 =i}, E(Y,0,¢") =

{r<ty:3NeL, Y =20,=1iV41,=19} Let Np(¢,1) = |E(¢,1)| and Ng(,i,¢") =
|Ec(1,4,¢")]. In addition to these counters, we also keep counters of visits in partial state-
action pairs and state-observation pairs in a particular round k. Let vj(1),4) denote the
number of times observation ¢ is made when partial state 1 is realized in round k. We

can express the estimated transition probabilities as py(¢'|¢, 1) = %, provided that
Ni(h, i) > 0.

The Seq-OOS works in rounds k£ = 1,. ... In the beginning of round & (¢, denotes time of

beginning of round k), the Seq-OOS solves Optimistic Dynamic Programming (ODP), which
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takes the estimates Py, = [p (¢4, )] and Ry = [f4(a,1)] as an input and outputs a policy
7. The ODP first orders the partial states with respect to size of their domains. Let ¥,
denote partial states with [ observations, which is defined by ¥; = {¢ : |dom(¢))| =} (e.g.,
all possible results from [ distinct medical tests). Since the decision-maker is not allowed to
make any more observations for any state ¢ € ¥,,, estimated value of state ¢ is computed
by Fpr(t) = maxeea 7x(a, ) + confy g (a,1p) where confy ,(a,v) is the confidence interval
for partial state-action pair in round k. The action and observation functions on partial
state ¢ € W, computed by ODP is given by gx()) = () and Bk(v,b) = arg max,. 4 7x(a, ¥) +
confy y(a,v). After computing value and policy in partial states ¢ € ¥,,, the ODP solves
convex optimization problem to compute optimistic value function for each partial state-
observation pair ¢ € ¥,,_; and i € D\ dom(t)). Let Qm_14(t),7) denote optimistic value
function for making observation 7 in partial state ¢ in round k of phase m — 1, which is the

solution of the following convex optimization problem :

maximize — ¢; + Z P, ) (¢ )

[pC1.0) e

subject to B[, 1) — pu(¥|¥,8)| < confar(v,4),

YeTT (i)

ST i) = 1. (5.5)

PeVT(¢,i)

Note that the variables (F}, x(1)) used in the convex optimization problem given in (5.5)
is computed in the previous step by the ODP. The optimistic value of the empty obser-
vation () in partial state ¢ in round % is computed by Qm—l,k(¢7 0) = maxgeq Brr(a,v) +
confy ;(a,1). Based on the optimistic value of partial state-observation pairs [ka(w, z)},
the ODP computes the optimistic value of partial state 1) and action and observation func-
tion of partial state ¢ € W,,_; as Fm—1,k(¢) = MAX;e(D\dom(v))Ud Qm—1,k(¢,i), izk(w) =
arg max, e 4 S7x(a, 1) + confy x(a, ¥), gr(v¥) = arg max;c p\ dom(y))uo Qm1.£(1,1). These com-
putations are repeated for [ =m — 2,...,0 to find the complete policy 7.

Given 7, = (gk,ﬁk), at each time t of round k (t4—1 < t < t;), the Seq-OOS follows
the policy 7. Basically, if the state at phase [ is 9, the Seq-OOS decides to make the

observation 7;; = gi(11;) and observes the state ¢4, If the state is ¢, at phase | < m
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and observation i, = gr(1+) computed by the ODP is empty set, i.e., gr(¢:) = 0, then
Seq-OO0S takes action ﬁk(wl,t). If it is a terminal phase, i.e., [ = m, Seq-OOS takes an action

}Alk (wm,t)'

5.4.3 Regret Bounds of the Seq-OOS

The analysis of the regret of the Seq-OOS exhibits similarities to the analysis of the regret
of the Sim-OOS. The Seq-OOS has at most m + 1 phases in which it makes observations
sequentially followed by an action while Sim-OOS has 2 phases in which it makes simultane-
ous observations at once followed by an action. The difference is that we need to decompose
the regret of the Seq-OOS into regret due to phases with suboptimal observations and regret
due to suboptimal actions. Let Uy, = max, max;ep | U7 (¢0,4)|. The next theorem bounds

the distribution-independent regret.

Theorem 12. Suppose =1. For0 < < 1, set

5
COIlf1<n7 t) — min (1’ \/log (20\1/25025142(,' /5))

2max (1,n)

and

max (1,n)

10U ax log (4D,
confy(n,t) = min (17\/ OW ax L0g ( ttt/é)).

Then, with probability at least 1 — ¢, regret of the Seq-OO0S satisfies

Reggeq-oos =0 <(m\/m + \/Z> \/‘I’totT log (T/5)>

The difference in the regret bounds of Sim-OOS and Seq-OOS is because Sim-OOS esti-

mates the observation probabilities p(v) for each 1) € U whereas Seq-OOS estimates obser-

vation transition probabilities p(-|t,7) for each ¢» € ¥ and i € D.

Now, we illustrate and compare the regret bounds on our algorithms. Suppose that
|X;| = X for all i € D and m = D. In this case, we have the distribution independent regret
of O <2D\/AXDTlog T/(S) for Sim-008 and O (D\/DzDXDHAT log T/<5> for Seq-00S
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—e—Sim-00S ' ' | =e=sim-00S
> Seq-0O0S > Seq-00S
85- == All-UCB 85k == All-UCB

Gain
Gain

Figure 5.2: Performance of Sim-OOS and Seq-OOS

with probability at least 1 — d. Our algorithms become computationally feasible when XP

is small.

5.5 Illustrative Results

We evaluate the Sim-OOS and Seq-OOS on a breast cancer dataset (description can be
found in 3.7.1). For each instance, the following information about the patient are used:
age, estrogen receptor, tumor stage, WHO score. The treatment is a choice among six
chemotherapy regimens of which only 4 of them are used: AC, ACT, CAF, CEF. We generate
200000 instances by randomly selecting a sample from the breast cancer dataset. In each
instance, we set the observations as D = {age, estrogen receptor, tumor stage, W HOScore},
and the rewards as 1 if the treatment with the highest outcome is given to the patient and

0 otherwise. For the experimental results, we set § = 100 and m = 3.

We compare Sim-OOS and Seq-OOS algorithms with a contextual bandit algorithm that
observes realization of all observation states ¢ by paying cost of Zil ¢;, referred to as
Contextual-UCB. We define the following metric of Gain of our algorithms ,which make
observations Z; and receives reward of r; by taking action a; at each time ¢, over T' time
steps by Gain = £ Zthl [ﬁrt — > ieT, ci}.

Performance of the Sim-OOS and Seq-OOS with Different Costs: We consider

that the cost of each observation ¢; = c¢. We illustrate gain of Sim-OOS, Seq-OOS and
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Contextual-UCB algorithms for increasing values of cost c¢. As Figure 1 illustrate, the gain of
the Sim-OOS and Seq-OOS algorithm decreases as the observation cost increases. However,
it should be noted that these algorithms learn the best simultaneous and sequential policies
while simultaneously taking actions irrespective of the costs of observation. These figures
show that when the observation cost is increasing, the Sim-OOS and Seq-OOS achieves
better gains than Contextual-UCB by observing less information, hence paying less cost.
Therefore, the slope of the gain-cost curve of the Sim-OOS and Seq-OOS illustrated in

Figure 5.2 decreases as the observation cost increases.

5.6 Proofs

Reduction of (5.2) to convex optimization problem : For notational convenience,
we drop the subscript &k in this argument. The result of maximization can be found by
fixing the observations Z and p(-), and then maximizing with respect to action-function.
Let h7; denote the action function which maximizes (5.2). It is easy to see that hf ;(v) =
h*(¥) = arg maxe 4 7(a, 1) +confy 4 (a,v). By fixing h to h* in (5.2), we obtain the following

optimization problem:

maXiZmize Z () (v) — Z Ci

YeWT(I) ieT
subject to Y [B(1) — pr(¥)| < confyk(T),

YeWw+(I)
> b)) =1, VI € Pu(D), (5.6)

YETH(I)
We solve (5.6) by first fixing Z and then optimizing the parameters p, which results in

optimization problem given in (5.3). Denote the result of the optimization problem V (Z).

Then, the optimal observations can be found as 7= arg maxzep.,, (D) & (Z).
Proof of Theorem 11
We are going to define some notation before presenting the proofs. Let N;(a,v) = [{T <

t+1:a,=a,¥, =9} and N; = [Ny(a, )] denote matrix whose elements are the number

of times of partial state-action pair is observed. Let K denote the total number of rounds
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until time 7" and k(t) denote the round time ¢ belongs to. Let 75, denote the length of round
k, ie., T, = tgr1 — tg. Based on these, we have the following: Np(a,) = Zfil v(a,v),
Ni(a,0) = £ va(a, ¥).

For round k, let Py be set of observation/transition probabilities matrices and Ry, be the
set of mean rewards of partial state-action pairs, which satisfy the constraints in optimization
problem of (5.2). We define the expected gain of action a of state ¥ as the expected reward

of action @ minus the observation cost of state as yi(a, 1) = 7(a,¥) = > ,;cqom(w) G-

In round of k, let 7gx(a,v) = 7x(a, ) + confy k(a, 1)) be the optimistic reward estimate
of action-partial state pair (a,). Let pg(t) is the maximizer of the optimization problem
given in (5.3) (optimistic observation probability estimate of partial state ¢)). Based on this,
we define

ﬂk(av¢) = fk(a’d)) - Z Ci

t€dom(v))
Pk = [ﬁk(w)]weqw(jk); P, = [p(w)]ng\w(jk)
Pr= ()] e g,y e = [, )]

YeWt(Zy)

= [ (), )] = (), )|

YeU+(Iy) eW+(Iy)

We define optimistic reward in round k as Vk*, which is the result of the optimization
problem in (5.2). Based on definitions above, Vi* = (Py, f1,) where (-,-) denotes the dot

product between two vectors.

Also, let ey, be unit vector with size of |¥*(Z;)| with the index representing state
1 is being equal to 1 and 0 else. Let By denote the event that optimistic rewards and
observation probabilities satisfy the constraints of the optimization problem in (5.2), ie.,
B, = ((IADk,IA%k) € (Pk,Rk)> and By, is the complement of the event Bj. Also, we denote
I(B) as the indicator being equal to 1 if event By happens. Observe that when event By
happens, we have f/k* > V* with probability 1.

The main steps of the proof is to decompose the regret in the regimes where confidence

intervals are achieved and violated. We show that regret is small when the confidence inter-
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vals are achieved. We also show that confidence bounds are satisfied with high probability.

By combining these two results, we prove our regret bounds.

Step 1 (Regret Decomposition) : We have

T

=33 Nea,w) (VF = pla, )
acAYev
30N N, )r(a, ) = S
a€EAYEY t=1
=33 ke, w) (V= pla, 1) L(By) (5.7)
k=1 acAyec¥
+3°57S  via,w) (V= pla, ) 1(By)
k=1 ac A eV
305 Nea, (e, ) — o
aEAYeEV t=1

Given the set of observations Z; and action function fAzk(), Vk(+,-) is only non-zero for the

form of action-partial state (ﬁk(¢)aw)wew+(ik)- Therefore, equation (5.7) can be further

decomposed into

STSTS  wilaw) (V- pla, ) 1(By)

k=1 acAyec¥

S vl (V5 — (). ) 1By)
k=1 et (1)

300D @), v) (), ) — (), v) 18,)
F=lyewt (1)
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where (a) follows from V* > V* when event B, happens and (b) follows from p,,(k) —
(i (), 00) = (P, ) = (€np i) = (P = Py), ) + (Pr — ex)s fry.). Then, regret

decomposition is

Reggjm—OOS

< Z Z NT(aa w)f(av ¢) - Z Tt (58)
acA Pev t=1

=335 vila ) (v — pula, ) 1By (5.9)
k=1 ac A eV

+ > 7{(Pr — Py, fu,)1(By) (5.10)

[M] =

=
Il

1

£33 wln(@), ©){(Pr — exy), )L(By) (5.11)
k=1 pewt (1)
+ Z(’Ulm (B, — ) 1(By) (5.12)

b
Il

1

Step 2 (Regret due to randomness of the rewards) : Observe that

T

.

T=1

E

NT] => ) Nela,¢)r(a, ). (5.13)

acAYevr

Given counts in observations of state-action pairs N7, the random variables r,(a,;) are inde-

pendent over time ¢. Then,

T ) T 4T
Pr ETTSZZNT(%WT(@’@D)— EIOgT‘NT

acEAYevw
c 1 4T )
< —2—1 — T < —=
—eXp( 2T0g(5> )_4T’

where (c) follows from Hoeffding’s inequality. Therefore, the equation (5.8) is bounded with
probability 1 — % by

T

Z Z Nr(a,¥)r(a,v) — Zrt < glog %

acAYEV t=1
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Step 3 (Regret due to Failure of Confidence Intervals): In this step, consider the
regret of the episodes in which By,. Define Py, R; as the set of plausible observation /transition
probability matrices and set of plausible mean rewards of partial state-action pairs using the

estimates of time step ¢ and IAjt and ﬁt as the estimates in time step ¢. Then,

SOSTS T wklaw) (V= pla, )T (By)

k=1 ac Aye¥
S eI (B
k=1 ac A eV
<2Ztk1[ (By) <2Ztﬂ((Pt, R/) ¢ (PuR)
<oTiz Y a((PuR) ¢ PuR)
t=| T4 |+1

Then,

t=|TV/4]+1

Pr ( ET: i ((ﬁt,ﬁt> ¢ (Pt,Rt)> >0
Pr

IN

ET: Pr((Pn ) ¢ ( 7%7@)% Z i

(3 |[TV4] +1<t<Tst. ( R)ez(Pt,Rt))
/ t5

t= LT1/4J +1 = L

< J N / o J gt < J N J < (5
= 5T f gy 565~ BT T 20T < AT
where (d) follows from Lemma 13.

Therefore, with probability at least 1 — 4T, we have

SN S vkaw) (V- pla, )T (By) < 29T

k=1 ac A eV

Step 4 (Regret due to estimation error of transition probabilities): We start
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with some more definitions and observations. For any k, we have

<( k Pk)aﬂ’k):<(Pk—Pk)v/1k>+<(Pk—Pk>7[1‘k>
< (|(Py = Pyl + 1P — Pilly) gl

< 16O\Ijtot log 4T/5
o maX(L Nk(ik))

(5.14)

where (e) holds when event Bj happens and follows from |[|fi;||oc < 2. Let lengths of the
rounds with Z;, = Z be denoted as the sequence (71(Z), 5(Z), . . . ,Ti(z)(Z)) where K(Z) is the
number of rounds with Z, = Z, i.e., K(Z) = {1 < k < K : I, = Z}| and ny,(Z) = Zi:ll 7(Z)
is the number of times observations Z are made in the rounds (71(Z), 2(Z), ..., 7—-1(Z)). We

have Ni(Z) > ni(Z) since Ni(Z) is the number of the observations that contain Z are made.

We have also T'= 37 p_ p) nr(z)(Z). Then, equation (5.10) is bounded by

> m{(Pr = Py, ) L(By)

K
< /160U o log 4T/3 > Th

k=1 \/max (1,Nk(fk))

2 (1+V2) \/160‘Iftot|7)§m('D)|Tlog AT /6

where (f) follows from Lemma 15 and (g) from Jensen’s inequality.

Step 5(Regret due to randomness due to transition probabilities): Let X, =
(Pr(ty = €kt )s By I Br(ry)- The term (5.11) can be written as

DY ) )(Pr — ey th

k=1 ycw+(Zy,)
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Observe that

E [Xt’(zlu wl; ay, 701)7 ey (Itfla wtfh Q¢—1, thl)r’z’-t]

= (E [Pra) — ek » o)) 1(Br(ry) =

and

1 Xe| < (1Preoy I+ Nlenylln) g lool(Brey) < 4

By Azuma-Hoeffding bound, we have

5
(ZXt>4 2T10g4T/5> T

t=1

With probability at least 1 — we have

4T’

SN wlnw), ) (P - eny) inl(By)

k=1 yew+(Z)

< 4\/2T log 4T/5.

Step 6(Regret due to estimation error of rewards):  Observe that when By

happens,

~

(i (0), ) = (o (0),80) = Fi(hu (), 00) = 7(he (), )
= u(hi(¥), ¥) — Pu(h(¥), ¥)

+ (B (), ) = Pl (), )
< [P (i (8), ) = Fi (B (), )]

+ [P (hi(¥), ¥) — F(hi (), )|

_ \/ 21log (2000, At5 /6)
VO M), )

Therefore, we have

Z ’Uk, (Bk)

< V/21og (200, AT/5) Y >N v (a, )

acA el k=1 Max (1, Ni(a, ID))
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Since Ni(a, ) = Zf:_ll vi(a,v), by Lemma 15, we have

Vi@, ¥) < (14 v2)/Nr(a, ).
k=1 IMax (1, Nk(a,z/z))

By Jensen’s inequality, we have

V2log (200, AT/5)> ) i vi(a, )

aCA el k=1 Max (1, Ny(a, 1/’))

< (14 V2)/2U o AT log (200, AT /0)

Therefore, with probability at least 1 — 9, we have

Regi™ 098 < 4 / % log 4T /8 + 41/2T 10g 4T /6 + 2V/T
+(1+v2) (\/160|P§m(D)|Tlog AT /5

—+ \/qutotAT log QO\I/tOtAT/(S)

Proof of Theorem 12

Let us define the following notation that is used throughout proof of Theorem 12:

pk(|¢7 ) [pk<¢ |¢ )]1/1’6\11+ (i)
sz(wja ) [pk(¢ W} )]w’ellﬁ' (,3)
P([,0) = [p(&' [, )] e (pa)

Fio= |Bew)]
ey,

for any [ = 0, ..., m. We need to define the event By, as the event that reward and transition

probability estimates achieve the confidence levels. Formally, it is defined as
By ={¢ eV, acA:|r(e,) =7, )] < confyy(a, )}
N{YeVv, iciecD)\dom(v):

1P(J,i) = Pr(-Jy, i)l < confop(d,4)}.

Note that when event B, happens, we have Fy k(Yo) > F§ (). Let \I/+ denote the set of

realizations in phase [ under policy 7. Therefore, W = denotes the set of terminal realizations
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under policy 7. Let pg(¢/'|1), i) denote the optimistic observation transition probabilities from

state ¢ to ¢’ by observation ¢ (the maximizer of the optimization problem given in (5.5)).

Step 1 (Regret Decomposition) : We can show by following the same as the step 1
of the proof of Theorem 11 that regret of the Seq-OOS can be decomposed as

T m—1
Reg?eq-OOS TF* wo [Z (7} CT)]

=358 vkl ) [Fy (o) — pla, )]
k=1 ac A eV
+ Z Z NT<CL7 Tﬁ)f(@a l/)) - Z Tt
acA PeET t=1
= Z YD vila ) [F5 (vo) — pla )] L(By) (5.15)
k=1 ac A eV
+ Z SN wila,w) [Fy () — pla, ) 1(By)
k=1 ac A eV
+ Z Z NT(aa w)f(av 77/1) - Z Ty
aEAPEY t=1

Equation (5.15) can be bounded and decomposed as

ZZZ% ) [Fy (o) — pa(a, )] 1(By,)

k=1 ac A eV

< Zzzyk [FUk o) — fig(a, )| I(By) (5.16)

k=1 acAype¥

£330 vila, ) [ula ) — (a, )] 1(By). (5.17)

k=1 ac Aye¥

We can further decompose equation (5.16). Observe that vg(-,-) is non zero only for

partial state-action pairs of the form (ﬁk(w) ¥)ypey+ - Therefore, we can rewrite equation

7\'k m
(5.16) as
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S5 S ) [Foat) = o] 150

k=1 ac A eV
= Z Z ) (Fo(Wo) = il (), ) ) 1(By)

:Z _Z (FOk (¢0) — (P (W), ¢mt)> I(By) (5.18)

We also have Fj,(¢) = Qui(1, Ge(1)) for all ¢ € ¥y and [ = 0,...,m — 1 and F}, ,(¢)) =

F(hi(¥),¥) = falhp(), ) + > icdom(y) Ci by their definitions. Therefore, we can rewrite
equation (5.17) as

tp+1—1

]~

(Foslt) = il (e, ¥m) ) L(BY)

T

1 t=tg

=1 t=ty

tpp1—1

(Q()k Yo, G (10)) — Frnk (it

m—1
+ Z C@k(d)l,t)) ]I(Bk)
1=0
tht1—1m—1 R
_ (Ql,k(wl,h Ge(Yre))

- Fl,’ﬂ(¢l+1,t> + Cék(wz,t)) I(By).

By definition, we have

Quii) = > @, ) Fip(@) — ¢ (5.19)

YeVt (i)
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Then,

tgr1—1m—1

5 3 (Qutinautin)

t=t) 1=0

- Fl,k(d’l—l—l,t) + Cgk(wl,t)>1[(8k>

tkr1—1m—1

= Z«Pk('Wl,t,ﬁk(%t)) — €hirs)s Fy)1(By)

_ >l D(Peli)

1=0 €W, ieD\dom(z)

— P(-[¢,4)), F)I(By)
thtr1—1m—1

+ Z Z WJ”’gk "/}lt)) - e¢l+1,t)aﬁ‘l,k>]1(8k)'

t=ty =

Therefore, regret can be decomposed as

I
5 ; > e 0. - Z (5.20)
+ 2 3 5 e )3 ) )N 5.21)
N fZA 5 e ). 0) B (5.22)
YT @ Palend

Ll 2

— P(-[¢),4)), Fy)1(By) (5.23)

— egn)s Fru)I(By). (5.24)

Step 2 (Regret due to randomness of the rewards) : We can show by following

the same as the step 2 of the proof of Theorem 11 that equation (5.8) with probability 1 — 2-

107



as

Nr(a, )7 ( Ty < lo (4T/9).
o AR

t=1

Step 3 (Regret due to Violation of Confidence Intervals) : The equation (5.21)
can be bounded by

Z Z Z vi(a, ) (Fy (tho) — pa,v))L(By)

k=1 ac A eV
T
<VT+ > ((ﬁt,ﬁt) ¢ (Pt,Rt)) .
t=|T/4 |41

where Pr ((131;, R) ¢ (Pt,Rt)> < 2. Therefore, following the same steps as the Step 3 of
proof of Theorem 11, with probability at least 1 — ﬁ

ZZZ% )(Fy (o) — pula, )I(By) < 2VT.

k=1 acAye¥

Step4 (Regret due to estimation error of transition probabilities): Define a

constant Z = \/160\I/maX log (4DWT/0). We can show that

<1+v2zY Y Y VN

1=0 ¥€¥; ieD\dom(v))

b
< (14 V2)\/160mDW 1,0 Wi T log (4D W T/6)

where (a) follows from Lemma 15 and (b) from Jensen’s inequality since Y g D icpug N (¥, 1) =
mT.

Step 5 (Regret due to randomness due to transition probabilities) We define

Xig = (PC1Ywe (i) — €py i) Flk WI(Bg)). Observe that ||Fl,k(t)||oo < 2 since
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7i(a, 1) < 1 for each partial state- action pair and confidence levels are than 1. Therefore,

forany l =0,1,...,m — 1,
X = (||p<-|¢z,t,gk<wl,t>>||l

T llew v ||1) 1B ko oL B) < 4.

By Azuma-Hoeffding bound and following the same steps as the Step 5 of proof of Theorem
1, with probability 1 — -2

K tpr1i—1m—1 A
SN AP Gu(this) = eysy,), Fra)I(Br)
k=1 t=tx 1=0

Step 6(Regret due to estimation error of rewards) Following the same steps as

the Step 6 of proof of Theorem 11, equation 5.20 can be bounded as

(]_ + \/§) \/2\I/t0tAT log (20\I/totAT/6>

Therefore,

T
Reg 008 < 5 log (47//6) + 2T + 4m+/2T log (4T/9)

+ (1 4+ v2)y/160mDV 0, U, T log (4D, T/6)

+ (1 + V2)1/100 o AT log (200, AT/6).

5.7 Appendices

5.7.1 Probability of Confidence Intervals Violation for Sim-OOS

Let P, = (Pt(¥)) yey and R, = (71(a,1)) yey denote the observation/transition probability
estimates and mean reward estimates at time t. The following lemma bounds the probability
of (P, R) to be in the plausible set of observation/transition probability and mean rewards

using the estimates at time ¢.
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Lemma 12. For anyt > 1, if we set conf(n,t) = min (1, w) and confy(n,t) =

2max(1,n)

min (1, \/log(loqjt”t log(4t/6))>, the probability that (13,5, IAit) 15 not contained in the plausible set

max(1,n)

(P, Ry) at time t is

~ = 5
(P R) ) < o2
Proof.
Pr((PyR.) ¢ (PR
<Y Pr(|r(a,v) — i(a, ¢)| > confy(a, v))
acAYeV
2 P S ) - @) 2 conty(T)
ZeP<m(D) PevH(I)
a 20 ) )
< < —
<20 20U A | 1065 55
acAPeV
where confy4(Z) = \/ 10\1’““ log 4t/ 9) > \/ 21°g$$’“1°'°§fmtt5/ 9 and
S| ST Ip) — )] > conty (D)
ZeP<m(D) PevH(I)
< Y P ( S Ib(e) - pule)
TEP<m (D) Yevt(I)
> 2 10g<10\1[t0t2qjt°tt5/5)
- max (1, Ny(Z))
b ) )
< < 5.26
- Z SWt® — 1085 ( )
Iepgm(D)
where (b) follows from Lemma 14. O

5.7.2 Probability of Confidence Intervals Violation for Seq-OOS

Let P, = (P (V' Y,1)) ey iep and R, = (7¢(a,¥)) g denote the observation/transition
probability estimates and mean reward estimates at time ¢. The following lemma bounds
the probability of (P, R) to be in the plausible set of observation/transition probability and

mean rewards using the estimates at time t¢.
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Lemma 13. For anyt > 1, if we set conf;(n,t) = min (1, %) and confy(n,t) =

min (1, \/ log(loq’m;’l‘;fa(f)\y totD/ 6”), the probability that (ﬁt, }Alt) is not contained in the plau-
sible set (P, R¢) at time t is

Pr((Py, R:) ¢ (Pi,Ri)) < ——. (5.27)

Proof.

Pr((PoRi) ¢ (PuR)
< Z Z Pr (|7(a,v) — 7(a,v)| > confy(a,v))

acAPeV

2 Z()m( S I wni) = pilv/ )

YEW ieD\dom (v P eVt (1)

> confy (1), z))

= Z Z d = d
5T 10m S0
gy et 2OlI/tOtAt 10t 5t

S\ 10\Ilmax log 4\I/tDtDt/5 210g 10\IJtOtD2‘I’maxt5/§
where confy (¢, 1) = \/ N T) > i (LN, (0.0) and

> % v X e - vl

eV ieD\dom(v) W EU+(1,9)

> confy (1), z))

<X Y n( X wehi - s

YeV ieD\dom()) P et (i)

o [2108(10¥,0, 2% DI /0)
- max (1, NV (v, 1)) )

o o
< < 0.28
2. 2 (100, D = 1067 (5.28)
YeW jeD\dom (¢
where (b) follows from Lemma 14. O
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5.7.3 L, deviation of true and empirical distributions

Let A denote the finite set {1,2,...,a}. For two probability distributions P and Q on A,

let
[P —Qlh= Z |P(i) — Qi)

denote L, distance between P and Q. For a sequence " = xq,...,z, € A", let P be the

empirical probability distribution on A defined by
P() = 23 1w = 5
i) =5 2w =)

Lemma 14. [WO0S03] Let P be a probability distribution on the set A ={1,2,...,a}. Let
X"=X,X,,..., X, be i.i.d. random variables according to P. Then, for all ¢ > 0,

Pr(|P — P| >¢) < (2¢ —2)e <2, (5.29)

5.7.4 Summation bound

Lemma 15. [JOA10] For any sequence of numbers zy,...,z, with 0 < 2z, < Zp_1 =

max <1, Zf;ll z,) ,

3

;’“ < (V2+1)VZ, (5.30)

k=1
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CHAPTER 6

Sequential Patient Allocation for Randomized

Controlled Trials

6.1 Introduction

It is very rare that a clinician can understand/determine whether an treatment has a clinically
relevant effect. Given uncertain knowledge about the disease and large variations in the
patients’ outcomes, it is often very challenging to say that an treatment has an effect on the
basis of observational /case-control study. Randomized Controlled Trials (RCTs) are the gold
standard for comparing the effect and value of treatment(s) because there exists a control

group that is comparable to the treatment group in every possible way except the treatment.

An treatment goes through phase I-III of clinical research before it is accepted and
implemented. Figure 6.1 summarizes the stages of RCTs. Phase I trials attempt to estimate
tolerability and characterize pharmacokinetics and pharmacodynamics with participants of
healthy volunteers. Phase II clinical trials attempt to determine the maximum tolerated
dose that is the dose in which an adverse event occurs. In this paper, we focus on Phase
III clinical trials that aim to determine the efficacy of the treatment with respect to control
action. In the most of clinical trials, the designers are interested in answering the question
of 7 In population W is drug A at daily dose X more efficacious in improving Z by @) amount
over a period of time T than drug B at daily dose Y [FFD98|. Table 6.1 shows the sample
size of the trial, treatment evaluated on the trial, primary outcome used to evaluate the
treatment action and result summary of the trial. As seen from the Table 6.1, the sample
size of trials are ranging from 1000 to 4000, the type of outcomes are ranging from binary

to time to event. Table 6.1 also shows that some of treatments are effective only on the
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Figure 6.1: Stages of Clinical Trials

subgroups of the patients, not on the entire target population. The existing trials recruit
patients from target population and uniformly randomly assign the patients to treatment
groups. However, as we show later in the paper, this becomes very suboptimal as the
heterogeneity of the patients increases. We propose a novel way of recruiting patients in

adaptive way based on observations already made.

In this paper, we propose two different optimization criteria to design RCTs: average
treatment effect estimation and efficacious treatment identification. The first criteria is to
minimize the estimation error of subgroup-level treatment effect defined as the difference
between the expected primary outcome of treatment and control action. We show that the
optimal approach is to allocate the patients into treatment and control groups proportional
to standard deviation of primary outcomes. Hence, the existing repeated fair coin tossing
approach is only optimal if the standard deviations of the treatment and control group is
the same. It is very unlikely that these groups have the same variations. Even if they did,
it is impossible to verify that before the clinical trial has started. The second criteria is to
minimize the convex combination of the type-I and type-II error of identifying the subgroups
in which treatment action is efficacious with respect to control action. The optimal policy
in this case depends both on the mean and standard deviation of primary outcomes of both
treatment and control action and is more complicated. The parameters, hence the standard
deviation, of the primary outcome distribution is unknown a priori. Hence, a learning
algorithm is required to estimate the parameters and allocate the patients to treatment

groups in adaptive way.

We model the RCT design as a finite stage MDP. The designer recruits N patients over

K steps in order to optimize the learning criteria described above. We define the state
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Study Size | Treatment Primary Outcome Result

[Gro01] 3640 | Supplement of vita- | whether AMD event happened | significant reduction for the development of

mins or not AMD event

[CBMO04] | 4162 | Statin Time to adverse event (death | results consistent among the subgroups (no im-
or stroke) provements)

[HWB99] 838 Red cell transfusion 30 days mortality effective among the patients with Apache 2

score less than equal to 20 and age less than

55

[ROP12] 1272 | Use of fingolimod brain volume loss subgroup analysis showed that it was effective

for a subgroup

Table 6.1: RCT Examples in the Literature

vector as the parameters of the posterior distributions of the treatment and control actions,
the transition function as the Bayes update of the parameters and single stage rewards as
the improvements on the learning criteria by taking an allocation action. Unfortunately,
the Dynamic Programming (DP) solution to solve the MDP is computationally intractable
because of the large state and action space. Therefore, we propose Optimistic Knowledge
Gradient (Opt-KG), computationally tractable, a greedy, and approximate solution to K-

step MDP to achieve more plausible learning power.

Experiments are conducted in a synthetic dataset inspired by real RCTs with Bernoulli
and Exponential outcome setting. We show that (i) Opt-KG achieves significant improve-
ments in the mis-classification errors, (ii) achieves the same confidence levels with existing
approaches in RCTs in lesser patient budget when the objective is to identify the efficacy
of the treatment. When the objective is learning the subgroup level treatment effects, we
show that the Opt-KG algorithm achieves significant improvement with respect to existing

approaches in RCTs especially when the standard deviations of treatment outcomes differs.

The main contribution of the paper is three folds: (1) we formulate the RCT design
problem as a finite stage MDP, and provide an optimal solution via DP, (2) we show an
approximate, computationally tractable solution, Optimistic Knowledge Gradient (Opt-KG),
(3) our framework can be used with various optimization criteria; including treatment effect

estimation and identifying efficacious treatments.
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6.2 Related Work

The most commonly used procedure to allocate patients into treatment and control group
is "repeated fair coin-tossing”. The main drawback is the possibility of imbalanced group
sizes in RCTs with small patient budget [FFD98]. Hence, decision-makers follow a restricted
procedure in which probability of assigning a patient to underrepresented group is increased,
see blocked randomization [LMW88] and adaptive bias-coin randomization [SG02]. A less
frequently used procedure is covariate-adaptive randomization in which patients are assigned

to treatment groups to minimize covariate imbalance [MHS12].

The most similar existing approach to ours is response adaptive randomization in which
the probability of being assigned to a treatment group increases if responses of prior pa-
tients in that particular group is favorable [HR06b]. This randomization approach takes
the patient’s benefit into account. The Multi-Armed Bandits (MABs) are mathematical
decision framework for resource (patient) allocation to maximize the cumulative outcomes
(patient benefit) [ACF02¢, GGW11,AG12b]. [VBW15] shows that MABs achieve cumulative
outcomes (patient benefit) but poor learning performance as they allocate most of the re-
sources (patients) to favorable actions (treatments). Hence, [VBW15] proposes a variation
on MAB algorithms that allocate patients to control action at times to overcome this issue
of low learning performance. In our paper, we mainly focus on learning performance, not
the patient benefit because the most of the RCTs aim to test the hypothesis of new drug

being more efficacious than the control action [FFD9S].

In this chapter, we provide a Bayesian approach to RCT design and model it as a fi-
nite stage MDP. The optimal patient allocation policy can be obtained via the Dynamic
Programming (DP) that is computationally intractable for large size problems. The Gittins
Index [GGW11, Whi80] provides an (optimal) closed form solution to the MDP, however, is

again computationally intractable.

Knowledge Gradient(KG) policies provide an approximate, greedy approach to the MDP.
Since the action space, containing all possible allocation choices, is very large, the KG policies

are not either computationally tractable. Additionally, the KG mostly focus on multivariate
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normal priors for the measurements [FPD08, FPD09]. In this paper, we provide a variation

of the Opt-KG policies [CLZ13], to handle large action space.

6.3 Randomized Clinical Trial (RCT) Design

In this section, we describe the statistical model for RCTs. Our model for RCTs constitute
three components: patient subgroups, treatments, treatment outcome. Define W as patient
population and X as the set of discrete partition on W with |X| = X. Let Y = {0,1} be
the action space and 0 indicating control action, 1 indicating treatment action and Z be the
(bounded) outcome space, with zpy, and zp.x being the minimum and maximum outcome.
Our goal in this paper is to recruit N patients over a period of T" observing each outcome in
Tops period (having K = T'/Typs steps) (i) to estimate the subgroup-level treatment effects,

(ii) to identify efficacious treatments for the subgroups.

We model the treatment outcome distribution belonging to exponential family. In the
next subsection, we give a brief description of the exponential family and Jeffrey’s prior on

their parameters.

6.3.1 Exponential Families and Jeffrey’s Prior

Define Z, © as a general sample space and general parameter space, respectively. Define
G:Z — Randh: Z — R. The single parameter exponential family with sufficient statistic
G and parametrization 6, relative to h is dominated family of distributions by the following

densities with respect to A

p(2|0) = ©(0)h(2) exp(0G(2))

where ®(6) is uniquely determined by [ p(z|0)dA(z) = 1 hence

o(9) = ( /_ : h(z) exp(@G(z))d)\(z)) o

It is usually written as

p(=19) = h(z) exp(6G(2) — F(9))
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where F(0) = —log ®(0). Expectation and variance of the sufficient statistics can be ex-

pressed with respect to derivatives of the normalization function, i.e.,
F'(§) =Ez49[G(Z)], F"(0) = Vargy [G(Z)] .

Different choices of these functions generates a different probability density. Choosing h(z) =
1,0 =1In ﬁ, G(z) = z generates a Bernoulli distribution with p. Some other examples of

exponential family distribution are poison, and exponential distributions.

In this paper, we’ll put a Bayesian ”"non-informative” prior, which is invariant under re-
parametrization of the parameter space. We use the Jeffrey’s prior, that is proportional to
square root of the Fisher information I(6). In the case of the exponential family, the Fisher
information is the second derivative of the normalization function, i.e., I(8) = /F”(9).
Under the Jeffrey’s prior, the posterior on the parameter ¢ after n observation is given by

n
p(0)z1, ..., zn) < /F"(0) exp <6’Z G(z) — nF(é’)) .
i=1
Given n outcomes (z1, 22,...,2,), we can summarize the information needed for the pos-
terior distribution is s = [sq, s1] = [>__, G(2;),n]. Then, the posterior is proportional to

F"(0) exp (0sg — s1F(60)).

6.3.2 MDP Model for RCT Design

In this subsection, we model the RCT design problem as a finite step in discounted MDP.
A finite step MDP consists of number of steps, a state space, an action space, transition

dynamics, a reward function. We need to define all the components of the MDP.

Let (2, F,P) be a probability space. As noted above, denote X', ), Z as the set of
subgroups of the patients, treatment set, and outcome set. Let 8,, be the true parameter
for subgroup x and treatment y. The value indicating the success of treatment action y on
patient subgroup z is referred to as treatment outcome and assume to be drawn according
to exponential family distribution, i.e., Z ~ p(:|0,,). Define u(6,,) denote true outcome
of the treatment y on subgroup z, i.e., u(f) = F'(0) = Ez4y[G(Z)] and treatment effect

to be E(6y,0,1) = F'(01) — F'(0y) for the parameters 6, and 0, so that treatment effect on
118



subgroup z is given by E(f..,01.). We are given a budget of N patients to be recruited in
K steps. At time step k, the designer decides to recruit Mj, patients ug(z,y) of whom are
from subgroup x and assigned to treatment y where

Z Z ue(z,y) = M.

zEX yey
Having made a decision Uy = {ux(z,y)}, the designer observes the outcomes W, =
{Wi(z,y) = Z;Li({”y) G(Z;) : Z; ~ P(-|8,,)}. Denote My, = S5~} My as the number of pa-
tients recruited in the previous k decision time. Define the filtration (]—"k)kK:O by letting F* to
be the sigma-algebra generated by the past decisions and observations {U°, W°, U* W' ... U =l Wk_l}.
We'll define Ej, [-] to indicate E [-|F*] and Vary [] to indicate Var [-|F*]. Allocation deci-
sions are restricted to be F*-measurable so that decisions depend only on measurements and

decisions made in the past.

We’ll use the Bayes rule to form a sequence of posterior predictive distributions for

F'(0y,) from prior and successive measurements. Let pul = Ej[F'(0,,)] posterior mean
outcome statistics and 0% = Vary (F'(6,,,)) be the posterior variance of the parameter of
subgroup x and treatment y. Based on these definitions above, the posterior mean and
variance of subgroup-level treatment effect are given by E¥(x) = pf, — pf | and of(z) =
(0’;70)2 + (0’;71)2, respectively. Define the average treatment effect (ate) as the difference
between the outcome of treatment and control action in a target population statistic, that

is, E;;Op = ex w, E*(x) where w, is the proportion of target population with subgroup z.

The state space is the space of all possible distributions under consideration for {6,,}.
Let S* denote state matriz of shape 2X x 2 that contains the hyper-parameters of posterior
distribution of the outcomes for both treatment and control actions for all (z,y) € X x Y

in the kth decision time. Define S* to be the all possible states at nth stage, that is,

St ={8" = st 1|+ Myymin < 50— 5%, 0 < MiYimas,

0< sk sO < My, Y(z,y)}

zy,l — Czy,l

Our action space in decision time k is the set of all possible pairs of (My,Uy) with

M, < N — M;_; and Z%y ug(x,y) = M. Taking an action ay = (My, Uy) means recruiting
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M, patients ug(x,y) of whom are from subgroup x and assigned to treatment y. Fix the
decision stage as k. When the designer selects one of the actions, we use the Bayes rule to
update the distribution of 6,, conditioned on F* based on outcome observations of W,
obtaining a posterior distribution conditioned on F**!. Thus, our posterior distribution for
0., is proportional to \/F"(0) exp (0sk  , — F(0)sk  ,). The parameters of the posterior
distribution can be written as a function of s* and W,. Define S¥! = P(sk,&k, W)
as the transition function given observed treatment outcome Z;, and P(S*™|S* a;) as the
posterior state transition probabilities conditioned on the filtration in decision time k. Having
taken an allocation action ay = (M, U}), the state transition probabilities can be given by:
S — gk 4 [Wk, Uk} with posterior predictive probability p(W|s*) where
PWis)= [ PV(z.y)lsey)

(z,y)EX XY
(z,y)
P(W|s,,) = / Pl ) G(z) zw'e P(6)s,.,) df
IS j=1

Our objective is to minimize the weighted expected mean-squared error. The expected

mean-squared error of the average treatment effect of subgroup z is given by

- iE [(luf:,y -k [:ul;,y})ﬂ - io (‘75,1/)2 :

y=0 Yy
For a state s = (&, w), the action space is the set of pairs of (m,u) with m is less than

equal to patient budget left, and elements in w4 summing up to m, that is given by
A(s) ={(m,u): 1 <m < N —1"a1,1"ul = m}

We define the reward function as the decrease on the mean-squared error by taking an

action a in state s. The reward function R : S x A — R is then given by

R(s,a) = Z w,E [mse”(z) — mse* " (z)

zeEX

s,a}

where expectation is taken with respect to outcome distribution of treatment and control

actions under state vector s. An allocation policy is a mapping from state space to action
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space, prescribing the number of patients to recruit from each subgroup and how to assign
them to treatment groups, that is 7 : & — A. The value function of a policy 7 starting from
state of 8 is given by

V(8% = B(8°) = Y E" [w,(ok,)’]
(

z,y)

=Y E" [R(S", A4)] (6.1)

=0

where B(S") = > _, w,mse’(z) and the expectation is taken with respect to allocation

policy . Our learning problem is K-stage of MDP with tuple:
{T{S"}.{A(s)}, P(S", ar, W), R(S", ax) }
and our goal is to solve the following optimization problem:
maximize, E™ [R(S", 7(S"))]

subject to Vn : m(S,) € A(S,)

In the next subsection, we propose a Dynamic Programming (DP) approach for solving

the K-stage MDP defined above.

6.3.3 Dynamic Programming (DP) solution

In the dynamic programming approach, the value function is defined as the optimal value
function given a particular state S* at a particular stage k, and may be determined recur-
sively through Bellman’s equation. If the value function can be computed efficiently, the
optimal policy can also be computed from it. The optimal value function at the terminal

stage K — 1 (the stage in which last patient is recruited) is given by:

VEl(s) = R
(s) nax (s,a)

The dynamic programing principle tells us that the loss function at other indices 0 < n <
K — 1 is given recursively by
Q*(s,a) = B, [V*(P(s,a, W))]

Vk(s) = MaXge A(s) Qk<sa CL)
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where the expectation is taken with respect to randomness of the cumulative treatment
outcomes W. The dynamic programming principle tells us that any policy that satisfies the
following is optimal: Aj = argmax,c 4gr) = Q*(S*,a).

It is computationally intractable to solve the DP because (i) the state space contains all
possible distributions under consideration, hence very large, (ii) the value and @ functions

need to be re-computed each step the state vector is updated.

In the rest of the paper, we show an (approximate) solution to the case in which the
number of the patients to recruit in each step is fixed and determined by the designer
initially. However, we show in the experiments that choosing m can have a large impact
on the performance. We propose a greedy solution to solve the MDP approximately in
computationally tractable way. Our proposed solution, Opt-KG, computes the maximum
one -stage reward that can be obtained by taking each action a € A, and then selects the

action with the maximum one-stage reward

6.4 A greedy solution for fixed recruitment: Optimistic Knowl-

edge Gradient (Opt-KG)

In the rest of the paper, we focus on the setting where the number of patients to recruit is
fixed and equal to M = T /K. Then, the allocation decision is all possible recruitments and

treatment assignments of M patients. The action set is

A= {u:;;u@,y) :M}.

M+2X—-1

and size of this action set is | A| = ( 29X 1

). The Rand-KG algorithm computes an expected
improvement in the terminal value function by taking an action a € A. We can write the
value function at terminal stage can be decomposed into improvements in the value function,

that is,
VK(SK) — [VK<SK) o VK(SKfl)}
F o4 [VE(SMY — VE(SH)] + VE (S
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The Knowledge Gradient (KG) is the policy that selects the action that will make the

maximum improvements in the value function at each instance, that is,

AKC(s) = arg mj(x) Ey, [VE(P(s,a,W)) = VE(s)]
acA(s

— arg max / VK (P(s, 0, w))P(w]|S") dw
ac S w

As seen from above, computing the KG policy requires computing the posterior pre-
dictive distribution and posterior expectation integral for each action in A. This is also
computationally expensive procedure since the action space is in the order of O (M 2X *1).
That is why we focus on the Optimistic Knowledge Gradient (Opt-KG) Algorithm that com-
putes optimistic improvements in the value functions. Algorithm 8 shows a tractable way
of computing the optimistic functions. At each iteration m, the procedure computes the
maximum improvement in the value function by an additional sample from the pair (z,y)

and increments that index by 1. The complexity of computing A9?"~K%(s) is O(M X)

At each decision step k, the algorithm computes the best action using the procedure in
Algorithm 8 and recruits the patients accordingly. At the end of decision step, the state
vector is updated based on treatment outcome observations. When the patient budget is
exhausted, our algorithm outputs the subgroup-level treatment effect and average treatment

effect for whole population. At the terminal stage K, ATE for the subgroup x is given by
Ef(z) = E [F'(0)|S5,] — E [F'(0)|Sz4] .
and ATE for whole population is given by

Ezﬁp - Z w, " (z)

reX

where w, is the proportion of the population with subgroup x. The pseudo-code for the

Opt-KG is given in Algorithm 9.

6.5 Extension to Treatment Efficacy Identification in RCTs

In this section, we modify our problem to identify the subgroups in which the treat action

is effective with respect to control action. Efficacy of treat action with respect to control
123



Algorithm 8 Optimistic Action Computation

Input : Current state vector: s
Set optimal action u* =0
form=1,...,M do
for (z,y) € X x )Y do
Set 81 = P(s,u*, u*2paz)
Set 8o = P(s,u*, u*zmin)
Set w = u* + 1,
Compute v; = VE(P(s, @, Wymaz)) — VE(81)
Compute vy = VE(P(s, @, Wypmin)) — VE(82)
Compute ¢(x,y) = max(vy, vo).
end for
Compute (z*,y*) = argmax, , ¢(z,y).
Update w* = u* + 1(p« ).
end for

Return A9P-KC(g) = u*.

Algorithm 9 The Opt-KG Algorithm for ATE Estimation

Input : {w,}, K, S°

for k=1,...,K do
Compute Uj = AP~KG(8%) using Algorithm 1.
Recruit the patients based on U7, observe cumulative treatment outcome W7.
Update S*™ = 8% + (U}, W7).

end for

Compute pf, =E [F’(G)]S’f,y}

Compute the treatment effect B (x) = plf; — .

Compute ATE as EX =3 _w, E¥(x).

Output : {EX(2)}, E .

124



action is defined as the indicator in which treat outcome is 7-percent better than control

outcome, that is,

1 if [14(02,0) —1(02,1)] > T
I/(Q’}) = M(Gz,o) -
0 if otherwise

We define the positive set H* = {x € X' : v(z) = 1} as the set of subgroups in which treat
action is effective and H* = X \ H* as set of subgroups in which treat action is ineffective.
In this setting, the output is an estimated set of subgroups in which treat action is effective
with respect to control action, that is, H%. Define HX as the set of subgroups in which treat
action is estimated to be ineffective. We call any subgroup x € H* as the effective subgroup
and any subgroup x € H¥ as estimated effective subgroup. There are typically two types
of errors: type-I error in which an actual effective subgroup is found to be ineffective and
type-II error in which an actual ineffective subgroup is found to effective when the patient
budget is exhausted. The formal definitions for type-I and type-II errors are given by:

ef =Y 1(xeM)1(xgHY)

zeX

65221@%7—[*)1@6%}()

zeX

The total error is the convex combination of type-I and type-II error and is given by:
el = Xeff + (1 — N)ek where A € (0,1) is the tradeoff parameter between type-I and type-II
error. This is a parameter that is selected by the designer based on the actual costs of Type-I
and Type-II errors. Selecting a large A\ will potentially decrease the Type-I error but increase
the Type-II error. Selecting a small A will do the opposite changes in Type-1 and Type-II

errors.

Based on the outcome distributions at a terminal stage, our objective is to identify the

subgroups in which treatment action is efficacious with respect to control action. We can
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formally define our objective as:

Hi = argm}}nZE[/\l(x ¢ H)l(z € H")

reX

+(1=XMN1l(x € H)l(x & H)

Fr (6.2)

The optimization problem stated above can be solved by a naive way of iterating all
possible H. However, this solution will be exponential in the number of patient subgroups.
We show a solution to (6.2) that is linear in the number of patient subgroups. Before we
present the solution to (6.2), we define the posterior probability on the treatment efficacy at
decision stage k as P¥, This is the probability that efficacy is 1 conditional on 6,4 and 6, ,

drawn according to posterior distributions. Formally,

Pr=pP M > T 00~P5|5,.0,0,52,0,1
; M(QO) B 01NP3|SZ,1,0151,1,1 ’

This is the probability that treatment action is 7-percent effective with respect to control

action given the posterior probabilities of Sf:,y.

A simple solution to (6.2) is Hx = {x € X : PX > 1 — \}. Define g as
g ) =21 —-2)l(z>1=X)+ (1 =Nzl(x <1-N).

Then, the total error can be written as eX =" _, g(PX). where B(8%) =3 _, 9(P?). To
complete our MDP formulation, define the reward function R(s,a) as the decrease in the

error by taking an allocation action a in state s, that is,

R(s,a) =E[g(P;; ) — g(PytN)

s, a] .
The value function of a policy 7 starting from S is then given by:

V(8% = B(S°) = Y E" [g(P))]

reX

=E" [R(S*, ay)] .

where B(S%) = > _, g(P?) and the expectation is taken with respect to allocation policy

7. Our learning problem can then be modified to use new reward functions.
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We can then modify the DP, and the OPT-KG algorithm for this new reward definition.
At the end of the allocation, the subgroups in which the treatment action is efficacious with

respect to control action can be determined by Hx = {z € X : PX > 1 - \}.

6.6 Experiments

In our experiments, we use two different types of primary outcomes: time to adverse event
(Exponential distribution) and an indicator for an adverse event (Bernoulli distribution).
An example for the Exponential outcome is clinical study in [CBM04]. In this study, 4162
patients who had been hospitalized for an acute coronary syndrome within the preceding
10 days are recruited. The treatments of 40 mg of pravastatin daily (control action) and
80 mg of atorvastatin daily (treatment action) are compared with respect to the primary
outcome of death from any cause. An example for the Bernoulli outcome case is clinical study
n [HWB99]. In this study, 838 critically ill patients are recruited and randomly assigned
to restrictive strategy and liberal strategy of transfusion. The primary outcome of 30-day

mortality is used to evaluate these two strategies.

We use the exponential outcomes with the treatment and control actions without sub-
groups in the first simulation setting and Bernoulli outcomes with treatment and control
action with 4 subgroups. In all the experiments below, we assume 100 patients are re-
cruited in each step. We generate 1000 different experiments and report the average per-

formance metrics. We report the Root Mean Squared Error (RMSE), that is rmse =

\/ 000 21000 EK E;)? in the first simulation setting and type-I, type-II and total error

rate, that is,

S S Lo € 7)1 (5 £ )
S S 1 (x € )
S S Lo £ )1 (5 € 1)
SRRYEERT

err; =

€ITy =
(6.3)

and total error rate is 1- accuracy.
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Figure 6.2: Error Comparisons with Benchmarks

We compare our algorithm with Uniform Allocation (UA), aka repeated fair coin toss-
ing, that uniformly randomly recruits the patients from subgroups and uniformly assigns
the patients to treatment groups, and Thompson Sampling (TS) [AG12b] that draws the
parameters of the outcomes for each action and then selects the action with the maximum

sample.

6.6.1 Results on Treatment Efficacy Identification

In this subsection, we perform experiments on Treatment efficacy identification problem. In
this first experiment, we assume 2 subgroups with 6,9 = 0.5 for all x € {0,1}, and 6, ; = 0.7
and vary 0y ; from 0.51 to 0.6. Our goal is to identify the best treatment for each subgroup.
In this setting, classifying the subgroup 0 is more challenging than classifying subgroup 1.
As seen from the Figure 6.3, our algorithm outperforms the uniform allocation in the cases
when the gap between treatment and control among the subgroups is different from each
other. This is improvement is achieved by sampling more from the subgroups in which the

gap is smaller.

In the rest of the experiments on this subsection, we assume 4 different subgroups with
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Figure 6.3: Total error rates for different parameter

0,0 = 0.5 for all x € X, and {0,:} = (0.3,0.45,0.55,0.7). Our goal is to identify the
subgroups in with treatment action is more efficient than the control action. We use this
setting because there are 2 subgroups in which treatment action is inefficient and 2 subgroups
in which treatment action is efficient and some subgroups are easier to classify than others.
For example, subgroup 1 is easier to classify than subgroup 3. In the second experiment, we
show the Type-I, Type-II and total error of the Opt-KG, TS and UA algorithms for different
patient budget. As seen from Figure 6.2, Opt-KG significantly outperforms the UA and
TS algorithm for all budgets. We note that UA outperforms the TS algorithm when the
patient budget is large. This is because TS aims to maximize the patient benefit, not the
learning performance. Hence, it allocates all the patients to better treatment, and eventually

estimates the action with lower performance poorly.

In the third experiment, Figure 6.4 shows the trade-off between the Type-I and Type-II
errors. As seen from the Figure 6.4, Type-I error of the Opt-KG algorithm decreases with
A, and Type-II error of the Opt-KG increases with A\. Therefore, investigators can achieve

trade-offs between the errors by setting \.

The next experiment shows the performance of the OPT-KG algorithm in the case when

m patients are recruited sequentially till the patient budget of 500. As shown from the Table

6.2, the error of the Opt-KG increases with m. When m = 250 patients are recruited in one

time, the Opt-KG only adapts the allocation policy in the second 250 patients and hence
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Figure 6.4: Tradeoffs between Type-1 and Type-II errors

has larger error.

m 10 25 20 100 250

Opt-KG | 0.1209 | 0.1245 | 0.1281 | 0.1292 | 0.1411

UA 0.1484 | 0.1484 | 0.1484 | 0.1484 | 0.1484

Table 6.2: Error Metric for different patient m

In the experiment, we illustrate the importance of the informative prior on patient recruit-
ment in RCTs. We generate informative priors by sampling 10 patients from each subgroup
and treatment group (without using from the patient budget). As seen from the Table 6.3,
our improvement with respect to Uniform Allocation is larger in the case of informative
prior. The informative prior is useful for the Opt-KG in two ways: (i) the informative prior
helps the Opt-KG to make more informed decisions on patient recruitment in the first steps,
(i) the informative prior helps the Opt-KG to focus more on the subgroups with smaller
gaps.

In the experiment, we show a slightly different result. As in the previous steps, we assume
that 100 patients are recruited in each step. And the trial runs until a confidence level is
reached, that is % Y sex 9(P) < B for some confidence level 3. As seen from Table IV, the

Opt-KG recruits less number of patients than the UA to achieve the same confidence level.
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Budget 200 200 1000

Non-informative | 0.0429 | 0.1151 | 0.2813

Informative 0.0748 | 0.1349 | 0.3263

Table 6.3: Improvement score for different budgets

we show the number of patients recruited by Opt-KG and uniform allocation until
+ > sex 9(PF) < B. In this experiment, we again use the Bernoulli outcome model and
report the average number of patients who are recruited by Opt-KG and UA for different
values of 5. As seen from Table 6.4, the UA achieves the same confidence level as Opt-KG
by recruiting 2 times more patients than Opt-KG, or running the trial 2 time more than UA.

This means that designer might save tremendous resources by implementing Opt-KG

Algorithm | 3 =0.05 | 5 =0.1
Opt-KG 11.3 6.1
UA 21.7 9.1

Table 6.4: Comparison of trial length for a confidence level

6.6.2 Results on ATE estimation

In this subsection, we perform experiments on ATE estimation problem. The first experiment
is designed to show the effectiveness of our algorithm for different parameter of treatment
outcome where we set 6y = 1, and vary 6;. Figure 6.5 shows the RMSE improvement of Opt-
KG with respect to UA for different #;, and hence different standard deviation of treatment
outcome distribution. Figure 6.5 shows that the Opt-KG achieves lower RMSE by allocating
more patients to the treatment group with higher standard deviation. The Opt-KG allocates
87% of the patients to treatment group for ¢; = 0.01 (and standard deviation of 100) and
achieves more than 25% improvement in RMSE with respect to UA. In the case when the
standard deviations of both actions are the same, the RMSE performance of Opt-KG is the
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same as UA.
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Figure 6.5: RMSE improvement of Opt-KG with respect to UA

Figure 6.6 shows the RMSE performance of Opt-KG, UA and TS for different patient
budget for parameter of control action #y = 1, parameter of the treatment action #; = 0.1.
As seen from the Figure, the Opt-KG outperforms both algorithms in all budgets. Note
again that the performance of the TS algorithm is even worse than the UA algorithm for

larger budgets.

In the next experiment, we focus on extreme case in which the designer has only two
steps to recruit N = 1000 patients for parameter of control action #, = 1 and #; varying
from 1,5,10,25. The designer recruits M patients in the first step and N — M patients in
the second step. Figure 6.7 shows the RMSE for different values of M. As seen from the
Figure, the minimum RMSE for ATE is achieved in M* = 85,150, 235 for the parameters
5,10, 25 respectively. If the designer recruited less patients than M*, the designer would not
be able to estimate the parameters effectively and hence would not be able to recruit the
patients in an optimal way. If the designer recruited more patients than M*, the designer

would not have sufficient number of patient budget left to achieve the optimal allocation.
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CHAPTER 7

Concluding Remarks

In this thesis, we studied two different ways to learn personalized treatment policies: learning
by conducting a clinical trial, learning from observational studies. In the case of clinical
trials, we proposed algorithms both to maximize the patient benefit (Chapter 2, Chapter 5)
and learning power (Chapter 6). In the case of observational studies, we proposed efficient
deep learning algorithms in which selection bias is handled with feature selection (Chapter
3) and representation learning (Chapter 4). Although our focus in this thesis was medical
informatics, there are wide range of applications in which our algorithms are applicable —

from education to recommender systems.
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