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How to test new medical interventions

© A hospital wants to reduce hospital acquired infections:
e E.g., Use one of two newly designed catheters (A or B).

@ They should select one of A or B per patient.

© A/B test or Randomized Controlled Trial (RCT) have high
opportunity cost.

o In healthcare, experimentation is costly or unethical !

1
Sibbald, Bonnie. 1998. Understanding controlled trials: Why are randomized controlled trials important?, British Medical
Journal (Clinical Research Ed.) 316(201).

N. Hamidi, M. Bayati, K. Gupta REAL-Bandit



Beyond healthcare

@ Kohavi and Thompke, Harvard Business Review, 2017:

“Today, Microsoft and several other leading companies —
including Amazon, Booking.com, Facebook, and Google — each
conduct more than 10,000 online controlled experiments
annually, with many tests engaging millions of users.’

@ But, experiments have opportunity costs.
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Multi-armed bandit experiments
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Adding Covariates

e Treatment outcomes depend on a set of covariates (context or

features).
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e E.g., in an A/B testing case, A is optimal for a subset of the
patients/users and B is optimal for the remaining ones.
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K-armed contextual bandits with linear pay-off

@ Patients arrive with covariates X; € R? where X; ~iid Px.

@ At time t, reward of arm i is

Reward(i; X¢) := X, B; + ¢¢.

e B;'s are unknown parameter vectors.
e &;'s are sub-Gaussian mean-zero independent.

N. Hamidi, M. Bayati, K. Gupta REAL-Bandit



Formal setting

@ Each arm i corresponds to an unkown vector B; € RY.
@ At time t, a context vector X; € R? is revealed to the policy.
© The policy 7 selects action a; € [].

© The reward is given by y; = (B,,, X¢) + &¢.
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Formal setting

@ Each arm i corresponds to an unkown vector B; € RY.
@ At time t, a context vector X; € R? is revealed to the policy.
© The policy 7 selects action a; € [].
© The reward is given by y; = (B,,, X¢) + &¢.
We further assume:
Q@ Xi'sarei.id.
@ &:'s are independent mean-zero sub-Gaussian.

O (Xi) L (er)
Q@ Bisof rank r.
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Cumulative regret

Definition

We define the cumulative regret of a given policy as follows:

-
Rt = ; LTI?E(,((BU,XQ - <Bt,ath>

Policies with smaller (expected) regrets are desired.
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Theoretical guarantees

e OLS-Bandit: O(d%k3log(T))
o Lasso-Bandit: O(s2k3log(T)?)

o REAL-Bandit: O(r?(k + d)log(T)?)
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REAL-Bandit
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REAL-Estimator

@ Use any low-rank estimator, such as

, Y - X(8)|3
B :=argmin Hn()||2 + A||B|,
B

such that the following holds with high probability

Hé—mﬁ<c£ﬂ.

- n

@ This bound leads to extra vk in the regret bound.
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REAL-Estimator

o Let B be defined as in the previous slide.
@ Run the following “row-enhancement’ procedure.

@ This procedure eliminates extra vk factor in the regret.

Input: matrix B4, observations (X1, Y1), -, (Xp, Yn)
1: Compute SVD B = UDVT.
2: Let V,T be the matrix containing r top rows of V' T.
3: Let 3= argmingepa >0 (Y — X; V. B)2.
4: Then, output B, = (V,3)7.
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REAL-Estimator
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Simulations

e B: 200 x 201 of rank 3,

@ SD of noise (0): 1,

e Context vectors (X;): vectors of length 201 with i.i.d. standard
normal entries.
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The End
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