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Appendix A: technical details for Section 3

Firstly, we rewrite the regression model with more concise notations. Let Yi = log(T̃i) − µ(Zi),

Ŷi = log(T̃i)− µ̂(Zi), Y = (Yi, i = 1, 2, ..., n), and Ŷ =
(

Ŷi, i = 1, 2, ..., n
)

. Denote that

Λ = diag {Ai − e(Zi), i = 1, 2, ..., n} , Λ̂ = diag {Ai − ê(Zi), i = 1, 2, ..., n} .

Let ρ(θ) =
∑p

j=1 ρ(|θj |;λ1) + ρ(∥θG∥;λ2). Then the loss function (4) can be written into

ℓλ1,λ2(θ, η̂|OB) =
∥∥∥W1/2

(
Ŷ − Λ̂Uθ

)∥∥∥2
2
+ ρ(θ).

Proof of Theorem 1

The proof follows the lines of Fan and Peng (2004). We aim to show that for any given ϵ, there is a

large enough constant M such that, for large n, we have

Pr

{
min

||∆θ||2=M
ℓλ1,λ2(θ

∗ +Rn∆θ, η̂|OB) > ℓλ1,λ2(θ
∗, η̂|OB)

}
≥ 1− ϵ,

∗Corresponding author: syang24@ncsu.edu
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where ∆θ ∈ R2p is an increment vector. This implies that with probability converging to 1, there is

a local minimum θ̂ such that ∥θ̂ − θ∗∥2 = Op(1)Rn. It can be seen that

ℓλ1,λ2(θ
∗ +Rn∆θ, η̂|OB)− ℓλ1,λ2(θ

∗, η̂|OB)

=
∥∥∥W1/2Λ̂U∆θ

∥∥∥2
2
R2

n + 2∆θUTΛ̂W
(
Λ̂Uθ∗ − Ŷ

)
Rn + {ρ(θ∗ +Rn∆θ)− ρ(θ∗)}

= (I) + (II) + (III).

We first deal with (I). It can be deduced that

(I) = R2
n

∥∥∥W1/2ΛU∆θ
∥∥∥2
2
+R2

n

∥∥∥W1/2(Λ− Λ̂)U∆θ
∥∥∥2
2
+ 2R2

n∆θTUTΛW(Λ̂− Λ)U∆θ

= (I.1) + (I.2) + (I.3).

For (I.1), by (B0) and (B1)(i), with propbability converging to 1, it holds that

(I.1) = ∆θTUTΛWΛU∆θR2
n ≥ c1M

2R2
n.

For (I.2), by (B1)(ii), with propbability converging to 1, it holds that

|(I.2)| = Op(1)R
2
e,n∆θTUTWU∆θR2

n = Op(1)R
2
e,nR

2
nM

2 = op(1)R
2
nM

2.

For (I.3), by (B1)(ii), with propbability converging to 1, it holds that

|(I.3)| = Op(1)2Re,n∆θTUTWU∆θR2
n = Op(1)Re,nR

2
nM

2 = op(1)R
2
nM

2.

Thus, (I) is dominated by (I.1).

Then we consider (II). It can be deduced that

(II) = 2Rn∆θUT
{
ΛWϵ+ ΛW(Λ̂− Λ)Uθ∗ − ΛW

(
Ŷ − Y

)}
+ 2Rn∆θUT

{(
Λ− Λ̂

)
Wϵ+

(
Λ− Λ̂

)
W

(
Λ̂− Λ

)
Uθ∗ −

(
Λ− Λ̂

)
W

(
Ŷ − Y

)}
.

By (B0), we have |Rn∆θUTΛWϵ| = RnMp1/2n−1/2Op(1) = R2
nMOp(1). By (B0)and (B1), we

have |Rn∆θUTΛW
(
Λ̂− Λ

)
Uθ∗| = RnRe,n∥θ∗∥2MOp(1) = R2

nMOp(1). Similarly, we can deduced

that |Rn∆θUTΛW
(

Ŷ − Y
)
| = RnRµ,nMOp(1) = R2

nMOp(1),

|Rn∆θUT
(
Λ̂− Λ

)
Wϵ| = Op(1)RnMRe,n∥UTWϵ∥2 = Op(1)RnMRe,n

√
p

n
= op(1)R

2
nM,

|Rn∆θUT
(
Λ̂− Λ

)
W

(
Λ̂− Λ

)
Uθ∗| = Op(1)RnMR2

e,n∥θ∗∥2 = op(1)R
2
nM,
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|Rn∆θUT
(
Λ̂− Λ

)
W

(
Ŷ − Y

)
| = Op(1)RnRµ,nRe,nM∥W1/2U∥2 = op(1)R

2
nM.

Thus, (II) is dominated by (I.1) too.

Finally, we consider (III). It can be deduced that

(III) =
p∑

j=1

{
ρ(|θ∗j +Rn∆θj |;λ1)− ρ(|θ∗j |;λ1)

}
+

2p∑
j=p+1

{
ρ(|θ∗j +Rn∆θj |;λ1)− ρ(|θ∗j |;λ2)

}
= (III.1) + (III.2).

It can be seen that

(III.1) ≥
∑
j∈D1

ρ̇(|α∗
j |;λ1)(|α∗

j +Rn∆αj | − |α∗
j |) +

1

2

∑
j∈D1

ρ̈(|α∗
j |;λ1)(|α∗

j +Rn∆αj | − |α∗
j |)2(1 + o(1))

≥ −
∑
j∈D1

ρ̇(|α∗
j |;λ1)Rn|∆αj | −

1

2

∑
j∈D1

ρ̈(|α∗
j |;λ1)R

2
n|∆αj |2(1 + o(1))

≥ −max
j∈D1

{
ρ̇(|α∗

j |;λ1)
}√

d1nRnM − 1

2
max
j∈D1

{
ρ̈(|α∗

j |;λ1)
}
R2

nM
2(1 + o(1))

= −O(1)R2
nM − o(1)R2

nM
2.

The last equation holds by (B3)(i)(ii). Similarly, we can obtain that (III.2) ≥ −O(1)R2
nM −

o(1)R2
nM

2. Thus, (III) is dominated by (I.1) too.

Now we can see that all terms are dominated by (I.1), that is, for large enough constant M ,

min
||∆θ||2=M

ℓλ1,λ2(θ
∗ + Rn∆θ, η̂|OB) > ℓλ1,λ2(θ

∗, η̂|OB) holds with probability converging to 1. This

completes the proof.

Proof of Theorem 2

For 1 ≤ j ≤ p, if θj = 0, but θ̂j ̸= 0, then it holds that

0 = −UT
j Λ̂W

(
Ŷ − Λ̂Uθ̂

)
+ ρ̇(|θ̂j |) = (I) + (II).

It can be deduced that (I) = Op(Rn). By (B2)(ii), (II)/λ1 > 0 with probability converging to 1.

Thus (II) > Mλ1, where M > 0 is a constant. However, λ1/Rn → ∞, as n → ∞, which comes to

the contradictory. For p + 1 ≤ j ≤ 2p, if θj = 0, but θ̂j ̸= 0, then it can be similarly deduced the

contradictory since λ2/Rn → ∞, as n → ∞.

Proof of Theorem 3

Define the derivative for nuisance function

D∗[∆η] = ∂tEϕ
(

Z̃, T̃ ;θ∗
D, η

∗ + t∆η
) ∣∣∣

t=0
.
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Let J∗ := ∂θDEϕ(Z̃, T̃ ;θD, η
∗) = E

{
(1− e∗(Z)2)UUT

}
. By Taylor expansion, we have

Eϕ
(

Z̃, T̃ ; θ̂D, η̂
)
− Eϕ

(
Z̃, T̃ ;θ∗

D, η
∗
)

= J∗

(
θ̂D − θ∗

D

)
+D∗[η̂ − η∗] + ∂2

t Eϕ
(

Z̃, T̃ ;θ∗
D + t

(
θ̂D − θ∗

D

)
, η∗ + t (η̂ − η∗)

) ∣∣∣
t=t̄

.

For any measurable function f , we use the notation Ẽnf(Z̃, T̃ ) =
∑n

i=1wif(Z̃i, T̃i) for empirical ex-

pectation under Stute’s measure. Similarly, we use the notation G̃nf(Z̃, T̃ ) =
√
n(
∑n

i=1wif(Z̃i, T̃i)−

Ef(Z̃, T̃ )) for empirical process under Stute’s measure. For our model, we have

Ẽnϕ
(

Z̃, T̃ ; θ̂G , η̂
)
+ ∂θDρ

(
θ̂D

)
= 0,

where Ẽnϕ(Z̃, T̃ ;θD, η) = −UTΛWY + UTΛWΛUθD. By this equation and the result of Taylor

expansion, it holds that

√
nqTJ∗

(
θ̂D − θ∗

D

)
=

√
nqTẼnϕ

(
Z̃, T̃ ;θ∗

D, η
∗
)
−
√
nqTD∗ [η̂ − η∗]

−
√
nqT∂2

t Eϕ
(

Z̃, T̃ ;θ∗
D + t

(
θ̂D − θ∗

D

)
, η∗ + t (η̂ − η∗)

) ∣∣∣
t=t̄

+ qTG̃n

{
ϕ
(

Z̃, T̃ ; θ̂D, η̂
)
− ϕ

(
Z̃, T̃ ;θ∗

D, η
∗
)}

+
√
nqT∂θDρ

(
θ̂D

)
= (I) + (II) + (III) + (IV),

where t̄ ∈ (0, 1).

First, we consider (I). It can be deduced that D∗[η̂ − η∗] = 0. Then by (B0) and σ2
∗ defined in

the conditions, we have (I) →d N(0, σ2
∗). Then for (II), it can be deduced that

∥∂2
t Eϕ

(
Z̃, T̃ ;θ∗

D + t
(
θ̂D − θ∗

D

)
, η∗ + t (η̂ − η∗)

)
|t=t̄∥2 = O(1)R2

n.

Then by (B3)(iv), we have |(II)| ≤
√
nR2

nO(1) = o(1). For (IV), we have

|(IV)| ≤
√
n∥∂θDρ(θ

∗
D)∥2 +

√
n∥∂θDρ(θ̂D)− ∂θDρ(θ

∗
D)∥2

≤

√
nd1n

(
max
j∈D1

{
ρ̇(|θ∗j |;λ1)

})2

+ nd2n

(
max
j∈D2

{
ρ̇(|θ∗j |;λ2)

})2

+Op(1)
√
nmax {λ1, λ2}Rn

By (B3)(iii)(iv), it follows that |(IV)| = o(1). Now we consider (III). Define class

F2 = {ϕj (·;θD, η̂)− ϕj (·;θ∗
D, η

∗) : j ∈ D, ∥θD − θ∗
D∥2 ≤ cRn} ,
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where c is some positve constant. Then we can see that

|(III)| ≤
√

dn sup
f∈F2

|G̃nf |.

By (B3)(v), we have supf∈F2
∥f∥2F 0,2 ≤ O(1)Rb

n. Consider that

sup
f∈F2

|f | ≤ sup
f∈F1,η̂

|f |+ sup
f∈F1,η∗

|f | ≤ F1,η̂ + F1,η∗ ,

the function F2 := F1,η̂ +F1,η∗ can be the envelop for F2. Since F2 ⊂ F1,η̂ −F1,η∗ , by (B4), it holds

that

sup
Q

logN(ξ∥F2∥Q,2,F2, ∥ · ∥Q,2)

≤ sup
Q

logN

(
ξ

2
∥F1,η̂∥Q,2,F1,η̂, ∥ · ∥Q,2

)
+ sup

Q
logN

(
ξ

2
∥F1,η∗∥Q,2,F1,η∗ , ∥ · ∥Q,2

)
≤ 2v log

2c6
ξ

.

Under the condition (B0), (B3)(v), and by Lemma 6.2 in Chernozhukov et al (2018), with prob-

ability converging to 1, for q > 2, it holds that supf∈F2
|G̃nf | ≤ O

(
R

b/2
n + n−1/2+1/q

)
. Thus by

(B3)(v), we have (III) ≤
√
dnO(R

b/2
n + n−1/2+1/q) = o(1).

Finally, combining the analysis of (I) to (IV), we have
√
nqTJ∗(θ̂D − θ∗

D) →d N(0, σ2
∗). This

completes the proof.

Proof of Theorem 5

For abuse of notation, here we still use X to denote (A− e(Z))X. Let

Vrct = E
(
SXD1XT

D1

)
,

Vint =
[
EXD1XT

D1
−
{
E(1− S)XD1XT

D2

}{
E(1− S)XD2XT

D2

}−1 {E(1− S)XD2XT
D1

}]
.

When there is no censoring, let q ∈ Rd1n , it can be seen that as n → ∞,

Var(
√
nqTα̂rct

D1
) → 1

rS
qT

{
E
(
XD1XT

D1
|S = 1

)}−1 qT = qTV−1
rctqT,

Var(
√
nqTα̂D1) → qTV−1

intq
T.
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It can be deduced that

Vrct − Vint

= E(1− S)XD1XT
D1

−
{
E(1− S)XD1XT

D2

}{
E(1− S)XD2XT

D2

}−1 {E(1− S)XD2XT
D1

}
.

By the theory of projection, Vrct − Vint ≥ 0, where the equality holds if and only if there exists a

d2n × d1n constant matrix Q, such that when S = 0, it holds that XD1 = QTXD2 .

As a result,

Var(
√
nqTα̂D1)

−1 − Var(
√
nqTα̂rct

D1
)−1 ≥ 0, (1)

where the equality holds if and only if there exists a d2n × d1n constant matrix Q, such that when

S = 0, it holds that XD1 = QTXD2 . Specially, when D1 ⊂ D2, the equality holds. When XD1 ⊥

XD2 |S = 0 or D2 = ∅, under (B1)(i), it holds that Vrct−Vint = E(1−S)XD1XT
D1

> 0, which means

the inequality in (1) strictly holds.

Additional assumptions for Theorem 4

We need some conditions similar to (B0)-(B4) to derive the asymptotic properties of the RCT-only

estimator. Denote that the true parameters for HTE be α∗, and true nuisance functions be η∗. We

first introduce some notations. Following the notations in Stute (1996), let Gr be the probability

distribution function (p.d.f) of C conditional on S = 1, with τGr = inf {x : Gr(x) = 1}, Fr be the

p.d.f of T̃ conditional on S = 1, with τFr = inf {x : Fr(x) = 1}, and Hr be the p.d.f of T conditional

on S = 1, with τHr = inf {x : Hr(x) = 1}. Let F 0
r be the p.d.f of (X̃, T̃ ) conditional on S = 1 with

X̃ = (X, A). Define

F̃ 0
r (x, t) =

 F 0
r (x, t), t < τHr ,

F 0
r (x, τHr−) + F 0

r (x, τHr)I(τHr ∈ Hr), t ≥ τHr ,

with Hr denoting the set of atoms of Hr, possibly empty. Define the score function

φj(X̃, T̃ ;α∗, η∗) = {A− e∗(X, 1)}Xj

[
log T̃ − µ∗(X, 1)− {A− e∗(X, 1)}XTα∗

]
, j = 1, 2, ..., p.

It can be seen that Eφ(X̃, T̃ ;α∗, η∗) = 0. Define H̃1
r (x, y) = Pr(X̃ ≤ x, T ≤ y, δ = 1|S = 1),

H̃0
r (y) = Pr(T ≤ y, δ = 0|S = 1), and

γr0(y) = exp

{∫ y−

0

H̃0
r (dv)

1−Hr(v)

}
,

γr1j(y) =
1

1−Hr(y)

∫
1{y<v}φj(z, v;α∗, η∗)γr0(v)H̃

1
r (dz, dv), j = 1, 2, ..., p,
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γr2j(y) =

∫ ∫
1{v<y,v<w}φj(z, w;α∗, η∗)γr0(v)

{1−Hr(v)}2
H̃0

r (dv)H̃
1
r (dz, dw), j = 1, 2, ..., p.

Let γr1(y) = {γr1j(y), j = 1, 2, ..., p}, and γr2(y) = {γr2j(y), j = 1, 2, ..., p}.

(C0) For j = 1, 2, ..., 2p,

(i) Pr(T̃ ≤ C|X, S = 1, A, T̃ ) = Pr(T̃ ≤ C|S = 1, T̃ ).

(ii) The p.d.f. Fr and Gr have no jump in common, and τFr < τGr.

(iii) E
{
φj(Z̃, T ;α∗, η∗)γr0(T )δ|S = 1

}2
< ∞.

(iv) Let gr(y) =
∫ y−
0 {1−Hr(w)}−1 {1−Gr(w)}−1Gr(dw). It holds that∫

|φj(z, w;α∗, η∗)|
√
gr(w)F̃

0
r (dz, dw) < ∞.

(C1) (i) The eigenvalues of E
[
{A− e(X, 1)}2 XXT|S = 1

]
are larger than a positive constant cr1.

(ii) The eigenvalues of E
(
XXT|S = 1

)
are smaller than a positive constant cr2.

(C2) Let Re,n be the convergence rate of ∥ê − e∗∥∞, Rµ,n be the convergence rate of ∥µ̂ − µ∗∥∞.

Define rate Rn1 = max
{
Rµ,n, Re,n∥θ∗∥2,

√
p/n

}
. Let D1 =

{
j|α∗

j ̸= 0
}

with element number

d1n. Define ρ̇(x;λ) = ∂ρ(x;λ)/∂x, ρ̈(x;λ) = ∂2ρ(x;λ)/∂x2, for x > 0.

(i)
√
d1nmax

{
|ρ̇(|α∗

j |;λ1)|, j = 1, 2, ..., p
}
= Op(n

−1/2
1 ).

(ii) √
n1λ1Rn1 = o(1).

(iii) E|φj(X̃, T̃ ;α, η) − φj(X̃, T̃ ;α∗, η∗)|2 ≤ (∥α−α∗∥2 ∧ ∥η − η∗∥∞)br cr3, where cr3 is some

positive constant. In addition,
√
d1nR

br/2
n1 = o(1),

√
d1nn

−1/2+1/q
1 = o(1), q > 2.

(C3) Let Θr = {α : ∥α−α∗∥2 ≤ Rn1cr4}, where cr4 is some positive constant. Define class

Fr1,η = {φj(·;α, η) : j ∈ D1,α ∈ Θr} ,

with measurable envelop Fr1,η. It satisfies ∥Fr1,η∥F 0
r ,q

≤ cr5 where cr5 is some positive constant.

It holds that for all 0 < ξ ≤ 1,

sup
Q

logN(ξ∥Fr1,η∥Q,2,Fr1,η, ∥ · ∥Q,2) ≤ v log
cr6
ξ
,

where cr6 is some positive constant.
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Additional simulation experiments

1. Weaker signal of the coefficients: let Signal = 1, and the other model settings remain the

same as in Section 4 in the paper. The simulation results based on 500 replicates are shown

in Table 1 and Table 2. The proposed method is still eective. Compared with the results of

Signal = 2, it can be observed that when the signal of parameters get stronger, for all methods,

RMSE, TIR, FDR improve.

2. Logistic distribution of the error term: let the error term follow the Logistic distribution

instead of the Normal distribution, i.e., the survival time follows the log-Logistic distribution.

We consider the case where the dimension of covariates is p = 20; the censoring rate is CR= 40%

and Signal = 2 for the proposed model and outcome adjusted model. The other model settings

remain the same asin Section 4 of the paper. The simulation results based on 500 replicates

are shown in Table 3. It can be seen that the proposed method still performs well and is more

efficient than the outcome-adjusted method. Compared with the log-Normal distribution, all

the methods lose some efficiency, i.e., higher RMSE.

3. Severe censoring: Let the censoring rate be CR= 60%. We consider the case where the

dimension of covariates is p = 20 and Signal = 2 for the proposed model and outcome-adjusted

model. The other model settings remain the same as in Section 4 of the paper. The simulation

results based on 500 replicates are shown in Table 4. It can be seen that the proposed method

still works well and is more ecient than the outcome-adjusted method.

8



Table 1: The RMSE (×102) of the HTE estimation when Signal = 1 over 500 experiment replicates

Methods
with unmeasured confounding no unmeasured confounding

p=20 p=50 p=20 p=50

CR=20% CR=40% CR=20% CR=40% CR=20% CR=40% CR=20% CR=40%

RL.or 6.54 7.52 4.15 4.97 4.59 5.37 2.96 3.42
RL.RCTor 10.10 11.87 6.22 7.45 10.10 11.87 6.22 7.45
RL.NAIor 35.75 35.96 22.54 22.72
RL.cv 7.06 9.05 5.41 9.32 4.91 5.68 3.08 3.53
RL.bic 10.56 16.94 12.60 17.55 4.68 5.47 2.99 3.46
RL.RCT 11.08 14.29 7.03 9.52 11.08 14.29 7.03 9.52
RL.NAI 37.05 37.78 23.92 24.45

OA.or 7.30 8.41 4.70 5.67 5.60 6.70 3.68 4.48
OA.RCTor 12.43 14.60 8.70 10.18 12.43 14.60 8.70 10.18
OA.cv 7.69 9.67 6.27 9.44 5.73 6.85 3.73 4.56
OA.bic 11.94 17.22 13.25 16.93 5.63 6.73 3.70 4.50
OA.RCT 12.65 15.09 8.92 10.68 12.65 15.09 8.92 10.68

GM0.or 8.71 10.18 5.82 6.96 6.46 7.50 4.18 4.98
GM0.RCTor 13.97 16.39 9.64 11.47 13.97 16.39 9.62 11.48
GM0.cv 9.29 11.64 7.04 9.99 7.03 8.37 4.54 5.47
GM0.biv 10.01 14.90 10.48 14.61 6.65 7.90 4.30 5.12
GM0.RCT 14.33 17.55 10.61 13.99 14.33 17.55 10.56 14.00

GM1.or 7.91 9.26 5.29 6.34 6.11 7.22 3.97 4.77
GM1.RCTor 13.17 15.34 9.12 10.49 13.18 15.29 9.12 10.49
GM1.cv 8.53 10.69 6.22 9.20 6.53 7.85 4.26 5.17
GM1.bic 9.03 13.42 9.33 14.27 6.34 7.42 4.07 4.85
GM1.RCT 13.48 16.11 9.74 12.28 13.49 16.05 9.72 12.23

Meta.or 7.44 8.72 5.00 5.98 5.92 6.93 3.84 4.58
Meta.RCTor 12.64 14.70 8.80 10.17 12.65 14.68 8.79 10.17
Meta.cv 7.81 9.76 5.82 8.33 6.21 7.38 4.06 4.89
Meta.bic 8.35 12.39 8.65 12.72 6.07 7.13 3.92 4.66
Meta.RCT 12.89 15.46 9.49 12.05 12.90 15.44 9.48 12.04

GM01.or 8.55 10.37 5.93 7.39 6.60 8.21 4.29 5.51
GM01.RCTor 15.10 19.23 10.56 13.53 15.09 19.26 10.53 13.52
GM01.cv 9.55 12.21 7.03 9.87 8.06 10.63 5.45 8.35
GM01.bic 9.10 11.50 6.51 8.72 7.64 9.86 5.00 7.18
GM01.RCT 15.39 19.71 10.74 14.14 15.39 19.73 10.71 14.11

Some results are marked in bold to make it clear for readers to compare different methods. The results that behave
the best, except for the Oracle estimates (i.e., the smallest RMSE), are marked with underlines.
In the table, CR represents cencoring rate. Among these methods, those with names starting with “RL" indicate
the proposed model. RL.cv and RL.bic represent the proposed estimates under CV and BIC criteria, respectively.
RL.RCT represents the estimate merely based on RCT data. RL.NAI is the naive estimate that completely ignores
unmeasured confounding effect. RL.or, RL.RCTor, and RL.NAIor are the oracle estimates of the integrative, RCT-
only, and naive analysis, respectively. Other methods with names starting with “OA”, “GM0”, “GM1”, “Meta” and
“GM01” are introduced in detail in Section 4.
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Table 2: The averaged TIR(/%) and FDR(/%) when Signal = 1 over 500 experiment replicates.

Index Methods
with unmeasured confounding no unmeasured confounding

p=20 p=50 p=20 p=50

CR=20% CR=40% CR=20% CR=40% CR=20% CR=40% CR=20% CR=40%

TIR

RL.cv 100 100 100 100 93.00 92.80 94.00 90.80
RL.bic 100 100 100 99.00 97.40 96.40 95.40 94.40

OA.cv 100 100 100 100 96.40 93.20 95.60 94.00
OA.bic 100 100 100 99.00 98.00 97.60 97.60 95.80

GM0.cv 100 100 100 99.73 83.60 81.20 81.61 77.95
GM0.biv 100 100 100 99.47 89.20 88.20 92.41 88.98

GM1.cv 100 100 100 100 85.20 80.60 82.53 77.95
GM1.bic 100 100 100 100 91.00 86.20 88.97 86.35

Meta.cv 100 100 100 100 73.20 67.40 70.57 63.78
Meta.bic 100 100 100 100 83.40 77.20 82.76 78.74

GM01.cv 100 100 100 100 17.20 6.20 9.20 0.26
GM01.bic 100 100 100 100 32.40 14.20 19.77 3.15

FDR

RL.cv 2.49 5.62 6.59 11.87 1.62 1.58 1.60 1.58
RL.bic 1.25 2.87 3.06 3.98 0.35 0.28 0.36 0.52
RL.RCT 6.39 11.16 8.38 15.55 6.39 11.16 8.38 15.55
RL.NAI 5.29 5.65 4.41 4.61

OA.cv 2.16 4.96 5.19 8.40 0.94 1.20 1.00 1.65
OA.bic 1.34 2.11 1.60 2.41 0.13 0.13 0.35 0.31
OA.RCT 2.88 5.10 3.82 7.72 2.88 5.10 3.82 7.72

GM0.cv 5.04 8.56 8.33 15.75 3.76 4.90 4.62 7.29
GM0.biv 2.32 3.47 4.04 6.57 0.90 1.32 0.63 1.69
GM0.RCT 2.88 5.02 2.57 6.15 2.88 5.02 2.54 6.09

GM1.cv 3.86 8.11 7.35 15.23 3.00 4.28 4.47 6.29
GM1.bic 2.08 3.35 3.96 6.22 0.90 0.80 0.89 1.25
GM1.RCT 2.88 4.17 2.23 4.48 2.90 4.24 2.34 4.82

Meta.cv 7.72 13.72 13.18 25.33 5.71 7.80 8.08 11.38
Meta.bic 3.87 5.95 7.02 11.14 1.64 2.01 1.39 2.71
Meta.RCT 5.51 8.38 4.61 9.92 5.48 8.42 4.64 10.18

GM01.cv 7.84 16.61 20.29 41.2 6.53 15.23 15.73 36.5
GM01.bic 4.36 9.37 11.26 24.60 4.10 9.11 9.46 24.07
GM01.RCT 5.34 9.01 3.81 9.09 5.49 8.81 3.74 8.56

In the table, CR represents the cencoring rate. TIR is the rate of correctly identifying the real case where unmeasured
confounding effect exists or not. FDR is the false discovery rate of the HTE estimates. Among these methods, those
with names starting with “RL" indicate the proposed model. RL.cv and RL.bic represent the proposed estimates
under CV and BIC criteria, respectively. RL.RCT represents the estimate merely based on RCT data. RL.NAI
is the naive estimate that completely ignores unmeasured confounding effect. Other methods with names starting
with “OA”, “GM0”, “GM1”, “Meta” and “GM01” are introduced in detail in Section 4.

10



Table 3: Simulation results of the proposed method (RL) and the outcome-adjusted method (OA)
when the survival time follows log-Logistic distribution, CR=40%, p = 20.

Index Method β∗ ̸= 0 β∗ = 0 Index Method β∗ ̸= 0 β∗ = 0

RMSE×102

RL.or 14.81 10.41

FDR/%

RL.cv 5.24 1.65
RL.RCTor 22.56 22.56 RL.bic 3.43 0.37
RL.NAIor 71.86 - RL.RCT 8.90 8.90
RL.cv 17.74 11.09 RL.NAI 6.69 -

RL.bic 27.01 10.55 OA.cv 4.02 1.39
RL.RCT 25.27 25.27 OA.bic 1.95 0.33
RL.NAI 75.16 - OA.RCT 4.51 4.50

OA.or 16.29 13.19

TIR/%

RL.cv 100.00 91.00
OA.RCTor 28.91 28.91 RL.bic 100.00 93.40

OA.cv 18.03 13.43 OA.cv 100.00 93.81
OA.bic 28.97 13.24 OA.bic 100.00 95.58
OA.RCT 29.63 29.63

In the table, the results are based on 500 replicates. CR represents the cencoring rate. β∗ ̸= 0 means there is
unmeasured confounding effect, otherwise, there is no unmeasured confounding effect. TIR is the rate of correctly
identifying the real case where unmeasured confounding effect exists or not. FDR is the false discovery rate of the HTE
estimates. RL.cv and RL.bic represent the proposed estimates under the CV and BIC criteria, respectively. RL.RCT
represents the estimate merely based on RCT data. RL.NAI is the naive estimate that completely ignores unmeasured
confounding effect.
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Table 4: Simulation results of the proposed method (RL) and the outcome-adjusted method (OA)
when CR=60%, p = 20.

Index Method β∗ ̸= 0 β∗ = 0 Index Method β∗ ̸= 0 β∗ = 0

RMSE×102

RL.or 14.81 9.13

FDR/%

RL.cv 3.60 1.49
RL.RCTor 24.20 24.20 RL.bic 2.28 0.44
RL.NAIor 71.46 - RL.RCT 9.75 9.75
RL.cv 16.80 9.74 RL.NAI 6.31 -

RL.bic 20.77 9.33 OA.cv 1.31 0.53
RL.RCT 27.71 27.71 OA.bic 0.54 0.19
RL.NAI 74.23 - OA.RCT 3.45 3.45

OA.or 17.08 14.27

TIR/%

RL.cv 100.00 94.80
OA.RCTor 32.36 32.36 RL.bic 100.00 95.20

OA.cv 17.56 14.38 OA.cv 100.00 97.74
OA.bic 18.69 14.31 OA.bic 100.00 98.02
OA.RCT 32.95 32.95

In the table, the results are based on 500 replicates. CR represents the cencoring rate. β∗ ̸= 0 means there is
unmeasured confounding effect, otherwise, there is no unmeasured confounding effect. TIR is the rate of correctly
identifying the real case where unmeasured confounding effect exists or not. FDR is the false discovery rate of the HTE
estimates. RL.cv and RL.bic represent the proposed estimates under the CV and BIC criteria, respectively. RL.RCT
represents the estimate merely based on RCT data. RL.NAI is the naive estimate that completely ignores unmeasured
confounding effect.
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