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We provide detailed proofs for the lemmas presented in the Appendix of the article, as

well as patient characteristics of the Boston Lung Cancer Study Cohort data analyzed in

Section 5.

1 Technical proofs for the lemmas

Lemma A1 characterizes the difference between η̂n(t; β0) and η0(t; β0), which is needed

to prove the asymptotic distribution for the leading term
√
ncTΘβ0 ˙̀

n(β0) as well as to

establish the convergence rate for Σ̂− Σβ0 .

Lemma A1. Under Assumptions 1–3, we have

sup
t∈[0,τ ]

|µ̂0(t; β0)− µ0(t; β0)| = OP (
√

log(p)/n),

sup
t∈[0,τ ]

‖µ̂1(t; β0)− µ1(t; β0)‖∞ = OP (
√

log(p)/n),

sup
t∈[0,τ ]

‖η̂n(t; β0)− η0(t; β0)‖∞ = OP (
√

log(p)/n).

Proof of Lemma A1. The first two statements in the conclusion are similar to those in

Kong and Nan (2014), but with differing setups. Consider a class of functions of y ≥ 0

and x ∈ Rp indexed by t, F0 = {1(y ≥ t) exp(xTβ0) : t ∈ [0, τ ]}. For any 0 < ε < 1,

consider the cumulative distribution function for Y and take an positive integer m < 2/ε
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and a sequence of points 0 = t0 < t1 < · · · < tm−1 < tm = ∞ such that P (ti < Y ≤
ti+1) < ε, i = 0, 1, . . . ,m − 1. For each i = 1, · · · ,m, define the bracket [Li, Ui], where

Li(x, y) = 1(y ≥ ti) exp(xTβ0) and Ui(x, y) = 1(y > ti−1) exp(xTβ0). We have Li(x, y) ≤
1(y ≥ t) exp(xTβ0) ≤ Ui(x, y) for ti−1 < t ≤ ti, and

[E{Ui(X, Y )− Li(X, Y )}2]1/2 = [E{1(ti−1 < Y < ti) exp(2XTβ0)}]1/2 ≤ eK1
√
ε,

E|Ui(X, Y )− Li(X, Y )| = E{1(ti−1 < Y < ti) exp(XTβ0)} ≤ eK1ε.

Then the bracketing numbers van der Vaart (1998) satisfy

N[](e
K1
√
ε,F0, L2(P )) ≤ 2

ε
, N[](e

K1ε,F0, L1(P )) ≤ 2

ε
,

or equivalently,

N[](ε,F0, L2(P )) ≤ 2e2K1

ε2
, N[](ε,F0, L1(P )) ≤ 2eK1

ε
<∞.

By the Glivenko-Cantelli Theorem and the Donsker Theorem (van der Vaart, 1998), the

class of F0 is P -Glivenko-Cantelli and P -Donsker. So supt∈[0,τ ] |µ̂0(t; β0) − µ0(t; β0)| a.s.→ 0,

and moreover, by Theorem 2.14.9 of van der Vaart and Wellner (1996) with V = 2,

P

(
√
n sup
t∈[0,τ ]

|µ̂0(t; β0)− µ0(t; β0)| > s

)
≤ De−s

2

,

for every s > 0 and a constant D > 0 that only depends on K1. Setting s =
√

2 log(p)

implies that

sup
t∈[0,τ ]

|µ̂0(t; β0)− µ0(t; β0)| = OP (
√

log(p)/n).

For the second statement, we consider the classes of functions of (x, y) = (x1, · · · , xp, y)

indexed by t,

Fk1 = {1(y ≥ t)ex
T β0

xk : t ∈ [0, τ ]}, k = 1, · · · , p.

Since |exT β0
xk| ≤ KeK1 , similarly we have

N[](ε,Fk1 , L2(P )) ≤

(√
2eK1K

ε

)2

.
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By Theorem 2.14.9 of van der Vaart and Wellner (1996) with V = 2, we have

P

(
√
n sup
t∈[0,τ ]

|µ̂1k(t; β
0)− µ1k(t; β

0)| > s

)
≤ D′s2e−2s2 ≤ D′e−1e−s

2

for every s > 0, where D′ is a constant that only depends on K and K1, and µ̂1k and µ1k

are the kth components of µ̂1 and µ1, respectively. Thus,

P

(
√
n sup
t∈[0,τ ]

‖µ̂1(t; β0)− µ1(t; β0)‖∞ > s

)

≤ P

(
p⋃

k=1

{
√
n sup
t∈[0,τ ]

|µ̂1k(t; β
0)− µ1k(t; β

0)| > s

})
≤ pD′e−s

2

.

For example, taking s =
√

2 log(p) would complete the proof for supt∈[0,τ ] ‖µ̂1(t; β0) −
µ1(t; β0)‖∞ = OP (

√
log(p)/n).

Finally, we rewrite

η̂n(t; β0)− η0(t; β0) =
µ̂1(t; β0)

µ̂0(t; β0)
− µ1(t; β0)

µ0(t; β0)

=
µ̂1(t; β0)

µ0(t; β0)
− µ1(t; β0)

µ0(t; β0)
+
µ̂1(t; β0)

µ0(t; β0)

(
µ0(t; β0)

µ̂0(t; β0)
− 1

)
.

By Assumptions 1–3, µ0(t; β0) ≥ e−K1π0 > 0 and supt∈[0,τ ] ‖µ̂1(t; β0)‖∞ = OP (1). Also,

since

inf
t∈[0,τ ]

µ̂0(t; β0) ≥ µ0(t; β0)−|µ̂0(t; β0)−µ0(t; β0)| ≥ e−K1π0− sup
t∈[0,τ ]

|µ̂0(t; β0)−µ0(t; β0)| > e−K1
π0

2

almost surely, we have

sup
t∈[0,τ ]

∥∥∥∥ µ̂1(t; β0)

µ0(t; β0)

(
µ0(t; β0)

µ̂0(t; β0)
− 1

)∥∥∥∥
∞

≤ sup
t∈[0,τ ]

∥∥∥∥ µ̂1(t; β0)

µ0(t; β0)

∥∥∥∥
∞
· sup
t∈[0,τ ]

∣∣∣∣µ0(t; β0)

µ̂0(t; β0)
− 1

∣∣∣∣
≤ OP (1) sup

t∈[0,τ ]

∣∣µ0(t; β0)− µ̂0(t; β0)
∣∣ = OP (

√
log(p)/n).
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Therefore,

sup
t∈[0,τ ]

‖η̂n(t; β0)− η0(t; β0)‖∞ ≤ sup
t∈[0,τ ]

∥∥∥∥ 1

µ0(t; β0)

(
µ̂1(t; β0)− µ1(t; β0)

)∥∥∥∥
∞

+ sup
t∈[0,τ ]

∥∥∥∥ µ̂1(t; β0)

µ0(t; β0)

(
µ0(t; β0)

µ̂0(t; β0)
− 1

)∥∥∥∥
∞

= OP (
√

log(p)/n).

�

Lemma A2 establishes the asymptotic distribution for the leading term −cTΘβ0 ˙̀
n(β0)

in the decomposition of cT (̂b− β0).

Lemma A2. Assume p2 log(p)/n→ 0. Under Assumptions 1–5, for any c ∈ Rp such that

‖c‖2 = 1 and ‖c‖1 ≤ a∗ with some absolute constant a∗ > 0,

√
ncTΘβ0 ˙̀

n(β0)√
cTΘβ0c

D→ N(0, 1).

Proof of Lemma A2. Using notation of martingales, we rewrite

−
√
ncTΘβ0 ˙̀

n(β0)√
cTΘβ0c

=
1√
n

n∑
i=1

cTΘβ0√
cTΘβ0c

{
Xi −

µ̂1(Yi; β
0)

µ̂0(Yi; β0)

}
δi

=
1√
n

n∑
i=1

∫ τ

0

cTΘβ0√
cTΘβ0c

{
Xi −

µ̂1(t; β0)

µ̂0(t; β0)

}
dNi(t)

=
1√
n

n∑
i=1

∫ τ

0

cTΘβ0√
cTΘβ0c

{
Xi −

µ̂1(t; β0)

µ̂0(t; β0)

}
dMi(t).

Let Qi(t) =
1√
n

cTΘβ0√
cTΘβ0c

{
Xi −

µ̂1(t; β0)

µ̂0(t; β0)

}
, i = 1, . . . , n, which are predictable with

respect to the filtration F . Then

−
√
ncTΘβ0 ˙̀

n(β0)√
cTΘβ0c

=
n∑
i=1

∫ τ

0

Qi(t)dMi(t). (S1)
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For any t ∈ [0, τ ], let U(t) =
∑n

i=1

∫ t
0
Qi(u)dMi(u), whose predictable variation process is

〈U〉(t) =
n∑
i=1

∫ t

0

Qi(u)21(Yi ≥ u)eX
T
i β

0

dH0(u)

=
1

n

n∑
i=1

∫ t

0

cTΘβ0

cTΘβ0c

{
Xi −

µ̂1(t; β0)

µ̂0(t; β0)

}⊗2

Θβ0c1(Yi ≥ u)eX
T
i β

0

dH0(u)

=
cTΘβ0

cTΘβ0c

[∫ t

0

{
µ̂2(u; β0)− µ̂1(u; β0)µ̂1(u; β0)T

µ̂0(u; β0)

}
dH0(u)

]
Θβ0c

Similar to the proof in Lemma A1, we can show that supt∈[0,τ ] ‖µ̂2(t; β0) − µ2(t; β0)‖∞ =

OP (
√

log(p)/n), and thus∥∥∥∥∫ t

0

{µ2(u; β0)− µ̂2(u; β0)}h0(u)du

∥∥∥∥
∞
≤ sup

u∈[0,τ ]

‖µ̂2(u; β0)− µ2(u; β0)‖∞
∫ τ

0

h0(u)du

= OP (
√

log(p)/n). (S2)

Since
µ̂1µ̂

T
1

µ̂0

− µ1µ
T
1

µ0

=
µ̂1µ̂

T
1

µ̂0µ0

(µ0 − µ̂0) +
1

µ0

[(µ̂1 − µ1)µ̂T1 + µ1(µ̂1 − µ1)T ],

by Assumption 1 and Lemma A1,∥∥∥∥∫ t

0

{
µ̂1(u; β0)µ̂T1 (u; β0)

µ̂0(u; β0)
− µ1(u; β0)µT1 (u; β0)

µ0(u; β0)

}
h0(u)du

∥∥∥∥
∞

= OP (
√

log(p)/n). (S3)

Combining (S2) and (S3), we have that, uniformly for all t ∈ [0, τ ],∥∥∥∥∫ t

0

{
µ̂2(u; β0)− µ̂1(u; β0)µ̂1(u; β0)T

µ̂0(u; β0)

}
dH0(u)−∫ t

0

{
µ2(u; β0)− µ1(u; β0)µ1(u; β0)T

µ0(u; β0)

}
dH0(u)

∥∥∥∥
∞

= OP (
√

log(p)/n).

Then ∣∣∣∣〈U〉(t)− cTΘβ0

cTΘβ0c

[∫ t

0

{
µ2(u; β0)− µ1(u; β0)µ1(u; β0)T

µ0(u; β0)

}
dH0(u)

]
Θβ0c

∣∣∣∣
≤ζ−1

min(‖c‖1‖Θβ0‖1,1)2OP (
√

log(p)/n)

≤ζ−1
mina

2
∗pζ

2
maxOP (

√
log(p)/n)→P 0
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if p2 log(p)/n→ 0. By Assumption 4, 〈U〉(t)− v(t; c)→P 0.

Now we check the Lindeberg condition. For any ε > 0, define the truncated process

Uε(t) =
n∑
i=1

∫ t

0

Qi(u)1{|Qi(u)| > ε}dMi(u),

with a predictable variation process:

〈Uε〉(t) =
n∑
i=1

∫ t

0

Q2
i (u)1{|Qi(u)| > ε}1(Yi ≥ u)eX

T
i β

0

h0(u)du

=
n∑
i=1

∫ t

0

Q2
i (u)1{|

√
nQi(u)| >

√
nε}1(Yi ≥ u)eX

T
i β

0

h0(u)du.

Let Qmax = supt∈[0,τ ] max1≤i≤n |
√
nQi(t)|, then 1{|

√
nQi(u)| >

√
nε} ≤ 1{Qmax >

√
nε}.

By Assumption 1,

sup
t∈[0,τ ]

max
1≤i≤n

∣∣∣∣∣ cTΘβ0√
cTΘβ0c

{
Xi −

µ̂1(t; β0)

µ̂0(t; β0)

}∣∣∣∣∣ ≤ ζ
−1/2
min ‖c‖1‖Θβ0‖1,12K = O(

√
p),

and Qmax = O(
√
p). When p/n→ 0, 1{Qmax >

√
nε} = 0 almost surely. Thus 〈Uε〉(t)→P

0. Finally, by the martingale central limit theorem, the asymptotic normality follows. �

Lemma A3 provides the theoretical properties of the lasso estimator in the Cox model.

This is a direct result from Theorem 1 in Kong and Nan (2014), and thus the proof is

omitted.

Lemma A3. Under Assumptions 1–5, for the lasso estimator β̂, we have

‖β̂ − β0‖1 = OP (s0λn),
1

n

n∑
i=1

|XT
i (β̂ − β0)|2 = OP (s0λ

2
n),

where s0 = |{j : β0
j 6= 0, j = 1, · · · , p}| is the true model size.

Lemma A4. Under Assumptions 1–5, if λn �
√

log(p)/n, with probability going to 1, we

have ‖Θβ0Σ̂− Ip‖∞ ≤ γn, for γn � ‖Θβ0‖1,1s0λn.

Lemma A4 shows that, unlike linear models with the tuning parameter in the constraint

taking the order of
√

log(p)/n, the Cox model requires a potentially larger γn for the
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feasibility of Θβ0 that depends on ‖Θβ0‖1,1, as the information matrix involves the regression

coefficients.

Proof of Lemma A4. Write An =
1

n

n∑
i=1

∫ τ

0

{
Xi − η0(t; β0)

}⊗2
dNi(t)− Σβ0 .

‖Σ̂− Σβ0‖∞ ≤

∥∥∥∥∥ 1

n

n∑
i=1

∫ τ

0

[{
Xi − η̂n(t; β̂)

}⊗2

−
{
Xi − η0(t; β0)

}⊗2
]
dNi(t)

∥∥∥∥∥
∞

+

∥∥∥∥∥ 1

n

n∑
i=1

∫ τ

0

{
Xi − η0(t; β0)

}⊗2
dNi(t)− Σβ0

∥∥∥∥∥
∞

≤

∥∥∥∥∥ 1

n

n∑
i=1

∫ τ

0

{
Xi − η̂n(t; β̂)

}{
η̂n(t; β̂)− η0(t; β0)

}T
dNi(t)

∥∥∥∥∥
∞

+

∥∥∥∥∥ 1

n

n∑
i=1

∫ τ

0

{
η̂n(t; β̂)− η0(t; β0)

}{
Xi − η0(t; β0)

}T
dNi(t)

∥∥∥∥∥
∞

+ ‖An‖∞ .

Note that for all t ∈ [0, τ ], ‖Xi − η̂n(t; β̂)‖∞ ≤ 2K and ‖Xi − η0(t; β0)‖∞ ≤ 2K. Then

‖Σ̂− Σβ0‖∞ ≤
4K

n

n∑
i=1

∫ τ

0

‖η̂n(t; β̂)− η0(t; β0)‖∞dNi(t) + ‖An‖∞

≤ 4K

n

n∑
i=1

∫ τ

0

‖η̂n(t; β̂)− η̂n(t; β0)‖∞dNi(t)

+
4K

n

n∑
i=1

∫ τ

0

‖η̂n(t; β0)− η0(t; β0)‖∞dNi(t) + ‖An‖∞. (S4)

By the mean value theorem, for the jth component in η̂n (denoted by η̂nj), there exists

some β̄(j) lying inside the segments connecting β̂ and β0 such that

η̂nj(t; β̂) = η̂nj(t; β
0) +

[
∂η̂nj(t; β)

∂β

∣∣∣∣
β=β̄(j)

]T
(β̂ − β0).

Consider β in a neighborhood of β0, i.e. when ‖β − β0‖1 ≤ δ′ for some δ′ > 0, eX
T
i β ≤

e|X
T
i β| ≤ e|X

T
i β

0|+Kδ′ ≤ eK1+Kδ′ , and eX
T
i β ≥ e−|X

T
i β| ≥ e−K1−Kδ′ . Since {1(Y ≥ t) :

t ∈ [0, τ ]} is P -Glivenko-Cantelli, supt∈[0,τ ] | 1n
∑n

i=1 1(Y ≥ t) − P (Y ≥ t)| a.s.→ 0, and then
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uniformly for t ∈ [0, τ ] and β ∈ {β : ‖β − β0‖1 ≤ δ′},

µ̂0(t; β) ≥ 1

n

n∑
i=1

1(Yi ≥ t)e−K1−Kδ′ a.s.→ P (Y ≥ t)e−K1−Kδ′ ≥ π0

2
e−K1−Kδ′ .

In this case, uniformly for t ∈ [0, τ ] and β ∈ {β : ‖β − β0‖1 ≤ δ′},∥∥∥∥∂η̂n(t; β)

∂βT

∥∥∥∥
∞

=

∥∥∥∥ µ̂2(t; β)µ̂0(t; β)− µ̂1(t; β)µ̂1(t; β)T

µ̂2
0(t; β)

∥∥∥∥
∞

≤a.s.
(π0

2
e−K1−Kδ′

)−2 {
eK1+Kδ′K2 · eK1+Kδ′ + e2(K1+Kδ′)K2

}
=

8

π2
0

e4(K1+Kδ′)K2 <∞,

i.e.

∥∥∥∥∂η̂n(t; β)

∂βT

∥∥∥∥
∞

is uniformly bounded almost surely. When s0λn → 0, we have ‖η̂n(t; β̂)−

η̂n(t; β0)‖∞ ≤ OP (‖β̂−β0‖1) = OP (s0λn) and the first term in (S4) is 4K
n

∑n
i=1

∫ τ
0
‖η̂n(t; β̂)−

η̂n(t; β0)‖∞dNi(t) = OP (s0λn).

For the second term in (S4), we use an argument from Lemma A1 that supt∈[0,τ ] ‖η̂n(t; β0)−
η0(t; β0)‖∞ = OP (

√
log(p)/n) and then have

4K

n

n∑
i=1

∫ τ

0

‖η̂n(t; β0)− η0(t; β0)‖∞dNi(t)

≤4K

n

n∑
i=1

∫ τ

0

sup
t∈[0,τ ]

‖η̂n(t; β0)− η0(t; β0)‖∞dNi(t)

=OP (
√

log(p)/n).

For the last term An, by Hoeffding’s concentration inequality, we have for every t > 0 and

j, k = 1, · · · , p,
P (|An(j, k)| ≥ t) ≤ 2 exp{−nt2/C ′},
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where C ′ is a constant only depending on K4. Since An is a symmetric matrix,

P (‖An‖∞ ≥ t) = P

( ⋃
1≤j≤p,j≤k≤p

|An(j, k)| ≥ t

)

≤
p∑
j=1

p∑
k=j

P (|An(j, k)| ≥ t)

≤ p(p+ 1) exp{−nt2/C ′}.

So ‖An‖∞ = OP
(√

log(p)/n
)

. Combining the three terms in (S4), we have ‖Σ̂−Σβ0‖∞ ≤
OP (s0λn +

√
log(p)/n). Finally, we conclude that

‖Θβ0Σ̂− Ip‖∞ ≤ ‖Θβ0‖1,1‖Σ̂− Σβ0‖∞

= OP
(
‖Θβ0‖1,1s0λn + ‖Θβ0‖1,1

√
log(p)/n

)
.

�

Lemma A5. Assume lim supn→∞ pγn ≤ 1 − ε′ for some ε′ ∈ (0, 1). Then, under the

assumptions in Lemma A4, ‖Θ̂−Θβ0‖∞ = OP (γn‖Θβ0‖1,1).

Proof of Lemma A5. Note that Θ̂−Θβ0 = Θ̂(Ip − Σ̂Θβ0) + (Θ̂Σ̂− Ip)Θβ0 , then on the

event {‖Σ̂Θβ0 − Ip‖∞ ≤ γn}, we have

‖Θ̂−Θβ0‖∞ ≤ ‖Θ̂‖∞,∞‖Ip − Σ̂Θβ0‖∞ + ‖Θ̂Σ̂− Ip‖∞‖Θβ0‖1,1

≤ γn‖Θ̂‖∞,∞ + γn‖Θβ0‖1,1.

Since ‖Θ̂‖∞,∞ ≤ ‖Θ̂−Θβ0‖∞,∞ + ‖Θβ0‖∞,∞ ≤ p‖Θ̂−Θβ0‖∞ + ‖Θβ0‖1,1, we can obtain

‖Θ̂−Θβ0‖∞ ≤ γn

(
p‖Θ̂−Θβ0‖∞ + ‖Θβ0‖1,1

)
+ γn‖Θβ0‖1,1.

When lim supn→∞ γnp ≤ 1− ε′ < 1, then for n large enough,

‖Θ̂−Θβ0‖∞ ≤ 2γn‖Θβ0‖1,1/(1− γnp) � γn‖Θβ0‖1,1.

Therefore, by Lemma A4, ‖Θ̂−Θβ0‖∞ = OP (γn‖Θβ0‖1,1). �
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Lemma A6. Under Assumptions 1–3 and 5, for each t > 0,

P
(
‖ ˙̀
n(β0)‖∞ > t

)
≤ 2pe−nt

2/(8K2).

Proof of Lemma A6. Noting that ‖Xi − η̂n(t; β0)‖∞ ≤ 2K uniformly for all i, then

Lemma A6 is a direct result of Lemma 3.3(ii) in Huang et al. (2013). �

2 Further discussion on Assumption 4

Assumption 4 in the main text is a technical condition that ensures the convergence (in

probability) of the variation process for the application of the martingale central limit

theorem. Unlike the traditional application of the martingale central limit theorem to Cox

models, the dimension of Σ̃β0(t) is p× p, where p, in our setting, is diverging with n. Also,

the deterministic scalar cTΘβ0 depends on n through the dimensions of c,Θβ0 . To address

the issue, we have formulated our Assumption 4 by designing a limiting function v(t; c),

which can be viewed as the “standardized” information number up to time point t.

We also examine conditions related to the martingale central limit theorem or other

central limit theorems. For example, similar to van de Geer et al. (2014) and Fang

et al. (2017), we may utilize the Lindeberg-Feller central limit theorem by making an

assumption like ‖Θβ0Xi‖∞ = O(1) uniformly for all i = 1, . . . , n, which is analogous

to ‖Xβ0,−jγ
0
β0,j‖∞ = O(1) given in Theorem 3.3(iv) of van de Geer et al. (2014) or

supt∈[0,τ ] maxi∈[n] |XT
i,2:d(t)w

∗| = O(1) given in Assumption 4 of Fang et al. (2017). How-

ever, the assumption that ‖Θβ0Xi‖∞ = O(1) uniformly for all i = 1, . . . , n is fairly strong.

In addition, such assumptions are effectively a sparse Θβ0 assumption when p diverges with

n and covariates Xi are uniformly bounded. A sparse Θβ0 assumption is in fact what we

try to avoid.

3 Additional Simulation Results

We conduct simulations to evaluate the performance of simultaneous inference, using the

criterion of the empirical false discover proportions (FDP) defined as

FDP =
#false discoveries

max(1,#discoveries)
,
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where a discovery occurs if the adjusted Benjamini-Hochberg p-value for testing β0
j = 0 is

less than a pre-specified level, i.e., 0.05 and 0.1 in this case. The simulation settings are

the same as those used for Figure 2 and Figure 3 in Section 4 of the main text.

Figures S1 and S2 are related to independent and AR(1) (ρ = 0.5) covariance matrix

for covariates. All the three debiased lasso methods maintain FDP well-controlled below

the nominal levels and tend to be more conservative when p is large, especially for QP with

an AR(1) covariance matrix.
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Figure S1: Empirical FDP with n = 500 and independent covariance matrix, as β0
1 varies

from 0 to 2. The top and bottom panels correspond to nominal false discovery rate levels
of 0.05 and 0.1, respectively.

4 Boston Lung Cancer Study Cohort data

Table S1 shows the patient characteristics for the subset of the Boston Lung Cancer Study

Cohort data analyzed in Section 5.
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Figure S2: Empirical FDP with n = 500 and AR(1) covariance matrix (ρ = 0.5), as β0
1

varies from 0 to 2. The top and bottom panels correspond to nominal false discovery rate
levels of 0.05 and 0.1, respectively.
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Table S1: Characteristics of n = 561 patients in the Boston Lung Cancer Study for survival
analysis

Variable Category / Unit Count (%) / Mean (SD)

Age Years old 60.0 (10.9)
Race Caucasian 528 (94.1%)

Others 33 (5.9%)
Education No high school 79 (14.1%)

High school 141 (25.1%)
At least 1-2 years of college 341 (60.8%)

Gender Male 215 (38.3%)
Female 346 (61.7%)

Smoker Current or recently quit 508 (90.6%)
Never 53 (9.4%)

Histology Adenocarcinoma 360 (64.2%)
Squamous cell carcinoma 115 (20.5%)
Large cell carcinoma 45 (8.0%)
Unspecified 41 (7.3%)

Stagea Early 243 (43.3%)
Late 318 (56.7%)

Surgery No 177 (31.6%)
Yes 361 (64.3%)

Chemotherapy No 300 (53.5%)
Yes 238 (42.4%)

Radiation No 332 (59.2%)
Yes 206 (36.7%)

Treatment record Missingb 23 (4.1%)
a Stages I and II classified as early stage, and stages III and IV as late stage.
b No treatment information on surgery, chemotherapy or radiation available for

these patients.
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