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1 Additional Simulation Results

1.1 Simulation Studies to Evaluate the Relative Performance of
ReST-L When Using Incorrectly-Specified Propensity Models

In order to demonstrate the sensitivity of our findings, when utilizing ReST-L. we first evaluate
ReST-L performance in estimation of a two-stage optimal DTR when the propensity model is in-
correctly specified. The two-stage data generation specifications for this simulation experiment are
the same as those introduced in Section 4.3 of the primary manuscript. In contrast to the analyses
presented in Table 3 (primary manuscript) in which we assumed that the variables determining
treatment were known, here we consider all variables in H as variables that may be used to define
the treatment assignment mechanism at both stages. While we understand that the AIPW estima-
tor is consistent and doubly robust in large samples when either or both the propensity model and
the conditional mean model are correctly specified, we believe that this supplemental simulation
study in which neither the propensity model nor the conditional mean model are correctly specified
will reflect a scenario that is likely to occur frequently in practice and will shed light on the use of
ReST-L as an out-of-the-box solution for estimating optimal DTRs.

ReST-L and T-RL performance using incorrectly-specified propensity models is presented in
Table S-1. Because Q-Learning methods do not rely on a propensity model, performance measures
for Q-Learning methods are replicated from Table 3 (primary manuscript) for ease of comparison
with ReST-L and T-RL. For tree-type DTRs, performance of ReST-L is slightly lower overall when
the propensity models are incorrectly specified compared with correct specification. For example,
with a sample size of n = 350, a covariate correlation of p = 0.2, and |H| = 20, the percent of
the test set classified to the correct treatment is 84.8% when the propensity models are incorrectly
specified and 86.0% when correctly specified. Similarly, when the sample size and the number of
variables in H are large (i.e., n = 1000, p = 0.2, and |H| = 100), the performance is 93.2% and
95.2% for incorrectly- and correctly- specified propensity models, respectively. The percentage of
correctly-treated observations in the test set remains reasonable across all sample sizes and variable
settings, hovering above 85% correct classification on average, and maintains an improvement over
T-RL across all settings. With an underlying nontree-type DTR, larger sample sizes are necessary
to achieve reasonable performance, as was also observed in Table 3 (primary manuscript). While
ReST-L is still likely to be favored when the assumptions of the method are fulfilled, i.e., that
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the true DTR is defined only in terms of a subset of variables Hgy,, the improvement of ReST-L
over restricted nonparametric Q-Learning decreases as sample size increases. With n = 1000 and a
correlation of p = 0.2, for example, the percent of observations with correct treatment classification
is 86.7% for restricted nonparametric Q-Learning compared with 87.0% for ReST-L.

Although either the propensity model or the conditional mean model must be correctly specified
in order to ensure consistency of the expected counterfactual outcome, our results suggest that cor-
rect specification of the propensity model is perhaps less critical. Or it may be that our propensity
model was not sufficiently complicated to induce larger performance differences.



(7o) 2g | (18)89e | (£0)89 | (¢8)T109 | (20) 2% | (9¢) L0z | (€0)0s | (&¥) eve | (T'1) 69 | (¢62) 8F9 | (1) | (008) 0TL | 90 L/02 0Sg
(Fo)es | Le)ziy | (€0)69 | (189)gv9 | (20)9v | (L) g0z | (0)6F | () eee | (1) oL | (01)ge9 | ()12 | (9€8) 789 | T0 L/02 0S€
(Fo)ss | (Fe)oLe | (€0) 0L | (12)e99 | (o) vy | (Lg)est | (z0)os | (e¢) 9z | (01) 29 | #792) 019 | (1) e | (908) 0FL | 90 01/0¢ 00S
(g0)09 | (conoer | (g0)es | (9r)T1es | (@o)vy | 8) 181 | (Zo)6F | (Pe)ece | (199 | (1) 188 | (D) gL | (3ge) 9L | TO 01/0¢ 00S
(g0)8g | (gop)2se | wo)v9 | (gor) 90 | (zo)ev | (Lg)est | (z0o)ov | (82) 961 | (') 99 | (z62) 885 | (') 69 | (£82) 9€9 | 90 ge/0¢ 00S
(¢0) 09 | (6oD)ser | G0)g9 | 86)F¥s | 0¥y | Lg)est | (z0) ey | (83) g6l | (T'1)29 | (808) T6g | (I'1)89 | (828) #7729 | 30 ge/0¢ 008
(¢0)ss | (coD)¥se | (g0)os | (189¢€99 | (z0)av | (€3)9¢1 | (30) 8% | (€¢)gez | (60) 19 | (902) 797 | (1) 99 | (¢71£) 968 | 90 03/001 009
(g0)o9 | (6on)¥sy | (o)L | L) 91L | (@0)ey | (#g)gst | (o) v | (1) 0gs | (60) 009 | (9712) 8cv | (I'1) 99 | (7'¢e) €65 | 0 0z/001 009
(Fo)L9 | (g6)z19 | (30)ssL | (g)oes | (10)cv | (02) ¥81 | (20)0s | (92)0st | (1) ¥L | (862) L08 | (z1) 22 | (T2e) g88 | 90 0z/001 0001
(g0) oL | 11) 869 | (T0) 22 | (9%) 298 | (o) ¥¥ | (¢2) €81 | (z0)6F | (82)e¥s | (e ¥ | (0ze)ass | (1) 2L | (Tve) 0248 | T0 03/001 000T
Y.I( 2df3-25.49U0 N

Fo)v9 | (82)gLs | (g0)1s | (9)oe, | (z0)ss | (92) 187 | (0)6S | (92) 605 | (70) 72 | (0gr) 88L | (£0) g2 | (L21)€¥8 | 90 /0t 0S€
(o) 79 | (16)96s | (g0)as | (02)o0¢cs | (zo)Ls | (82) vsy | (z0)6S | (72) 0TS | (50) €2 | (g21) @6l | (70) gL | (TST)8¥F8 | 0 /0% 0sg
Fo)v9 | (08)62L8 | (To)es | (19 T9r | (0)9s | (ze) L¥r | (z0)6s | (92) 805 | (50) ¢ | (0cr)oss | (£0) 92 | (£21) 898 | 90 01/0¢ 00S
(70)g9o | (ton) 609 | (o) v | (I v 86L | (zo)gs | (0g) 8wy | (10)6¢ | (Tg)8o0g | (90) gL | (g9D)zsl | 70) 9L | (T'e1) 98 | ©0 01/0¢ 00S
Fo)¥9 | (¢8)9s¢ | (€069 | (L8029 | (20)9s | (63) 16 | (z0)2¢ | (63) 1.F | (70)¢L | Wy 88L | 0) ¥ | (¢a1)€e8 | 90 ge/0¢ 00
(Fo)vo | (06)s09 | (70)69 | (8 wv 269 | (g0)ss | (92)8%r | (20)9¢ | (62) 697 | (g0) gL | (191)66L | (50) %L | (0¢T) 038 | ©°0 ge/0¢ 008
F0)e9 | (@8)9oLe | (o)L | (@LTL | (30)as | (63) 668 | (30)6¢ | (€3)96F | (L°0) 69 | (881) 2489 | (90) 72 | (g61) I8 | 90 03/001 009
F0)¥9 | (96)109 | (¢0)gs | F9F6L | (30)zs | (63)00% | (z0)8s | (52) 76¥ | (80) 89 | (761) 629 | (90) ¥ | (€61)86L | 30 0z/001 009
(€o)1s | (99) 1€l | (30) 9L | (L¥)698 | (20)9¢ | (Lg)8¥r | (20)6S | (£2) 605 | (£0) 2L | (96) 268 | (z0)8L | (89) %36 | 90 0g/001 0001
(Fo)1s | (98)0¢L | (o)LL | (87)688 | (z0)es | (92) 157 | (10)6°S | (12) 0TS | (£0) 22 | (88) 906 | (z0)gsL | (00L)Te6 | T0 02/001 0001
Y.L 2df1-99.4],

(Ag | 3doy (Ra [ 3doy (g [ 3doy (Ag [ doy (R [ 3doy (R [ 3doy o | jaus e

dN-O H-dN-O 0 H-1-0 T4-L T1-1S°Y i A"HI/H

JUWIUSISS® JUOUI)RDI)
[ewr3do pojyetiI)se o} IOPUL UROUIL [BNIORLIDIUNOD Pojyetl}se oy sjuosordor {(,4,8). A} q= (+.4) 4 -eSuer aqrrenbIojur = YH ‘porrom
o[qeoridde o) Sursn pojewI}se WISl Juo)eal) ® SUISn juowjeal) rewrydo sjr o) w@mﬂmmﬁo (000T = ***\) 208 3507 Jo quaoiod = 3do 9
‘Sururear -) ojewreieduoN = JN-0O) -Surtreo -¢) oujourereduoN pooLIsoy = Y-dN-0O) -SUultIeo-¢) Ieour] = T-0) -SurtIes - Ieoul|
PoIOLIISOY = Y-T-0) ‘BUIUIRD| JUSWIIIOJUIOY POse(-0al], = Y-, ‘SUIUIedT 991],-qNG POIOLIISOY = T-I,SOY ‘| Ul SOJRLIBAOD 9}RIOUSS
0} Pasn JUBIDYJP0D UOTIR[ALIOD o) = ¢ I"F] AT0}SIY 9RLIRAOD JO J9SqNS UI SI[(RLIRA JO Joquuinu = |1"SFf| ‘[ AI0)ST[ 9)RLIBAOD UT SI[([RLIRA
jo Jequnu = ||| ‘1eseyep Sururer) o) Jo ozis o[dures = u ‘spppouwr Aysuadord peyrads-A[3oariooutl Sutmnsse pue ([pued wooq) I,
odAy-ee1quou 10 (oued dog) Y1, 9dA}-001) ‘SUIA[Iopun ue Uo poseq pue oage)s 1od sjuourjealy o[qissod ¢ Yim (Y I,(]) OWIS0I JuoUIIRII}
orureup o5e)s-omy [ewrydo ue jo uoryewryso 10§ [(YOI) [{(TH),q08 )« \a A pue (YDO1) 1do 9, Jo suRIpoW| ATRWIWINS 90URULIONS] T S[(e],



1.2 Simulation Studies To Evaluate the Relative Performance of
ReST-L in the Absence of Confounding by Variables in HS

sub

In this supplemental simulation study we evaluate the relative performance of ReST-L in the ab-
sence of confounding by variables in HY, | i.e., the true data-generating model for treatment A and
outcomes Y include only variables in Hg,,. This is in contrast to the simulation experiments pre-
sented in Section 4.3 (primary manuscript) in which confounding by variables in Hglb exist. Using
the data generating mechanisms presented in Section 4.3 (primary manuscript), for this simulation
experiment we replace variables Xo1 and Xeo, the first two variables in HS,, with the final two
variables in Hg,,. As in all previously-reported simulation experiments and by ReST-L assumption,

the optimal regimes g°P* are defined using variables only in Hg,.

As can be seen in Table S-2, performance for both ReST-L and T-RL are similar to those re-
ported in Table 3 (primary manuscript). Performance for Q-Learning methods, with the exception
of restricted nonparametric Q-Learning, are also similar. Only restricted nonparametric Q-Learning
demonstrates a slightly lower performance in this setting. For a tree-type DTR, for example, we
observe 88.9% correct treatment classification in Table 3 (primary manuscript) with a sample size
n = 1000, |H| = 100 variables and p = 0.2, compared with 85.5% correct classification when the
true treatment allocation A, outcomes Y, and the optimal DTR g°" are defined using variables
only in Hgy,.

These results suggest that, when the clinical question substantiates a restricted set of covariates
to consider as tailoring variables, the application of ReST-L over existing methods is warranted also
when the level of confounding among variables not considered as candidate tailoring variables is low.



(Fo)6s | (Lg)gor | (g0) 29 | (88)06s | (z0) v | (Te) a1z | (e0)6F | (6¢) 8%z | (21)6'9 | (¢¢e) g9 | (D) e | (I'88) 89 | 90 L/02 0S¢
(70)09 | (L6)oey | (£0)89 | (g6) 219 | (20) 97 | (ze) 20z | (g0)6F | (6€) v¥e | (1) 29 | Lve)86s | (@1) 0oL | (00F) 979 | T0 L/02 0S¢
(g0)sg | (Tronsov | (g0)89 | (g2)T1e9 | (o) ¥¥ | (Lg)gst | (zo)ev | (eg)6Fz | (D) 1L | (¢28) 699 | (1) gL | (0ge) e8L | 90 01/0¢ 00S
(g0)09 | (gen)oer | (€0) 0L | (82)¢g29 | (o) ¥y | (82) 081 | (g0)6F | (9¢) L%z | (') 89 | (8¢8) 979 | @D v | (T28) ¥8L | T0 01/0¢ 00S
(g0) 8¢ | (o) 66g | (70) 19 | (g01) 997 | (o) ¥¥ | (62) ¥81 | (zo)s¥ | (62) 661 | (D)oL | (8ee)8¥9 | (D) 14 | (€38) ¥89 | 90 ge/0¢ 00S
(¢0) 09 | (1D 677 | (60)z9 | (con) 967 | (20)¥¥ | (L2)est | (z0)sv | (0¢) 961 | (TT)89 | (8%e) ee9 | (1) 0L | (€28) 299 | 30 ge/0¢ 00S
(90)ss | FrDeor | G0)29 | (¢8)865 | (z0)zv | (175981 | (30) 2% | (0¢) 82z | (0T) g9 | (882) 8%S | (€D ¥L | (888) T'LL | 90 03/001 009
(90)19 | (g 297 | (#0)89 | (86)8%9 | (c0)e¥v | (#2) 961 | (z0) ¥ | (1¢) 23z | (0D ¥9 | (€92) 158 | (@D L | (92F) 929 | &0 0z/001T 009
#0) 99 | (68)209 | (¢0)zs | (¢2)8ss | @o)¥v | (1g) es1 | (30)6v | (92) s | (@1) 2L | (g9e) 798 | (1) 8L | (088) 9°€6 | 90 0z/001 000T
(¢0)os | (gen) ¥69 | (e0) g | (¢2)918 | 10)¥y | (0) ¥81 | (z0)6F | (Lg)zss | (1) 9L | (Lge)Lss | (1) 8L | (g€8)¢e6 | T0 0z/001 0001
Y.I(J 2df3-2549U0 N
(Fo)v9 | (¢8)98s | (g0) 0L | (29 oc. | (zo)2s | (0g)ssy | (z0)6s | (L2)z1s | (70) ¥ | (¢gr) s | (£0) 9L | (0€1) 98 | 90 L/02 0S¢
(g0)g9 | (zor) 909 | (g0) 1L | (82)s¥. | (z0)2s | (L) esy | (z0)6s | (7g) 205 | (50) ¥4 | (9gs1) €18 | (70) gL | (Ter)es8 | T0 /02 0s¢
(go)e9 | (16)0ss | (o)1 | (g2)9v. | (z0)gs | (0g) esy | (170) 6 | (£g) 205 | (50) gL | (@vr) 2es | (g0) 2L | (€01) 668 | 90 01/0¢ 00S
Fo)vo | Fe)z19 | (go)es | (2)esr | (zo)esg | (0g) 1sv | (0)6S | (92) 805 | (50) ¥4 | (¢sr)ves | (g0) 2L | (601) 668 | T0 01/0¢ 00S
Fo0)e9 | (L6)s9s | G0)g9o | (¢8)¢g19 | (0o)ge | (8a) vsy | (c0)2¢ | (63) 9Ly | (70) ¥, | (00¢1) 238 | (70) 6L | (0°€1) 968 | 90 ge/0¢ 00S
F0)s9 | (86)z19 | G0)29 | (F6)eg9 | (@o)ge | Lg) 1y | (30)9¢ | L) ey | (7o) gl | (9sD)¥es | (70) gL | (IFD) 678 | 30 ge/0¢ 00g
(¢c0)z9 | (01D 8¥%s | Go)os | wWazer | @o)ge | (1¢) Loy | (30)se | (¢3)86v | (90) gL | (¢21) 2L | (€0) 9L | (L01) 268 | 90 03/00T1 009
(g0) 79 | (801) 009 | (g0) 12 | (92)¥<c, | (zo)es | (82)zov | (z0)8s | (¢2) 967 | (L0)zL | (F81)0LL | (£0) 92 | (T0D)¥68 | G0 0z/001 009
(€0)6'9 | (08)00L | (o)¥vs | (19)ges | (zo)es | (9g)gsy | (10)66 | (€2) 118 | (£0) 2L | (89)9e6 | (z0)8gL | (99 ec6 | 90 03/001 0001
(€o)12 | (92)9¢, | (T0)gs | (9g)ges | (zo)es | (¢g)esy | (0)6S | (72) 605 | (20) 2L | (¢9)ga6 | (z0)sgL | (g9 6%6 | T0 03/001 0001
Y.L 2df1-99.4],

(Ag | oy (Ag | oy (Ag | doy (Ag | 3doy (AF | 3oy (g | oy ot | jqusgl/lgr] |

dN-O H-dN-O -0 H-1-0 T4-L T-1S°Y 1 A"HI/H

"JUOMIUSISSR JUaUI)ReI) [RWI)dO PajRUIl)se S} IOPUN URSUWL [RNIORLIDIUNOD PIJRUIIIS oY) sjuasardar
{(La08) < A} q= (+.4) i *dBuet dryrenbogut = YO poyrow djqesridde o) SUST PAYRTIIISO SWIFHT PIDUIYAT) © FUISN Juauryest) [ewrydo
91 09 PayIsse[d (00T = ***\7) 208 1507 Jo jueniod = 1do 9y ‘Sururesr-) ougourereduoN = JN-0) ‘Sutres]-¢) otjouwreIedUuoN poIdLIIsaY]
= Y-dN-0O Surweo-) reaur] = -0 -SUILIRS-{) IedUIT PIOLIISOY = Y-T-() -SUTWIRYT JUOWIIIOJUISY POSRY-001], = Y-, -SUILLIRI|
99IT,-qNS PoILIISY = T-I1,89Y ‘H Ul SO)RLIBAOD 9)RIOUDS 0} Pasil JUSIDIJO0d UOIIR[OII0D oY} = d I™SE] AIO)SIY 9)RIIBAOD JO Josqns
Ul So[qeLIRA JO Ioquunu = |1"SE| ‘[ AIOJSIY 9)RLIRAOD UI S9[RLIRA JO Isquinu = |ff| ‘josejep Sururery ayj jo ozis ojdwes = u A"
Ul So[(RLIBA SUIST PaULep WISl jusuijesl) oIeUuAp [ewrldo pue ‘JueUSIsse JULWIRAI} ‘Sowodno s (jpued woljoq) Y I, 2d4)
-oa1guou 1o ([oued doy) Y I, odA)-eo1y ‘SuIA[Iopun ue Uo paseq pue oJels Iod sjuomyesr a[qissod ¢ Ym (Y I,(]) SWISOI JuouIjesly
orureup o5e)s-omy [ewrydo ue jo uoryewryso 10§ [(YOI) [{(TH),q08 )« \a A pue (YDO1) 1do 9, JO suRIpoW| ATRWIWINS 90URULIOND] :g O[(®],



1.3 Simulation Studies to Evaluate the Relative Performance of
ReST-L Under Violations of ReST-L Assumptions

ReST-L is an analytic solution that can be used when the investigators are relatively certain about
the set of covariates that can be considered in the optimal dynamic treatment regime. For scenarios
in which the optimal DTR is actually defined, at least in part, by variables in Hscub, we would
expect the performance of ReST-L to be lower than its unrestricted counterpart, T-RL. Although
this will be the case overall, here we present an illustration of performance differences that may
be observed under violations of the ReST-L assumption that only variables in Hg,, are involved
in an optimal DTR. Specifically, using the data generating mechanisms presented in Section 4.3
(primary manuscript) for both tree- and nontree-type DTRs, we modify ¢i®" to be defined using
X¢q rather than X;. Additionally, go* is now defined using the final variable in HS, rather than
on Xs. (Recall that X¢ refers to the first variable in the set of HS,.) Otherwise, similar to the
data generating mechanisms used in Section 4.3 (primary manuscript), confounding is introduced

using variables in both Hg,, and Hscub.

As can be seen in Table S-3 for a tree-type DTR, performance of ReST-L is lower than that of
T-RL across all data generation settings. With larger sample sizes, performance of ReST-L reaches
about 75% of observations correctly classified to their optimal treatment. T-RL, on the other hand,
achieves more than 90% correct treatment classification, which is similar to that reported in Ta-
ble 3 (primary manuscript). With a nontree-type DTR structure, we observe that performance of
ReST-L is poor across all data settings. Performance for T-RL is mediocre for lower sample sizes,
as well, but is similar to the performance presented in Table 3 (primary manuscript).

The significance of these simulation results are two-fold. First, all analysis methods rely upon
some set of assumptions. One of the foundational assumptions of ReST-L is that the investigator
has sufficient justification to exclude certain variables from consideration as candidate tailoring
variables. If this assumption is not met, an alternative analysis method should be considered.
Secondly, as we have seen in simulation studies, ReST-L can provide additional power to correctly
estimate the optimal multi-stage DTR with a smaller sample size, when the proportion of variables
in Hgy, relative to H is lower, or when the level of confounding of the outcome is high (refer to
Appendix 1.4). If the sample size obtained to address a specific research question is large, then the
benefits of using ReST-L instead of T-RL may be negligible.
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1.4 Simulation Studies to Evaluate the Relative Performance of
ReST-L Under a Data Generation Mechanism with a High Degree
of Confounding

Here we present comprehensive results for the two-stage simulation experiment introduced in Section
4.1 (primary manuscript), which demonstrated the bias of Naive T-RL in estimating the counter-

factual mean outcome if all patients were to receive treatment according to their estimated optimal
DTR.

Parameters varied across this simulation study include the sample size, with fixed sample sizes
n = 500,n = 1000, and n = 2000, the number of covariates in H and Hg,, (|H|/|Hsub| =
20/7,50/10,50/35,100/20), the correlation used to generate the correlation matrix for covariates
in H (p = 0,0.2,0.6), and the true, underlying structure of the DTR (i.e., tree or nontree-type).
As discussed in the primary manuscript, the data generating mechanism includes a binary variable
Z that has a strong confounding relationship with both the treatment assignment mechanisms for
Ay and A,. This differs from the simulation experiments presented in Sections 4.2 and 4.3 (pri-
mary manuscript) in which the confounding relationship is defined using only continuous covariates.

The specific data generating mechanisms are as follows: Covariate data with dimension n x |H],
where |H| refers to the cardinality of the vector of covariates collected for each individual, are gen-
erated using the multivariate normal distribution with a mean of Oy and an autoregressive (AR1)
correlation structure with specified p, but with the following modifications: Pairwise correlation
between the first variable in Hg,, and the first three variables in Hglb is equal to p and pairwise
correlations between the first three variables in Hg,, = 0. This modification was intended to reflect
quasi-real world complexities among covariates but specifying a moderate or high degree of correla-
tion between the variables involved in the optimal DTR and confounding variables. An additional
covariate, Z € Hglb, was generated for each observation using a Bernoulli distribution with p = 0.4.
The actual treatment received A; is randomly generated from the multinomial distribution with

probabilities mg, 711, 12 Where,

o Tip=1—m11 — T2

o 11 = exp(0.5X¢e; — 0.5X, + Z — 0.5)/[1 4+ exp(0.5X¢c1 — 0.5X; + Z — 0.5) + exp(0.5X o +
0.5X; — 2)]

o T = exp(0.5Xco+0.5X1 —2Z)/[1+exp(0.5Xc1 —0.5X1 4+ Z —0.5) +exp(0.5X o +0.5X, — 7))

Xco1, Xoo represent the first two covariates in Hglb, i.e., confounding variables not considered as

candidate tailoring variables. The intermediate outcome following the first stage is defined as
Vi = exp{1.5 4+ 0.3X¢c1 — 1.57 — |1.5X; — 2| - (A; — ¢0®")?} + ¢, where e~N(0,1). This reflects
an unequal penalty dependent on the value of X;—a variable used in the true optimal treatment
regime—if the patient was not treated according to their optimal therapy, which adds an additional
degree of complexity reflective of a real world setting into the data generating scenario. The optimal
decision rules for the first stage are as follows:

e Tree-type DTR: If X; > —1 & X, > 0.25, then ¢{*" = 2;if X; > —1 & —0.5 < X, < 0.25,
then ¢{** = 1; otherwise, gi** = 0

e Nontree-type DTR: ¢{*" = Z[{log,(|X1| + 1) < 2} & (X, < —0.25)] + Z(X3 > 0.35)
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Data for the treatment assignment for the second stage, A,, are generated randomly also using the
multinomial distribution, but with probabilities mag, o1, 729, Where:

® My =1—Ty — T
o oy =exp(0.2Y; + 0.5 - Z)/[1.5 4+ exp(0.2Y; + 0.5 — Z) + exp(0.5X 2 + Z)]

o mo =exp(0.5Xeo + Z)/[1.5 4 exp(0.2Y; + 0.5 — Z) 4+ exp(0.5 X2 + Z)]

We define the intermediate outcome following the second stage as Yy = exp{1.18 + 0.2X¢o — 27 —
11.5X5 + 2| - (A3 — g5°)?} + ¢, and the final outcome Y is defined as the sum of the stage-specific
intermediate outcomes, i.e., Y = Y] + Y5. The true, second-stage optimal decision rules are defined
as follows:

e Tree-type: If Y > 0.5 & X3 > 0, then g5 = 2; if ¥} > 0.5 & —1 < X3 < 0, then go** = 1;
otherwise, g5** = 0

e Nontree-type: g5** = Z{(|X3| > 0.6) & (Y1 > 1)} + Z(Y2 > 3)

For the analysis we assume that there is an additive linear relationship between the intermediate
outcomes and covariate or treatment history; for ReST-L the assumed model includes all observed
covariates in H and a treatment interaction with the subset of candidate tailoring variables in Hgy,
whereas for Naive T-RL the assumed model includes only those observed covariates in Hgy, with
a corresponding treatment interaction. As in the previously-described simulations and consistent
with the assumptions required by this method, we assume that only variables in Hg,, may be
included in an optimal DTR; variables from either Hyy, or Hscub, however, may define the interme-
diate outcomes and the treatment assignment mechanisms. We further assume that the propensity
models used in ReST-L and T-RL are correctly specified. Under optimal treatment allocation and

assuming independence across covariates, E[Y*{¢°"" (Hqy)}] = 5.4.

Results for the simulation studies are presented in Table S-4 for a tree-type DTR and in Table
S-5 for a nontree-type DTR. With a tree-type DTR and a strong confounding relationship of covari-
ate Z with the treatment assignment and outcomes, a larger sample size than that needed in the
analyses presented in Sections 4.2 and 4.3 (primary manuscript) is required to achieve reasonable
performance. With a correlation of p = 0.2 and |H| = 20, a sample size of n = 1000 is required to
achieve similar levels of performance to a sample size of n = 350 in Table 3 (primary manuscript).
With a sample size of n = 2000, performance across all data generating settings reaches about
90% correct classification and the ReST-L results for n = 2000 are comparable to those of T-RL.
For smaller sample sizes, however, we observe that ReST-L improves upon T-RL across all data
settings, although the improvement is most apparent with a larger number of covariates and when
the proportion of variables in Hgy, relative to H is lower. Consider, for example, a sample size of
n = 1000 with |H| = 100 and p = 0.2 in which we report an estimated 82% correct classification for
ReST-L compared with 73% for T-RL. With a nontree-type DTR structure, performance is slightly
lower across all settings for both ReST-L and T-RL than with a tree-type DTR, but both ReST-L
and T-RL achieve about 88-90% correct classification with n = 2000.

These results suggest that, with a high degree of confounding — particularly the confounding that
may occur with a categorical variable — a larger sample size is needed to achieve the same estimated
performance as with a lower degree of confounding. However, when the assumptions of ReST-L
are met, ReST-L delivers improved performance with a smaller sample size over competing methods.
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1.5 Simulation Studies to Evaluate the Performance of ReST-L in a
Three-Stage Setting

In this simulation experiment we demostrate that ReST-L can be used also in an experimental
setting with more than two stages. Specifically, we simulate a three-stage treatment setting with
three possible treatments per stage.

Data generating mechanisms for the first two stages are the same as those described for a two-
stage setting in the primary manuscript Section 4.3. In this supplemental simulation, the third stage
treatment, As, is randomly generated using the multinomial distribution with probabilities 73, 731,
T3, Where w30 = 1 — w31 — 732, m31 = {0.5X 0 — 0.1Y5}/[1 + {0.5X e — 0.1Y52} + {0.2X 3}, and
T30 = {0.2X s} /[1 + {0.5X o — 0.1Y5} 4 {0.2X¢3}], where C,, refers to the m-th variable in HS,, .
For an underlying tree-type structure, g3 (Hgyp), is assiged as follows: If X5 > —1 & Y, > 1.8,
then g5** = 2; if X5 > —1 & —0.5 < Y, < —1.8, g5** = 1; otherwise, g5*" = 0. When a nontree-type
structure is assumed, g5 (Hay) = Z(X5 + |Ya| > 1.8) + Z(/]10 — Y3| < 3.1). The intermediate
outcome following the third stage is defined as: Y3 = exp{0.75 4+ 0.2X ¢35 — (A3 — g5*")?} + ¢, where
e~N(0,1). The overall outcome Y =Y; + Y5 + Y5. Due to the increased computational demand
of a three-stage setting, we estimate the percentage of subjects correctly-classified to their optimal
treatments, as well as the estimated counterfactual outcome under the optimal regime, for B = 100
Monte Carlo iterations. Under optimal treatment allocation, E[Y*{g"(Hyy)}] = 10.2.

As can be seen in Table S-6, for a tree-type DTR with a correctly-specified propensity model,
a sample size of n = 800, and 100 and 20 variables in H and Hy,y,, respectively, ReST-L achieves
nearly 90% correctly classification across all three treatment stages, exceeding the estimated 80%
correct classification for T-RL. Similar to previous results, as the number of variables in Hgy,
increases to H, performance estimates for ReST-L and T-RL are similar. When the propensity
model is incorrectly-specified, we see a decrease in performance for both ReST-L and T-RL when
all other specifications remain constant. ReST-L, however, maintains the advantage over T-RL in
all cases, however. When the underlying DTR is nontree-type, more than twice the sample size
is needed to achieve similar performance to the case with an underlying tree-type DTR. With a
sample size of n = 750, |H| = 50, and assuming a correctly-specified propensity model, for example,
ReST-L achieves only about 60% correct classification irrespective of [Hgu|. Although this is an
improvement, over T-RL, particularly when |Hgy,| = 10, which achieves only about 54% correct
classification under the same settings, ReST-L with a sample size of n = 1500 achieves more than
80% correct classification. Interestingly, although we see some performance improvements for both
ReST-L and T-RL with a correctly-specified propensity model, we see the largest improvement in
performance when |H]J is larger.

2 Additional Detail for ReST-L Analysis of MIMIC-III data

We conduct this analysis using electronic medical record and administrative data from the Medical
Information Mart for Intensive Care III (MIMIC-III) (Johnson et al., 2016; Johnson et al., 2017),
a retrospectively-collected and freely-available database accessible through PhysioNet (Goldberger
et al., 2000) that contains de-identified and anonymized data for more than 45,000 patients treated
in an ICU at Beth Israel Deaconness Medical Center in Boston, Massachusetts. Adult patients
(> 18 years old) were included in the analysis cohort if they received fluid resuscitation for sus-
pected sepsis (Angus et al., 2001; Horng et al., 2017; Iwashyna et al., 2014) during at least one
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Table 6: Performance summary [medians of % opt (IQR) and E[Y*{g°""(Hyw)}] (IQR)] for es-
timation of an optimal three-stage dynamic treatment regime (DTR) with 3 possible treatments
per stage and based on an underlying, tree-type DTR (top panel) or nontree-type DTR (bottom
panel) with outcomes, treatment assignment, and optimal dynamic treatment regime defined using
variables in Hg,,. A correlation coefficient p = 0.2 was used for this simulation. n = sample size of
the training dataset; |H| = number of variables in covariate history H; |Hg,,| = number of variables
in subset of covariate history Hg,,; ReST-L = Restricted Sub-Tree Learning; T-RL = Tree-based
Reinforcement Learning; % opt = percent of test set (Niss = 1000) classified to its optimal treat-
ment using a treatment regime estimated using the applicable method; IQR = interquartile range;
E(Y*) = E{Y*(g"")} represents the estimated counterfactual mean under the estimated optimal
treatment assignment.

ReST-L T-RL

" [H|/|Hsub] %opt | E(Y¥) %opt | E(Y)
Tree-type DTR
Correctly-specified propensity model

800 100/20 89.4 (8.4) 9.9 (0.3) | 79.1 (13.9) | 9.5 (0.4)
750 50/35 88.2 (11.4) | 9.8 (0.3) | 86.7 (14.7) | 9.8 (0.4)
750 50/10 91.2 (7.8) 9.9 (0.3) | 87.7 (11.3) | 9.8 (0.3)
550 20/7 89.2 (8.0) 9.8 (0.3) | 85.3 (13.8) | 9.7 (0.4)
Incorrectly-specified propensity model

800 100/20 83.0 (13.0) | 9.7 (0.4) | 70.8 (15.8) | 9.3 (0.6)
750 50/35 85.3 (12.7) | 9.7 (0.2) | 83.4 (16.9) | 9.6 (0.4)
750 50/10 88.9 (12.1) | 9.8 (0.3) | 84.1 (15.4) | 9.7 (0.3)
550 20/7 87.9 (9.1) 9.8 (0.3) | 83.8 (14.0) | 9.7 (0.4)
Nontree-type DTR
Correctly-specified propensity model
1500 50/35 81.8 (29.3) | 9.8 (1.2) | 80.8 (29.2) | 9.8 (1.2)
750 50/35 62.4 (35.6) | 9.4 (1.3) | 59.2 (34.6) | 9.3 (1.3)
1500 50/10 81.8 (32.2) | 9.8 (1.2) | 79.8 (29.5) | 9.8 (1.2)
750 50/10 62.9 (38.5) | 9.4 (1.3) | 54.5 (30.7) | 8.9 (1.1)
Incorrectly-specified propensity model
1500 50/35 80.8 (30.5) | 9.8 (1.2) | 80.8 (20.4) | 9.7 (1.2)
750 50/35 56.5 (33.7) | 9.2 (1.4) | 57.2 (30.1) | 9.0 (1.3)
1500 50/10 82.0 (29.0) | 9.8 (1.2) | 80.6 (28.7) | 9.8 (1.2)
750 50/10 55.4 (32.4) | 8.9 (1.2) | 50.1 (27.6) | 8.6 (1.2)
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ICU admission between 2008 and 2012. For patients with more than one recorded ICU admission
for sepsis during the study period, only the first ICU stay was included and analyzed. In order to
yield a relatively homogeneous patient population, only those patients surviving less than 48 hours
following admission were excluded (Figure S-1).

We impute missing height measurements for 250 individuals using multiple imputation with
chained equations (mice package in R) to create five complete datasets. We then compute each
patient’s baseline BMI using the standard definition (weight in kilograms/(height in meters)?). For
the BMI values of ten patients that were identified as outliers (i.e., less than 14 or greater than 70)
across all five imputed datasets, we set the BMI for these observations to either 14 or 70, respec-
tively. We then conduct ReST-L analyses using each of the five imputed datasets.

The final outcome of interest is the SOFA score evaluated at 24 hours post-admission. Because
SOFA scores typically exhibit a right-skewed distribution with values ranging from 0 to 18 and
lower scores indicate better prognosis, values are log-transformed and then inverted (as 6 — x) so
that larger values represent better outcomes; the resulting transformed values are approximately
symmetric and normally distributed.

All models needed to estimate the AIPW estimator of the counterfactual mean, including the
propensity for assignment to a fluid liberal strategy and the conditional mean model for the trans-
formed SOFA score, assume an additive linear relationship with the log odds of assignment or with
the outcome, respectively. Selection of variables to include in the stage-specific propensity models
and the conditional mean models estimated for each treatment within each stage was performed
using stepwise variable selection with the MASS package in R, and two-way interactions were con-
sidered when reasonable. For implementation of tree-based learning, at both stages we specify the
need for a 0.5% improvement in the mean counterfactual outcome across treatments in order to
perform a covariate split; after accounting for the transformation of the outcome used in the regres-
sion models, this represents a SOFA improvement of roughly 0.1. Additionally, we specify a depth
of 3 and a minimum of 20 observations per node.
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Total Patients

N = 46,520
» < 18 Years Old
v N=7982
>= 1B Years
N =38,538

o| Mo ICU Admit from ED
- N =20,633

Y

ICU Admit from ED
N =17,905

| Mot Septic (per Angus)
’ N=11,571

Y

Septic (per Angus)
4

Na Pre-ICU Fluid

» Reported
N = 5578
Pre-ICU Fluid Reported
N =755
Expired < 48 Hours
> After Admission
h N =47

Survived == 48 Hours
after Admission
M =708

Figure 1: Analysis eligibility criteria and patient population. A total of 708 patients were included
in this analysis. Inclusion criteria included being > 18 years old at the time of intensive care unit
(ICU) admission from the emergency department (ED), having a diagnosis of suspected sepsis (per
Angus et al., 2001), receiving documented pre-ICU fluids, and surviving at least 48 hours after ICU
admission.
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