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Sequential Decision Making in HIV

Antiretroviral Therapy (ART)

Drug classes:

® Nucleotide reverse transcriptase inhibitor (NRTI)

® Non-nucleotide reverse transcriptase inhibitor (NNRTI)
® Protease inhibitor (PI)

® integrase inhibitor (INSTI)

® Entry inhibitor (EI)

® Pharmacokinetic enhancer (Booster)



Precision Medicine in HIV

Semi-annual visits

€ € €

Sociodemographics
Laboratory tests
Behavioral characteristics
Clinical factors
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Precision Medicine in HIV
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Goal: determine the personalized ART regimen to
optimize the long-term health
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Challenges

- Estimate the effects of ART regimens from a high-dimensional and
unbalanced space.

- High-dimensional: with more than 30 ART drugs on the market, there are a
large number of possible drug combinations.
- Unbalanced: some drug combinations are frequent whereas others are rare.

DAT + NEV N AT
EO+@H + € EOED +
993 times 12 times

- Generate a realistic ART regimen from a large discrete space.

- How to represent an ART regimen?

A binary vector (2*N dimension)? (Drug 1, Drug 2, ..., Drug N) @

- Optimize treatments from observational data (distribution shift).



Approach Overview
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Antiretroviral Therapy
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Problem Formulation

e Baseline covariates (e.g., race): X,o.
e Visit times tf,; = (tily ce ,ti7J,L.).

e ) time-varying health state variables: Y; = (Y;1,...,Y; ;) with Y;, €
RM .

o Z;, = (Zi1,...,2;,) with Z;; denoting the cART regimen used by indi-
vidual ¢ during the time period (¢; ;—_1,%:;].

D = {Dz}£:1 — {X’i()ati)l/;) Zi}fZl

e State and treatment histories: Y;; = {Y;;» : j' <3}, Ziy = {Zij : 7' < j}.

e Dynamic model: Y; j11 = f(Yijy Zij+1; ®)

Goal: optimize ART assignments to maximize the individual’s
long-term health outcomes



An Optimization Problem

e For any individual 7, suppose that she already has J; visits.

o Let YV ={Y;; : j > J;} and ZPV = {Z;; : j > J;} denote her future
longitudinal states and ART regimens.

e ART policy function: W(Zi,j_|_1 ’ Ej, Zij; 9)

e A stochastic reward function: r;(Y,*"V).

Denote the expected reward for any individual ¢ to be:

ri (Y, p( | D)dg.

Uncertainty

R;(0) = / Blypew zuew)p(ymew, znew|D ¢ 0

Goal: find the optimal policy function x(-,-; 8F) such that

1

0F = arg max R;(0).



An Optimization Problem

Policy gradient via stochastic gradient descent (SGD)

Hi,q—l—l — Hi,q + Si,qveRi(H) ‘9:97;,(1

RZ(H) — /E(nnew)zzpew)fvp(}finew,zznew|'D,¢73) [rz(}fznew)]p(Qb | D)d¢

V@Rz(e) :/E(Yz_new,Z’?ew) p(YLneW,Z;ﬂewl'D,(ﬁ,e) 9

- Sample future states
 Define a reward function

- Parameterize the policy function

log (H T(Zij+1 | Y:L'jaz’iﬁe)) p(¢ | D)do

j=>Ji




p—
o
O
2
7))
(7))
Q
(&
(@)
et
o
c
O
(7))
(7))
-
3
Q
P’
O
-
©
2
=
= 5
o
S
©
| 0&/ov
DY
3
}
S
X
Ke)
DY
&
;
. N
>
Q
7
R
S
N
0/0
6 o @ ©

90//
RS
3 S = °© 2 A & = S B8 Q B g
9100g uolssaida( (ereos 60o|) peoqjeap T \n m_n_mo - NG

(7
Q
s
O
e
)
O
=
d
=
5
)
=
O
m—t
)
=
[T
©
O
=



Yzm(t) — fzm(t) + €im

(fi1(t),..., firne(t)) are MGP-distributed

Mean (,uzl (t), “ e ,,uzM(t))

Separable covariance function cov( fim (%),

CM. M x M covariance matrix.

Ornstein-Uhlenbeck (OU) kernel C*(t,t')

fim (8)) = Crppue C* (1, 1),

_ =t
— Pt :



Baseline

V(t) = (1,1)
Random effects



ART Regimen Similarity

Representative ART Regimen

e Desired properties: (1) sharing-of-information; (2) reducing the high-dimensionality.



ART Regimen Similarity

Linear Kernel

. - - Computes the similarity between regimens based on the
ART Regimen Similarity proportion of common drugs that two regimens share.

DAT (NRTI) + LAM (NRTI) + NFV (PI)

DAT + LAM + ATZ (P)

DAT + LAM + EFV (NNRTI)

Representative ART Regimen

FTC (NRTI) + TDF (NRTI) + RTV (PI)



ART Regimen Similarity

ART Regimen Similarity

Representative ART Regimen

» Subset-tree (ST) Kernel

- Calculates the similarity between regimens

across all levels of the tree representation.

(a) Regimen A

ART |
NRTI Pl
NRTI | [ NRTI | PL | [ P
FTc | | TOF | ATZ | [ RTV

(¢) Regimen C

‘ P

(b) Regimen B

A | B | C
A | 523|213 050
B | 213|523 | 125
C | 050125651

(d) Similarity score matrix




Modeling Longitudinal States

Posterior Inference:
¢ Assign priors to all unknown parameters
e Obtain posterior distributions from MCMC

g

Sample future states .

« Define a reward function

- Parameterize the policy function



Define the reward function based on

viral load, kidney function, and depression in the next two years

abnormal threshold
k )
wig|Yijo — Ty [1(Yij2 > wi3|Yijs Tr|l(Yi;s <Tg)

W 7
viral load eGFR )

T'i (YneW) _

Personalized weights: . w; = (”wﬂ, W;2, wi?))



An Uncertainty-Penalized Reward

Distribution shift: Model-based uncertainty-penalized policy optimization (Yu et al. 2020)

A pessimistic environment: 7;(Y.*V) = r;(Y. ") — Au(Y;"eV, ZPeV)

/ Uncertainty

Tuning parameter

w(YPeV, Zhew) = Z]“}‘l oy /Var(Yim | Zij, D) posterior predictive distribution

Sample future states

Define a reward function

- Parameterize the policy function



Decision Process for Assigning ART

—

Start

1, if Y31 >Tp or Yo > Ty or Vi3 < Tg,

0, otherwise,

= | evel |

Stay on
previous regimen

\

: NRTI NNRTI
Which drug classes —T = Level ll

and how many drugs? [ NRT

l | FT’C

Which individual drugs
within each class?

— 1 multi-class logistic
regression model

\

= | evel ||

Wallenius’ noncentral hypergeqmetric distribution

End

—



An Optimization Problem

Policy gradient via stochastic gradient descent (SGD)

Hi,q—l—l — Hi,q + Si,qveRi(g) ‘0:97;,(1

Vor(8) = [ By zpm Juvor 2o o | (Vo
- Sample future states l

« Define a reward function
- Parameterize the policy function

log (H m(Zij+1 | Yijvzij§9)> p(¢ | D)d¢

j=Ji

Sample future states

Define a reward function

Parameterize the policy function




WIHS Data Analysis

» =339 women from the Washington DC site.

» M=4 state variables at each visit: depression, viral load,
eGFR, and BMI.

* 8% missing rate.

* Baseline covariates: age, smoking status, substance use,
employment status, hypertension, and diabetes.

* N=31 ART drugs, K=6 drug classes, D=105 representative
ART regimens



Precision Medicine
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Precision Medicine

Expected Reward
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Precision Medicine

Predictive depression scores under the estimated optimal regimens

0 10 20 30
Visit

23% Improvement



Precision Medicine: uncertainty-penalized policy

Number of Drugs Used
N

@0 H

Qo =

Class = EES?oster B INSTI [ NRTI

8 NNRTI  PI

RTV RTV

TDF ABC

FTC

3TC

8—21
Visit

w = (0.1,0.1,0.8)

5 10 15
Visit

20



Precision Medicine: uncertainty-penalized policy

e When A = 0, optimal sequence of regimens: |[FTC+ABC+EFV|(two NR-

TIs + one NNRTT)

0

7~ N\
e When A\ = 0.05, optimal sequence of regimens 3TC+ABC}EFV|(two
S~— 71 times

NRTTs + one NNRTT)

e When A = 0.1, optimal sequence of regimens: | 3STC+ABC+ATV+RTV

(two NRTIs + one PI + one Booster) 96 times

0 5
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