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Summary:

In comparative effectiveness research (CER) for rare types of cancer, it is appealing to combine
primary cohort data containing detailed tumor profiles together with aggregate information derived
from cancer registry databases. Such integration of data may improve statistical efficiency in
CER. A major challenge in combining information from different resources however, is that

the aggregate information from the cancer registry databases could be incomparable with the
primary cohort data, which are often collected from a single cancer center or a clinical trial. We
develop an adaptive estimation procedure, which uses the combined information to determine

the degree of information borrowing from the aggregate data of the external resource. We
establish the asymptotic properties of the estimators and evaluate the finite sample performance
via simulation studies. The proposed method yields a substantial gain in statistical efficiency

over the conventional method using the primary cohort only, and avoids undesirable biases when
the given external information is incomparable to the primary cohort. We apply the proposed
method to evaluate the long-term effect of trimodality treatment to inflammatory breast cancer
(IBC) by tumor subtypes, while combining the IBC patient cohort at The University of Texas MD
Anderson Cancer Center and the external aggregate information from the National Cancer Data
Base (NCDB).
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Introduction

Comparative effectiveness research (CER) in oncology has attracted substantial attention
because of its potential to provide timely treatment comparisons and improve health
outcomes (Hahn and Schilsky, 2012). However, a major research challenge in CER is

how to best use multiple sources of data to assemble quality evidence, especially for rare
cancers. Inflammatory breast cancer (IBC) is a rare (less than 5% of breast cancer diagnoses
annually) but aggressive breast cancer subtype, with 5-year survival rates of only 35%

to 40% (Rueth et al., 2014). Because of the rarity of the disease, there have been no
prospective randomized clinical trials to assess various treatment options and to identify the
optimal ones (Robertson et al., 2010). The current IBC treatment guideline recommended
by the National Comprehensive Cancer Network is trimodality, defined as neoadjuvant
chemotherapy followed by modified radical mastectomy and post-mastectomy radiation
therapy to the chest wall and draining lymphatics. It would be medical value to evaluate IBC
patients’ long-term prognosis by treatment and their tumor subtype.

The IBC patient cohort at The University of Texas MD Anderson Cancer Center, denoted as
the primary cohort, contains valuable individual patient information, including demographic
variables, tumor biology and tumor cell proliferation markers, and detailed systematic
adjuvant therapies and surgery management (Masuda et al., 2014). This primary cohort, with
a median follow-up of 5.17 years (range 0.06 to 19 years), is ideal for better understanding
the treatment effects for these patients by tumor subtype. Although MD Anderson is the
largest cancer center in the world, the sample size of the primary cohort is not large

enough to have adequate power and efficiency to characterize treatment effects by tumor
subtype, due to the rarity of IBC. Complementary data sources, such as population-based
cancer registry databases, denoted as external data, are being used increasingly for CER

in oncology (Lyman and Levine, 2012). However, the large population-based databases,
such as the Surveillance, Epidemiology and End Results (SEER) database and the National
Cancer Data Base (NCDB), do not capture detailed tumor biology information, such as
tumor cell proliferation markers. Hence, it is not possible to rely only on population-based
databases to investigate treatment effects on disease prognosis by tumor subtype. Most uses
of such databases have focused on monitoring national trends in the disease incidence,
pattern of treatments, and mortality. Our goal is to facilitate a more accurate statistical
estimation and inference by combining individual-level data from the primary cohort (e.g.,
the MD Anderson IBC cohort) with aggregate survival information (e.g., 5-year survival
rates) from NCDB to improve evidence-based treatment guidelines for IBC patients by
tumor subtypes.

In recent statistical and econometrical literature, combining information from a primary
cohort with a published external aggregate has drawn considerable interest (Qin, 2017).

Qin and Lawless (1994) and Qin (2000) developed the empirical-likelihood framework

to borrow aggregate information from external resources, using the constraints imposed

to the likelihood. Imbens and Lancaster (1994) discussed how to define constraints on
regression parameters in econometrical survey sampling. Qin et al. (2015) used stratum-
specific probabilities from external resources to increase the estimation efficiency of logistic
regression model fitting, given case-control data. Recently, Chatterjee et al. (2016) and
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Huang et al. (2016) developed extensions to accommodate data from complex stratified
sampling designs and right-censored data. One essential assumption of the aforementioned
methods is that the aggregate information from the external databases is comparable with
those of the primary cohort. If the aggregate information was obtained from a different
population, such information borrowing may result in misleading conclusions, and any
efficiency gain could be spurious.

The penalized likelihood has been successfully used for variable selection purposes in
regression analysis, in which penalty terms and tuning parameters shrink certain regression
coefficients towards zero or exactly to zero, if needed. For example, Tibshirani (1996)
proposed a least absolute shrinkage and selection operator (LASSO), and Fan and Li (2001)
developed a non-concave penalized likelihood method with a smoothly clipped absolute
deviation (SCAD) penalty. In the context of our applications, we propose a penalized
constraint maximum likelihood to combine the primary cohort data and external aggregate
information. A penalty function with additional parameters is included to characterize the
potential discrepancy in the aggregate information from the primary cohort and external
resources.

The remainder of this article is organized as follows. In Section 2, we introduce the
notations and the Cox proportional hazards model for the data from the primary cohort
with constraints to integrate the external information. In Section 3, we propose a penalized
constraint maximum likelihood to control the degree of borrowing information from the
external resources, which is determined by the magnitude of comparability. We develop a
computational algorithm to obtain the estimators of unknown parameters. We also establish
the asymptotic properties of the proposed estimators. In Section 4, we assess the empirical
performance of the proposed estimators under various scenarios. We apply the proposed
method to analyze the MD Anderson IBC cohort with aggregate survival information from
NCDB in Section 5. We provide concluding remarks in Section 6. The detailed proofs are
deferred to the online Supporting Information.

Notation and Model

Let 7be the survival time from an initial event to an event of interest, and Cbe its censoring
time. Denote the covariates of interest by the p-dimensional vector X with a cumulative
density function (CDF) of G(:). Conditional on X, we assume that censoring time Cand
survival time T are independent, and 7 is absolutely continuous. Denote the conditional
density function and the conditional survival function of 7 given X = x as f4x) and S(4x).
The observed data are represented by 7 independent copies, (Y, A; X),/=1, ---,n, where Y;
=min{7; C}, Aj= (T;< C), and /() is the indicator function.

We assume the survival time 7 follows the proportional hazards model (Cox, 1972): A(4x)
= A(9) exp(x7B), where Bis a p-dimensional vector of regression coefficients and A(#) is an

unspecified baseline hazard function. Let A(r) = /(;A(u)du be the corresponding cumulative

baseline hazard function. Under the proportional hazards model, the full log-likelihood
function for the observed data including covariate information is, up to a constant,
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Ip= Y [4[X] B+ log{dA(Y)}] — A(Y))exp(X] B) + log{dG(X,)}]. ©
=1

Following the empirical likelihood principle (Owen, 1988; Qin and Lawless, 1994), let A;
be the jump of A at Y;and p;be the jump of G at X . The log-likelihood function can be
rewritten as the sum of the conditional likelihood of (Y; A) given X (denoted as 4) and log
marginal likelihood of X (denoted as 4), where

n n
()] 4{XT B + 1og()) - ) 48O, p),
= i =

n n
I = E log(p;), and,S(O)(t, B = n1 Z I(Yj > t)exp(Xfﬁ).
i=1 =1

Suppose that in addition to individual-level data from the primary cohort, some aggregate
information from the external resources is available. For example, the survival rates at time
r* by subgroups are commonly reported using data from large population-based registries,

P(T>r|XeEQ) =duk=12 K. @

We want to use such external information appropriately to improve the estimating efficiency
for unknown parameters for the primary cohort under the proportional hazards model.

3. Method

For the primary cohort, we define the survival rate of the subgroup Qy, as ¢, i.e.,
PrT >t | X € ) =¢f k=1,-,K. @A)

When integrating the aggregate information with the primary cohort, one necessary
assumption for the existing methods is that the survival information should be comparable
between the different resources, i.e., ¢; = ¢, k=1, -+, K referred to as the comparability

assumption by some authors (Huang et al., 2016). We briefly review the work of Huang

et al. (2016) in Section 3.1, and then present our proposed method to accommodate the
potential violation of the comparability assumption, i.e., there exists at least one & such that
¢ # ¢, in Section 3.2.

3.1 Comparable aggregate information from external resources

Under the assumption of comparability, we review the double empirical likelihood with
constrains by Huang et al. (2016). The external aggregate information only depends on
parameters of Band A(#*). As noted in Huang et al. (2016), the Breslow-type estimator of
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A(r*, p) yields biased estimation, since it involves the unknown parameter B. The solution is
to introduce an additional parameter, defined as a = A(#), whose sample analogue is

n

DALY < %) —a=0. @)
i=1

Under constraint (4) and by the method of Lagrange multipliers, the objective function to be
maximized is

n

> 4{XT B+ log(h)} — n zn: 48O, p) - nv zn: MY € 1) = al.

[ ®)
i=1 i=1 i=1

Taking a derivative of (5) with respect to A, and letting the derivative be 0, they have

4
A = :
L n{SO, B+ vI(r; < 1))

(6)

where vis determined by Y7 _ I[AiI(Y,- < t*)/{S(O)(Y,-, B) + vI(Y; < z*)} - a] = 0. After
plugging Equation (6) into (5), they have the double empirical log-likelihood,

I = i A,-[X[Tﬁ - log{S(O)(Y,-, B) +VvI(Y; < t*)}] + nva + i log(p;). @)
i=1 i=1

Given the external aggregate information, the estimators of 8, a, and v can be derived by
maximizing the likelihood function (7) with the following constraints:

n

n
pi>0, Y pi=1 Y p¥Xipoa ) =0.k=1 K, ®
i=1 i=1
where ¥ (X;; B, @, ¢) = 1(X; € 2)[exp{—aexp(X] B)} - ¢;|- We denote the corresponding
estimators of B, a, and v here as B¢, & and V¢, respectively. Using the combined
information, the baseline cumulative hazard function A(# can be estimated by:

~ n AI(Y; < t
Ac) = % Z T Al ( tA ) )
iS18(vi Be) + cI(Y; < 1)

3.2 Potentially incomparable information from external resources

Cohorts with subjects enrolled in a single institution (e.g., MD Anderson) may not
be comparable to the aggregate survival information, which is derived from a different
population. Note that Equation (3) can be expressed equivalently to

E[[(x € _Qk)[exp{—/\(t*)exp(XTﬁ)} - ¢,’;‘] X e Qk] =0 k=1 -,K.
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We introduce a K-dimensional vector parameter z= (7, , zx)’ to incorporate the
potential incomparable information for ¢;: E{¥(X;; B, @, ¢x) | X; € 2} = 7, for k=

1, -+, K When the information from the two resources are comparable, we have
o =¢f — ¢ =0, k=1, , K Otherwise, there exists at least one & such that. We need to

estimate zand identify non-zero z;s to adaptively combine the aggregate information from
the external resources.

We propose a penalized empirical likelihood with extra constraints, which includes the
log-likelihood specified in (7) and a penalty term with a tuning parameter ) on the potential
differences characterized by z,

K
lpe=1-n Z py(lTkl)’ C)
k=1

under constraints ¥7_ 1 p; = 1, pi=0and X7 _ 1 pi{PiXis B, @, ) — I(X; € )z} = 0, for
k=1,-, K. Here, we use the smoothly clipped absolute deviation (SCAD) penalty, defined
as

2 = 2ayltl 4+

2 2
py(l) = yltlI(1t]l < y) a-1D I(y < Itl < ay) + %I(Itl > ay),

with the first derivative of

(ar =
PO = 1|16 < )+ T > 1),

where y >0, and the parameter ais set to be 3.7, as recommended by Fan and Li (2001).
The SCAD penalty has been well studied in the literature and has many desirable properties,
including continuity, sparsity, and oracle property (Fan and Li, 2001; Fan and Peng, 2004).

Denote ¥(X; B, a) = (Y1(X;; B a, ¢1), -, Yi(Xii B, a, $)) Tand I ;= ((X,; € Qq), -,
IX; € Q). Applying the method of Lagrange multipliers to the penalized log-likelihood,
we have

X T ! s
1+ &6 a0 (¥(Xi f.0) ~ 1; O 1)

1
pi= (10)

where O is the Hadamard product and &8, a, 7) is determined by

n
1 YX;Ba)-1;O
) =0

iE11+ & a0 (WX B.a) - IO 1)

with a constraint 1+&(B, a, ©) "{¥(X; B, a)-| o} = 1/nto satisfy 0 < p;< 1 for any given
B, a, and z. By substituting (10), the maximization of the log-likelihood /p, with the extra
constraints can be achieved by maximizing the following penalized profile log-likelihood:
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lpro(B 0. 7) = 37 4[X] B ~10g{SPY;. B) + W(B. @ DI(Y; < 9] + nu(B,
i=1
K (11)

e Da— Y log[l + &P, a0 (¥(X;; f.a) = I O 7}| = n Y, p/lw).

i=1 k=1
where v(B, a, ) = %Z;; 1 {f(ﬁ, a, r)Td‘I’(Xi; B, @)/ da}/[l +&B, a, T)T{‘I‘(X,-; B,a)—1,0 r}]

To maximize (11), we design a stable and efficient algorithm based on the method of

profile likelihood. For any given z, we can apply the estimation procedure in Huang et al.
(2016) to obtain the estimators f(z), a(r), and ¥(r): = v(B(z), &(r), T). We then maximize
1pro(B(T), &(1), V(1)) to obtain the estimator 7, and finally update all estimators by g = B(2),
a = a(7), and v = V(7). Given these estimators, the cumulative baseline hazard function A(#)
can be estimated by

n ANI(Y; < 1)

S
Ay = '
® nlg:l sO(v;. B) + 01(v; < 1)

We call the proposed estimators the adaptive double empirical likelihood (ADEL) estimators
from now on. In the estimating procedure, we choose the tuning parameter , such that it
minimizes the Bayesian information criterion (BIC)-like criterion (Wang et al., 2007, 2009;
Kai et al., 2011; Chen et al., 2014).

3.3 Asymptotic Properties

We establish asymptotic properties of (8, 7, A), where true values of these parameters are
denoted as (By, Ty, Ag). Technical challenges arise due to the infinite dimension of A(:),

as well as the variability from the estimated z. Under the mild regularity conditions given
in the online Supporting Information, we apply the empirical process techniques to prove
the consistency and asymptotic normality of B, consistency of 7, and weak convergence of
A. We respectively summarize the asymptotic properties of estimators under two settings in
which the aggregate information are comparable or incomparable with the primary cohort.
The proofs of the following Theorems are found in the online Supporting Information.

Theorem 3.1: When the external information is comparable (g = 0), under the regularity
assumptions specified in the online Supporting Information, as n— co, P(t = 0) — 1;
\/ﬁ(f} - ﬂo) converges to a multivariate normal distribution with a zero mean and covariance

: ~—1=T\"1 . . . . .
matrix ! = (2 + BQ 1BT) , where 71 is the asymptotic covariance matrix of the partial

likelihood estimator of B, B and Q are defined in the online Supporting Information, and
\/Z{ AQt) — Ao(z)} converges to a zero-mean Gaussian process.

Remark 1.: When 7y = 0, Theorem 3.1 shows that \/ﬁ(/? - /30) has the same asymptotic

normal distribution as \/Z(fic - /30). This implies that the proposed estimator achieves the
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same efficiency as that by Huang et al. (2016). Similarly, at any ¢> 0, yn{ A(r) — Ao(1)} has
the same asymptotic distribution as ﬁ{ﬁc(z) - Ao(t)}. Hence, we do not have any efficiency
loss for the estimation of A(-) compared with the method of Huang et al. (2016).

When the external information is incomparable with the primary cohort (zy # 0), let
0 = (41 70p)- Without loss of generality, we assume zy; # 0 and z; = 0.

Theorem 3.2: Under the regularity assumptions specified in the online Supporting
Information,, as 7— 00 7 —P zo1; P(Fgp = 0) — 1; V(B — fiy) converges to a zero mean
multivariate normal distribution with covariance matrix I'*~1 = (£ + BQ1B7)~1, where
I'* is nonsingular, and B and Q are defined in the online Supporting Information; and
Vn{A() — Ag(n)} converges to a zero-mean Gaussian process.

Remark 2.: Note that (Z + BQ 1B7)L < =L and BQ™'B” < BQ 'B’. This implies I
<T*1 <X confirming that the proposed estimator is more efficient than the partial
likelihood estimator by using the primary cohort only. On the other hand, the estimating
equations in Huang et al. (2016) have non-zero expectations in the presence of non-zero

g, thus the corresponding estimator is not consistent (Struthers and Kalbfleisch, 1986).
Although the asymptotic variance of B is smaller than that of g, the non-consistency of B¢

could bring misleading statistical inferences.

4. Simulation

We conducted simulation studies to evaluate the finite sample performance of the proposed
ADEL. We further compared the performance of ADEL estimators with those of the
standard Cox regression model with the partial likelihood (PL), and those of the double
empirical likelihood (DEL) method by Huang et al. (2016) and its extended DEL (DEL-E)
for handling a special case of the violation of the comparability assumption.

4.1 Simulation set up

For the primary cohort, we considered two covariates: X; was a continuous covariate
following the standard normal distribution and X, was a binary variable with Pr(X, = 1) =
0.5. The survival times were generated from a Cox model with a hazard function of A(4.X1,
Xo) = 2texp(X1b1 + Xo50). Here, we set 5, = -0.5 and B, = 0.5. The censoring times

were generated from a uniform distribution with varying upper boundaries to have different
censoring percentages. Sample sizes of 100 and 200 were used, and each scenario had 500
repetitions.

The aggregate information consisted of survival rates at # = 0.5 for two subgroups classified
by the covariate information: Qq = {(X1, X5) : X1 <0, X, =0} and Q, = {(X1, Xo) : X1 >0,
X5 = 0}. Under the Cox model for the primary cohort, the survival information was specified
as ¢f = Pr(T > t* | X € Q1) = 0.68, and ¢3 = Pr(T > t* | X € &) = 0.84, respectively.
We considered different settings in terms of magnitudes of discrepancy, representing four
realistic relationships between the primary cohort and external aggregate information.
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Setting 1. The external aggregate information were matched with those of the
primary cohort, i.e., (¢, ¢2) = (¢}, ¢3) = (0.68, 0.84) and (z1, ) = (0, 0).

Setting 2. The external aggregate survival rates of the two subgroups were 0.64 and
0.88, i.e., (1, &) = (0.04, —0.04). Under this setting, although the aggregate survival
rates of the two subgroups were not exactly comparable, the “marginal” aggregate
survival rate of the subgroup X, = 0 was comparable (=0.76) between the primary
cohort and external information.

Setting 3. The external aggregate survival rates of the two subgroups were 0.65

and 0.81, i.e., (71, ) = (0.03, 0.03). In other words, the survival rates of the two
subgroups in the primary cohort were higher when compared with the rates from the
external resource.

Setting 4. The external aggregate survival rates of the two subgroups were 0.62 and
0.78, i.e., (71, &) = (0.06, 0.06). This setting was similar to Setting 3, but with larger
disparities between the primary cohort and external data.

4.2 Simulation results

In the settings of our simulation studies, we found that 7 = 0 when » >= 2. Our proposed
penalized empirical likelihood became the empirical likelihood in Huang et al. (2016) when
7 = 0. This implied that a reasonable range of the tuning parameter was [0, 2], otherwise the
imposed penalty on zwas too large, such that 7 = 0. We therefore chose the value of the
tuning parameter by minimizing the BIC-like criterion (Wang et al., 2007, 2009; Kai et al.,
2011; Chen et al., 2014) over y € [0, 2].

Tables 1-4 summarize simulation results of the estimated regression coefficients under
four settings, respectively. The summary statistics are the empirical biases, empirical
standard deviation (SD), estimated standard errors (SE), square root of mean squared
errors (RMSE), and coverage probabilities (CP) of 95% Wald-type confidence intervals for
the estimated regression coefficients 8. Tables S1 and S2 in the Supporting Information
show simulation results for the estimated cumulative baseline hazard function. To
report the overall performance of A(r), we used a sequence of 100 equidistant time
points within the interquartile range of the simulated survival time, denoted as (4, -,
fi00). We then summarized the mean of the estimators, standard errors, and converge
probabilities over these time points, and used these statistics to compare performance of
the four methods. We also calculated the empirical mean of the integrated squared error
(EMISE) to summarize the accuracy and efficiency of all estimates of A(-) as follows:

EMISE(A) = Yo% 1%, {49 - A(1)}/50000, where 4(. ) was the estimator of A()

using the gth data set, for g=1, ..., 500.

Under Setting 1, all four methods performed well and the empirical biases of the four
estimates were negligible. The censoring degree did not affect the estimation bias much,

but increased the estimation variation of all four methods. Since the external information
was the same as survival probabilities of the primary cohort, the DEL estimators had the
smallest SDs and RMSEs, as expected. Although the proposed method posed two additional
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parameters to account for the potential disparities between the primary cohort and external
information, it was more efficient than the PL method, with smaller SDs and RMSEs.

The estimated standard errors agreed well with the standard deviations, and the coverage
probabilities were close to the nominal value. These observations confirm that the analytical
variance estimation procedure can capture the true variation of the estimation procedure.

Under Setting 2, the external aggregate survival rates of the two subgroups (Q; and Q,)
did not match well with those of the primary cohort (z;, ) = (0.04, —0.04). The proposed
method still performed well in terms of estimating the regression coefficients gand A(9).
The DEL and DEL-E methods produced larger biases for both the estimated gand A(%), due
to incorporating incomparable external information without any adjustment. For example,
the biases of the regression coefficient corresponding to X; were at least three times larger
than the related standard deviations, regardless of the censoring percentages, which could
lead to misleading inferences with < 5% coverage probabilities. As noted, despite the
discrepancy between the primary cohort and external information within the subgroups Q4
and Q,, the marginal survival rate of the subgroup X, = 0 was comparable (=0.76). As
shown in Table 2, the biases of 3, related to the covariate X, by the DEL and DEL-E

methods were smaller compared with those of 4. Due to the same reason, the efficiency
gain of our proposed estimators over the PL method for 5, was larger than that for 5;.

Under Setting 3, although there was discrepancy in the survival rates between the

external resources and the primary cohort (z1, 7o) = (0.03, 0.03), the proposed method
could adaptively determine the degree of information integration, resulting in reasonable
estimators and inference results. In contrast, the biases of the DEL and DEL-E estimators
were not ignorable, and they did not decrease with increasing sample sizes. With more
discrepant information between the external resources and primary cohort (Setting 4), the
proposed method still had comparable performance with the PL method, while the DEL and
DEL-E estimators again had substantial biases that could lead to misleading conclusions.

We also conducted simulation studies to evaluate the finite sample performance of the
proposed method when the external aggregate survival rate A 7> r*|.X, = 0) was comparable
with the primary cohort, but A 7> £*|.X; = 1) was not, i.e., (1, ) = (0, 0.06). Table S3 in
the online Supporting Information summarizes the simulation results. Under this setting, our
proposed method was more efficient than the standard Cox regression (PL), and had smaller
estimation biases and more accurate inference conclusions than DEL and its extension
(DEL-E) by Huang et al. (2016).

Note that the DEL-E method is proposed to handle a special case of the violation of the
comparability assumption. Specifically, the hazard function of the external survival data is
assumed to follow a Cox model A(4x) = A*(2) exp(x’p). The survival difference between the
two resources is assumed to be caused by different baseline hazard functions via a constant
p, e, A*(9 = pA(d. In contrast to this special case, our proposed method considers a

more general scenario without imposing such model assumptions. Under Settings 2—4, the
information discrepancy did not follow the specific model required by the DEL-E method.
Therefore, the DEL and DEL-E methods had similar performance, although DEL-E slightly
outperformed the DEL method.
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Figure 1 displays the means of estimated cumulative baseline hazard functions with 95%
empirical confidence intervals by the aforementioned four methods for Setting 2. As
expected, the proposed method outperformed the PL method with narrower confidence
intervals, although both can capture the true cumulative baseline hazard curve with
negligible biases. It was not surprising that the DEL method estimated curve was

biased, underestimating the risk of developing the event of interest. This was due to the
incomparable information between different resources. We observed the same pattern in the
estimated cumulative baseline hazard functions under Settings 3 and 4.

We further calculated the relative efficiency (RE) of the three methods compared with the

PL method, defined as the RMSE from each of the three methods divided by that of the

PL method, respectively. In general, the REs of the proposed method were less than one,
supporting the systemic efficiency gain regardless of whether the external information was
comparable or not to the primary cohort. With an increase in the sample size of the primary
cohort, the REs of the proposed method increased and the efficiency gains via integrating the
external information decreased, as expected.

5. Application

5.1

IBC data cohort and aggregate survival information

IBC is a rare but aggressive form of breast cancer that accounts for < 5% of all breast cancer
diagnoses (Rueth et al., 2014). Although the use of the recommended therapy, trimodality
treatment, has shown a survival advantage for the IBC patients, there is limited research to
reveal how the molecular biology of IBC tumors might be associated with the trimodality
treatment effects.

Ki-67, one of tumor cell proliferation markers, has received increasing attention in the
precision treatment for breast cancer patients. The evaluation of Ki-67 has been integrated
into emerging prognostic tools, such as the Immunchistochemical 4 score for predicting
disease recurrence in early breast cancer (Lakhanpal et al., 2016). We analyzed the IBC
cohort data from the Morgan Welch Inflammatory Breast Cancer Research Program and
Clinic at MD Anderson. We focused on a cohort of patients who had been diagnosed with
non-metastatic IBC between 1992 and 2012, with a median follow-up of 5.17 years and a
censoring rate of 58%. After excluding patients who had missing information regarding the
Ki-67 status of their tumor, our cohort included 257 IBC patients.

NCDB is a collaborative effort of the American College of Surgeons, the American Cancer
Society, and the Commission on Cancer. NCDB collects patient demographics, treatments
and survival data from hospitals across the USA (Raval et al., 2009). The aggregate survival
information of IBC patients has been reported using NCDB data. In the paper by Rueth et al.
(2014), the authors identified a cohort of 10,197 patients with non-metastatic IBC diagnosed
from 1998 to 2010, and evaluated the impact of trimodality treatment on survival. Although
this NCDB cohort had a much larger sample size than that of the MD Anderson cohort,

it did not capture detailed information on tumor markers such as Ki-67. Hence, it is not
possible to only rely on NCDB data to investigate the prognostic or predictive value of Ki-67
on IBC patients.

Biometrics. Author manuscript; available in PMC 2021 September 29.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Chenetal.

Page 12

Our goal is to combine the MD Anderson IBC cohort (primary cohort) with the external
aggregate information from NCDB. As reported by Rueth et al. (2014), the 5-year survival
rates among IBC patients with and without the use of trimodality treatment were 0.554 and
0.401, respectively. As noted, there is a potential referral bias for large cancer centers, such
as MD Anderson, and it is unlikely that IBC patients treated at MD Anderson will represent
IBC patients within USA (Al-Hasan et al., 2011). Accordingly, we should not directly

use aggregate information from NCDB under the comparability assumption to improve the
estimating efficiency.

5.2 Analysis results

We fitted a Cox model on the overall survival by including the Ki-67 status (negative vs.
positive), the use of trimodality treatment, and the interaction term of Ki-67 status and
trimodality treatment. The same strategy applied in the simulation studies was used to
identify the value of the tuning parameter in the IBC data. Specifically, we first identified a
possible range for the turning parameter and then used a finer grid search for the minimizer
of BIC-like criterion within the range. Table 5 shows the estimated regression coefficients
and cumulative baseline hazard functions at 3 years and 5 years with their standard errors
and p-values from Wald-type tests.

All four methods resulted in similar overall conclusions: the IBC patients with positive
Ki-67 status had the highest risk of death and the effect of trimodality treatment differed

by Ki-67 status. The trimodality treatment significantly improved the overall survival for
patients with positive Ki-67 status, but showed little benefit for patients with negative Ki-67
status. Specifically, by the proposed method, the log hazard ratio of the use of trimodality
treatment was —0.972 (standard error = 0.210, p-value <0.001) for IBC patients with positive
Ki-67 status, and was 0.369 (standard error = 0.646, p-value = 0.568) for IBC patients with
negative Ki-67 status. However, the magnitudes of the treatment effects estimated by the
DEL and DEL-E methods were substantially larger than those by the other two methods,
suggesting the potential incomparability on the external information against the primary
cohort. The estimated values of z; and =, by our proposed method were —0.1125 and

0. Specifically, the 5-year survival rate of IBC patients without receiving the trimodality
treatment at MD Anderson was lower than that of the NCDB cohort, although the 5-year
survival rates of IBC patients receiving the trimodality treatment were comparable between
the two resources. This observation is not surprising, because MD Anderson treated many
referred IBC patients, who had received their initial treatment elsewhere, which may not be
the standard recommended therapy.

For the cumulative baseline hazard function (see Figure 2), by adaptively incorporating
external survival information, the proposed method had similar point estimates, but narrower
confidence intervals compared with the PL method. On the other hand, the baseline hazard
functions estimated by the DEL and DEL-E methods showed a substantial underestimation
compared to that from the standard PL method, due to ignoring the incomparability on the
survival information.
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6. Discussion

We have proposed a penalized empirical likelihood approach to accommodate the potential
discrepancy between the primary cohort data and external aggregate information, when
combining the two resources for efficiency improvement. The primary cohort with

detailed tumor information is the target population of interest (e.g., IBC patients at

MD Anderson), and the primary purpose is to evaluate the treatment effects by tumor
subtype for hypothesis generating. The large population-based databases unfortunately do
not capture detailed tumor biology information, such as tumor cell proliferation markers.
Therefore, the propensity-score based approaches cannot be directly applied here to improve
statistical efficiency. Developing personalized medicines is a long journey. If the treatment
heterogeneity by tumor subtype can be pinpointed by combining the primary cohort (an
observation study) and large population-based databases, confirmation of such findings
would require further evaluation through randomized clinical trials (RCTs). Then evaluating
the results observed from the RCTs in the general patient population, represented by large
population-based databases such as NCDB, would be the next step to advise the clinical
practice. Our work is focused on the first step of the process.

The proposed penalized likelihood allows us to determine the degree of information
borrowing from the external resources by making use of the parameter z; and the

penalty function. Although the value of z; may not be a rigorous indicator for measuring
comparability, the proposed method is to use such a modeling structure to adaptively adjust
the utility of the external ancillary information, regardless of whether they are comparable or
not to the primary cohort.

Although we have assumed the Cox regression model for the primary cohort, due to its
popularity in survival analysis, the proposed estimation and inference method can be readily
extended to other types of semiparametric models, such as the proportional odds model

and accelerated failure time model. We have focused on the scenario in which the external
information is aggregate survival rates at a single time point. In practice, aggregate survival
information may be available at multiple time points (e.g., 1-year and 3-year survival rates).
The proposed method can be readily generalized to accommaodate such information. Please
see online Supporting Information for more details.

In our data application, the external survival rates obtained from NCDB had a negligible
variation, and thus they can be integrated as estimating constraints in the likelihood.
However, in other applications, such information may be estimated with non-negligible
uncertainties from an external dataset. The proposed method is not directly applicable for
such a case. Developing rigorous tools that account for the uncertainty of the aggregate
information in the estimation and inference procedures is beyond the scope of this paper,
though worthy of future research.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1:

Estimated cumulative baseline hazard functions under Setting 2 with a sample size of n=
200: true curve (black solid), estimated curve (gray dashed) with 95% confidence intervals
(Cls) (gray dotted) by the proposed method, estimated curve (red dashed) with 95% Cls (red
dotted) by PL method, estimated curve (green dashed) with 95% Cls (green dotted) by DEL
method, and estimated curve (blue dashed) with 95% Cls (blue dotted) by DEL-E method.

Biometrics. Author manuscript; available in PMC 2021 September 29.




1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Chen et al.

Cumulative Baseline Hazard Function

0.8

0.6

0.4

0.2

0.0

Page 17
= = PL Estimator A
e o PL95% CI ..'.°
- « DEL Estimator v ™
e 9 DEL95%CI o’ .ooo
- « DEL-E Estimator ” o ®
e o DEL-E95% CI .°° ..""
ADEL Estimator L . BRI
ADEL 95% CI Ve « d
. L] .. . ° [ ] _ - — -
[ ] . "~ () — P — -—
. ... L - ~ - - e» o
° ° ° - - e o P
.o .o ¢ s = S - ,/ : il B
2L g 2= =7
- [] -~ ’
R
s S B "
o o ¢ 3 § § \.; s s g i s s o /
| | | | | [
1 2 3 4 5] 6
Year
Figure 2:

The estimated cumulative baseline hazard function A(#) of the inflammatory breast cancer
study.
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Simulation results (all the entries are multiplied by 100) under Setting 1. PL, the standard Cox regression with
the partial likelihood; DEL and DEL-E, the double empirical likelihood method and its extension by Huang et
al. (2016); ADEL, the proposed adaptive double empirical likelihood method.

B B2
PC  Method Bias SD SE RMSE CP RE Bias SD SE RMSE CP RE
Sample Size=100

0% PL -127 11.09 11.56 1115 954 - 193 2169 21.25 21.76 954 -
DEL -0.68 4.92 4.90 496 954 044 -076 1762 17.48 1762 948 0.81

DEL-E -0.80 5.02 4.96 508 95.0 0.46 1.61 2107 21.02 2111 954 0.97

ADEL -1.29 9.65 8.73 9.73 950 0.87 0.72 18.96 18.91 1896 946 0.87

15% PL -153 1228 1243 1236  95.2 - 117 26.29 23.05 2629 920 -
DEL -0.31 5.03 4.87 504 952 041 -095 2033 18.72 20.33 924 0.77

DEL-E -0.38 5.07 491 508 952 041 0.72 25.95 22.80 2593 92.0 0.99

ADEL -1.65 10.68 9.67 10.80 96.6 0.87 0.33 2242 20.55 2240 93.0 0.85

30% PL -197 1327 13.68 13.40 954 - 211 29.04 2544 29.08 922 -
DEL -0.32 5.09 4.94 510 950 0.38 -0.80 2144 20.20 2143 928 0.74

DEL-E -041 5.14 4.98 515 956 0.38 151 2867 2515 28.68 918 0.99

ADEL -2.04 1134 10.90 1151 96.6 0.86 0.84 2335 2281 2334 938 0.80

Sample Size=200

0% PL -0.18 8.15 8.00 8.15 954 - 0.44 1517 14.78 1516 95.2 -
DEL -0.35 3.48 3.44 349 944 043 -1.09 1250 12.26 1254 952 0.83

DEL-E -0.42 351 3.47 353 940 043 0.23 1492 14.68 1491 946 0.98

ADEL -0.44 7.19 6.29 720 938 0.88 -0.28 1352 13.06 1351 948 0.89

15% PL -1.10 8.87 8.66 892 95.0 - -076 1584 15.99 15.84 942 -
DEL -0.39 3.53 3.51 355 950 040 -1.05 1259 13.14 12.62 952 0.80

DEL-E  -0.39 3.53 3.52 355 948 040 -117 1562 15.88 1565 95.0 0.99

ADEL -1.17 7.98 6.89 805 942 090 -054 1385 14.14 1385 950 0.87

30% PL -1.12 9.60 9.49 9.66 95.4 - -071 1811 1759 18.11 936 -
DEL -0.37 3.60 3.56 361 958 037 -122 1425 1417 1428 944 0.79

DEL-E -0.38 3.61 3.57 362 954 037 -117 1786 17.47 17.88 934 0.99

ADEL -1.09 8.73 7.10 880 946 091 -065 1591 1550 1591 948 0.88
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Simulation results (all the entries are multiplied by 100) under setting 2. PL, the standard Cox regression with
the partial likelihood; DEL and DEL-E, the double empirical likelihood method and its extension by Huang et

al. (2016); ADEL, the proposed adaptive double empirical likelihood method.

B1 y:23
PC  Method Bias SD SE RMSE CP RE Bias SD SE RMSE CP RE
Sample Size=100

0% PL -1.27 11.09 11.56 1115 954 - 193 2169 21.25 2176 954 -
DEL -21.30 6.34 5.94 22.22 3.0 1.99 328 1925 17.72 1951 926 0.90

DEL-E -21.45 6.48 6.09 22.40 40 201 534 2274 2115 2334 932 1.07

ADEL -2.80 1092 11.04 11.26 930 1.01 117 1929 2021 19.30 956 0.89

15% PL -153 1228 1243 1236 95.2 - 117 26.29 23.05 2629  92.0 -
DEL -21.90 6.70 6.09 22.90 42 1.85 262 2231 19.00 2244 904 0.85

DEL-E -21.98 6.71 6.23 22.98 48 1.86 425 2797 2296 28.27 88.6 1.08

ADEL -270 1181 12.06 12.10 932 0.98 149 2270 21.86 2273 940 0.86

30% PL -1.97 1327 13.68 13.40 954 - 211 29.04 25.44 29.08 922 -
DEL -22.83 6.94 6.35 23.86 36 178 246 2372 20.52 23.82 898 0.82

DEL-E -22.98 6.97 6.49 24.02 42 179 499 31.03 25.33 3140 89.2 1.08

ADEL -3.01 1235 12.90 1270 920 0.95 1.99 23.87 23.96 2393 956 0.82

Sample Size=200

0% PL -0.18 8.15 8.00 8.15 954 - 044 1517 14.78 15.16  95.2 -
DEL -20.57 4.61 4.23 21.07 02 259 3.13 1380 1244 1414 918 0.93

DEL-E -20.60 4.72 4.33 21.12 06 259 3.87 16.42 1475 16.86 922 1.11

ADEL -1.34 8.41 7.86 851 930 1.04 0.84 13.80 14.34 13.81 956 0.91

15% PL -1.10 8.87 8.66 892 950 - -0.76 15.84 15.99 15.84 94.2 -
DEL -21.59 4.82 4.43 2211 04 248 249 1392 13.35 1413 936 0.89

DEL-E -21.49 4.83 4.53 22.02 04 247 195 17.18 1595 17.27 918 1.09

ADEL -2.33 8.85 8.48 915 924 1.03 031 1423 15.14 1422 956 0.90

30% PL -1.12 9.60 9.49 9.66 954 - -071 1811 17.59 18.11 93.6 -
DEL -22.50 4.97 4.61 23.04 04 239 194 1562 14.40 1573 922 0.87

DEL-E -22.46 5.00 4.71 23.01 04 238 1.82 1950 17.55 19.56 904 1.08

ADEL -2.09 9.38 9.33 9.60 942 0.99 024 16.10 16.99 16.09 952 0.89
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Simulation results (all the entries are multiplied by 100) under setting 3. PL, the standard Cox regression with
the partial likelihood; DEL and DEL-E, the double empirical likelihood method and its extension by Huang et
al. (2016); ADEL, the proposed adaptive double empirical likelihood method.

B B2
PC  Method Bias SD SE RMSE CP RE Bias SD SE RMSE CP RE
Sample Size=100

0% PL -127 11.09 11.56 1115 954 - 193 2169 21.25 21.76 954 -
DEL 3.79 4.58 4.57 594 794 053 -854 16.84 17.20 18.86 942 0.87

DEL-E 3.40 4.74 4.67 583 814 052 0.88 20.86 21.00 2086 96.2 0.96

ADEL -1.06 10.17 9.94 1021 928 092 -125 1875 19.69 18.77 958 0.86

15% PL -153 1228 1243 1236  95.2 - 117 26.29 23.05 2629 920 -
DEL 4.23 4.65 4.52 6.28 770 051 -9.11 1941 1842 2142 924 081

DEL-E 3.93 473 4.60 6.15 782 0.0 0.05 25.67 22.78 2564 922 0.98

ADEL -1.62 11.47 11.01 1157 932 094 -1.62 2223 2144 2227 950 0.85

30% PL -197 1327 13.69 13.40 954 - 211 29.04 2544 29.08 922 -
DEL 4.29 4.69 4.57 6.36 76.2 047 -952 2049 19.88 2258 926 0.78

DEL-E 4.02 4.77 4.64 6.23 782 0.46 0.86 28.35 25.12 2833 924 097

ADEL -1.95 12.08 1222 1223 944 091 -0.85 2350 23.66 2349 954 081

Sample Size=200

0% PL -0.18 8.15 8.00 8.15 954 - 0.44 1517 14.78 1516 95.2 -
DEL 4.07 3.24 321 520 70.6 064 -879 1192 12.06 1480 912 0.98

DEL-E 3.75 3.30 3.26 499 736 061 -048 1472 14.66 1471 958 0.97

ADEL -0.57 7.89 7.54 790 930 097 -1.98 1359 1411 13.72 954 0.91

15% PL -1.10 8.87 8.66 892 95.0 - -076 1584 15.99 15.84 942 -
DEL 4.14 3.26 3.26 527 722 059 -9.09 1201 12093 1505 90.8 0.95

DEL-E 3.89 3.29 3.30 510 754 057 -1.77 1542 1587 1551 946 0.98

ADEL -1.12 8.31 7.74 838 922 094 -282 1395 14.89 1421 952 0.90

30% PL -1.12 9.60 9.49 9.66 95.4 - -071 1811 1759 18.11 936 -
DEL 4.23 3.32 3.29 537 712 056 -9.79 1364 13.95 16.78 89.0 0.93

DEL-E 4.01 3.35 3.33 522 744 054 -173 1765 17.46 1772 946 0.98

ADEL -1.12 9.03 8.57 9.09 924 094 -275 1583 16.38 16.05 954 0.89
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Simulation results (all the entries are multiplied by 100) under Setting 4. PL, the standard Cox regression with
the partial likelihood; DEL and DEL-E, the double empirical likelihood method and its extension by Huang et

al. (2016); ADEL, the proposed adaptive double empirical likelihood method.

B B2
PC  Method Bias SD SE RMSE CP RE Bias SD SE RMSE CP RE
Sample Size=100

0% PL -127 11.09 11.56 1115 954 - 193 2169 21.25 2176 954 -
DEL 7.36 4.30 4.29 852 558 0.76 -1573 16.18 16.97 2255 878 1.04

DEL-E 6.81 4.50 4.42 816 59.8 0.73 0.30 20.72 20.98 20.70 964 0.95

ADEL -1.68 10.79 10.82 1091 922 0.98 -3.27 19.48 20.43 19.73 958 0.91

15% PL -153 1228 1243 1236  95.2 - 117 26.29 23.05 2629  92.0 -
DEL 7.84 4.34 4.23 895 518 0.72 -16.65 1864 18.17 2498 852 0.9

DEL-E 7.40 4.45 433 864 56.0 0.70 -0.48 2546 22.76 2544 926 097

ADEL -2.04 1171 1178 11.87 932 0.96 -3.41 2261 2232 2285 944 087

30% PL -197 1327 13.69 13.40 954 - 211 29.04 25.44 29.08 922 -
DEL 7.94 4.36 4.25 9.06 49.6 068 -17.62 19.67 19.62 26.40 86.6 091

DEL-E 7.55 4.47 4.35 8.77 54.0 0.65 0.37 28.00 25.11 2798 924 0.96

ADEL -239 1244 1311 12.66 950 0.94 -2.92 2370 24.63 2385 956 0.82

Sample Size=200

0% PL -0.18 8.15 8.00 8.15 954 - 044 1517 14.78 15.16  95.2 -
DEL 7.62 3.04 3.01 820 30.2 101 -1591 1144 11.90 19.60 730 1.29

DEL-E 7.13 3.12 3.09 778 372 0.95 -1.05 1457 14.65 1460 96.0 0.96

ADEL -0.95 8.12 7.82 8.17 920 1.00 -4.12 13.78 14.48 1437 948 0.95

15% PL -1.10 8.87 8.66 892 95.0 - -0.76 15.84 1599 15.84 94.2 -
DEL 7.74 3.04 3.04 831 284 093 -16.52 1154 1275 20.15 786 1.27

DEL-E 7.35 3.10 3.10 797 332 0.89 -2.25 1529 15.86 1544 952 0.97

ADEL -1.71 8.77 8.42 893 918 1.00 -4.88 1415 1557 1495 944 0.94

30% PL -1.12 9.60 9.49 9.66 95.4 - -0.71 1811 17.59 18.11 93.6 -
DEL 7.88 3.09 3.06 846 26.2 088 -17.70 13.14 13.76 2204 784 122

DEL-E 7.53 3.14 3.12 815 302 084 -2.18 1751 17.45 17.63 948 0.97

ADEL -1.79 9.37 9.20 953 926 0.99 -4.92 16.08 17.12 16.80 946 0.93
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Table 5

Analysis results of the inflammatory breast cancer study.

Treatment Ki67 Treatment*Ki67 Treatment*Ki67+Treatment A(3) A(5)
Standard Cox regression with the partial likelihood (PL)
Estimate 0.282 1.516 -1.299 -1.017 0.249 0.383
Standard error 0.641 0.607 0.679 0.228 0.155 0.237
Wald p-value 0.660 0.013 0.056 <0.001
Double empirical likelihood (DEL)
Estimate 0.744 1.628 -1.417 -0.673 0.157 0.235
Standard error 0.629 0.659 0.725 0.127 0.102 0.155
Wald p-value 0.236 0.014 0.051 <0.001
Extended Double empirical likelihood (DEL-E)
Estimate 0.701 1.587 -1.355 -0.653 0.177 0.271
Standard error 0.622 0.645 0.712 0.118 0.136 0.208
Wald p-value 0.260 0.014 0.057 <0.001
Adaptive double empirical likelihood (ADEL)
Estimate 0.369 1.552 -1.341 -0.972 0.224 0.342
Standard error 0.646 0.620 0.690 0.210 0.137 0.210
Wald p-value 0.568 0.012 0.052 <0.001
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