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Abstract
Screening mammography aims to identify breast cancer early and secondarily
measures breast density to classifywomen at higher or lower than average risk for
future breast cancer in the general population. Despite the strong association of
individual mammography features to breast cancer risk, the statistical literature
on mammogram imaging data is limited. While functional principal component
analysis (FPCA) has been studied in the literature for extracting image-based
features, it is conducted independently of the time-to-event response variable.
With the consideration of building a prognostic model for precision prevention,
we present a set of flexible methods, supervised FPCA (sFPCA) and functional
partial least squares (FPLS), to extract image-based features associated with the
failure time while accommodating the added complication from right censoring.
Throughout the article, we hope to demonstrate that one method is favored over
the other under different clinical setups. The proposed methods are applied to
the motivating data set from the Joanne Knight Breast Health cohort at Siteman
Cancer Center. Our approaches not only obtain the best prediction performance
compared to the benchmark model, but also reveal different risk patterns within
the mammograms.
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1 INTRODUCTION

Breast cancer is the leading cancer diagnosis among
women worldwide, resulting in over 2.1 million new cases
diagnosed per year (Bray et al., 2018). While chemopre-
vention of breast cancer is effective and recommended for
high-risk women over 35 years of age (Visvanathan et al.,
2019), uptake has been low at around 8% of eligible women
in routine clinic settings (Smith et al., 2016), though evi-
dence indicates that benefits will exceed harms for women
who have a 5-year risk of 3% or higher (Freedman et al.,

2011). Improving risk stratification methods for routine
clinical use offers potential to facilitate provider discus-
sion of risk reduction options and the balance of risks and
benefits.
Systematic review shows that in models predicting

women’s risk of breast cancer that were published from
2007 to 2019, the addition of mammographic breast den-
sity (BD) significantly increased discriminatory accuracy
in 7 of 11 studies (Vilmun et al., 2020). While patterns
of breast parenchymal complexity, formed by the x-ray
attenuation of fatty, fibroglandular, and stromal tissues,
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are known to be associated with breast cancer risk (Wolfe,
1976), mammogram BD only aims to measure the relative
amount of fibroglandular tissue. Thus, there exist other
unexplored features within mammograms, which limits
our ability to fully capture the between patients hetero-
geneity in the breast tissue (Gastounioti et al., 2016). New
methods and better use of the extensive existing imaging
data can make screening programs more efficient and bet-
ter adapted to the classification of risk and appropriate
screening and risk reduction strategies, ultimately making
programs more cost efficient. However, the challenge lies
in modeling these high-dimensional mammogram imag-
ing data, since the total number of pixelswill greatly exceed
the number of subjects in the cohort, making the model
nonidentifiable. An efficient dimension reduction method
is thus needed.
Functional principal component analysis (FPCA) has

been a popular dimension reduction technique for iden-
tifying major modes of variation among functional imag-
ing data. Approaches for functional or smooth principal
component analysis for tensor imaging data have been pro-
posed in the literature; see Huang et al. (2009), Zipun-
nikov et al. (2011), Allen (2013), Lin et al. (2015), for
example. However, the conventional FPCA does not con-
sider the relationship between the functional predictor and
the response variable. Partial least squares (PLS), on the
other hand, is a widely adopted alternative in iteratively
constructing new explanatory components using linear
combinations of original variables to maximize the covari-
ance between these components and the response variable.
The functional version of the PLS (FPLS) has also been
successfully employed in regression modeling with high-
dimensional predictors (Reiss and Ogden, 2007). Due to
the presence of right censoring in the survival outcome,
there have been several different formulations of the Cox
regression model to enable the PLS estimation; see Park
et al. (2002), Li andGui (2004), Nygård et al. (2008), Bastien
et al. (2015), for example. To the best of our knowledge, no
extension has been proposed under the FPLS framework
to accommodate survival outcomes.
As noted above, right censoring is an added complica-

tion that is accompaniedwith time-to-event data. This arti-
cle introduces a set of flexiblemethods to accommodate the
censored outcomes that combine supervised image feature
extraction and risk prediction. Throughout the article, we
aim to demonstrate that one method is favored over the
other under different clinical setups.
Specifically, the main contributions of this article

are as follows. First, we propose a novel supervised
FPCA (sFPCA) framework for extracting image features
ordered by magnitude of association with the failure time.
This newly proposed method is accompanied with an

eigenvalue decomposition algorithm that provides a
closed-form solution and is computationally efficient. Sec-
ond, we extend the FPLS framework to accommodate right
censored outcomes by utilizing the inverse probability cen-
soring weights (IPCW). Third, we provide intuitions on
situations where one method may be preferred over the
other, as well as empirical investigations on their finite
sample performance via intensive simulation studies. Last,
we leverage new insights using the motivating mammo-
gram imaging data from the Joanne Knight Breast Health
cohort at Siteman Cancer Center. As the statistical litera-
ture addressing methods applied to mammogram imaging
data is limited, we provide a detailed description on data
preprocessing given the unique shape of the breast bound-
ary. Comparisons across the benchmark model, unsuper-
vised FPCA, FPLS, and sFPCA are demonstrated in this
case study.
The rest of this article is organized as follows. In Sec-

tion 2.1, we first introduce notation, model setup, and
the implementation procedures under the sFPCA frame-
work. Extension of the FPLS method to accommodate the
censored outcomes is discussed in detail in Section 2.2.
Connections with survival analysis utilizing the set of
supervised image-based features extracted are made in
Section 2.3. We investigate the finite sample performance
of the proposed methods via simulation studies under
Section 3 and present comprehensive results comparing
the conventional FPCA, FPLS, and sFPCA methods. In
Section 4, we apply our proposed methods to the motivat-
ing data set from the JoanneKnight BreastHealth cohort at
Siteman Cancer Center. We conclude the article with dis-
cussions in Section 5.

2 SUPERVISED FPCA AND FPLSWITH
TIME-TO-EVENT OUTCOMES

We first let 𝑇𝑖 and 𝐶𝑖 be the time of event occurrence
and time of censoring for an individual 𝑖, respectively. The
observed time is denoted by 𝑇𝑖 = min(𝑇𝑖, 𝐶𝑖) with △𝑖 =
𝐼(𝑇𝑖 < 𝐶𝑖) indicating that the observed time is an event
time.We let𝕊 be a two-dimensional bounded domain, and
𝒔 = (𝑠1, 𝑠2) be a point in 𝕊. Then we can define {𝑍𝑖(𝒔), ∀𝒔 ∈
𝕊} to be the imaging data for individual 𝑖, 𝑖 = 1, … , 𝑛.
Under the functional framework, we assume that the

observed 𝑍𝑖(𝒔) are realizations of a stochastic process
{𝑍(𝒔), ∀𝒔 ∈ 𝕊} in a square integrable rectangle in IR2:
𝐿2(𝕊) = {𝑓 ∶ 𝕊 → IR| | ∫

𝐬∈𝕊
𝑓(𝐬)2𝑑𝐬| < ∞}. This is a well-

known Hilbert space with inner product defined as
⟨𝑓, 𝑔⟩ = ∫

𝐬∈𝕊
𝑓(𝒔)𝑔(𝒔)𝑑𝒔. The mean and the covariance

function are assumed to exist. If 𝒁 is a square integrable
process in space with continuous covariance function, the
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process has a Karhunen-Loève expansion,

𝑍(𝒔) = 𝜇(𝒔) +
∞∑
𝑘=1

𝜉𝑘𝜙𝑘(𝒔) , (1)

where 𝜙𝑘(𝒔) is the 𝑘th basis function, and 𝜉𝑘 = ⟨𝒁, 𝝓𝑘⟩ are
the corresponding scores that are assumed to be uncor-
related random variables with zero mean and finite vari-
ance 𝜎2

𝑘
, 𝑘 = 1, 2, …. Without loss of generality, we assume

that 𝒁 is mean-centered, that is, 𝜇(𝒔) = 0, from here on. In
practice, we usually work with the truncated Karhunen-
Loève expansion to a relative small dimension 𝐾 instead
of the infinite dimensional object. In the typical case of
an unsupervised FPCA method, for example, the ordering
of the basis functions is ranked by the values of 𝜎𝑘 such
that 𝜎21 ≥ 𝜎

2
2 ≥ … ≥ 0. Therefore, the 𝑘th basis function

represents the 𝑘th major source of variation in the func-
tional data 𝑍(𝒔) and may not be associated with the failure
time.
To address this concern, we will first propose a super-

vised framework for the functional principal component
analysis (sFPCA) in Section 2.1, and then extend the FPLS
method to accommodate censored outcomes in Section 2.2.

2.1 Supervised FPCA with time-to-event
outcomes

Under the supervised framework, we propose to allocate a
specific set of orthonormal basis functions 𝝓 = (𝝓1, 𝝓2, …),
that is, ||𝝓|| = 1, ⟨𝝓𝑘, 𝝓𝑘′⟩ = 0 for 𝑘 < 𝑘′, such that we can
maximize

𝑄(𝝓) =
𝜃var(⟨𝒁, 𝝓⟩) + (1 − 𝜃)cov2(log(𝑻̃), ⟨𝒁, 𝝓⟩)

||𝝓||2 , (2)

for 0 < 𝜃 ≤ 1. The set of orthonormal basis functions
𝝓 is called the supervised functional principal compo-
nents (sFPCs). When 𝜃 = 1, the objective function 𝑄(𝝓) is
equivalent to the conventional FPCA method. A trade-off
between the variance and covariance function is accom-
modated by setting 𝜃 ≠ 1. The optimal value of 𝜃 can
be estimated by conducting cross-validation on a user-
specified tuning grid chosen to maximize the prediction
accuracy. A suitable truncation to the first 𝐾 terms can
be found by plotting the number of basis functions versus
𝑄(𝝓), where the point that exhibits an “elbow” can be cho-
sen as a reasonable number.
Due to the presence of right censoring, we propose

to reweight the covariance between the observed 𝑇 and
functional scores using the IPCW. Specifically, for the
𝑖th observation, the IPCW can be expressed as, 𝑤𝑖 =
△𝑖∕𝐺(log(𝑇𝑖)), where 𝐺(𝑡) = 𝑃(log(𝐶) > 𝑡), 𝑖 = 1, … , 𝑛

(Welchowski et al., 2019). Under the assumption of
independent censoring, the cumulative censoring distri-
bution can be estimated with the Kaplan-Meier estimator.
The covariance term can then be estimated by,

cov(log(𝑻̃), ⟨𝒁, 𝝓⟩) = 1
𝑛

𝑛∑
𝑖=1

𝑤𝑖⟨𝒁𝑖, 𝝓⟩(log(𝑇𝑖) − 𝑇) ,

where 𝑇 = 1

𝑛

∑𝑛
𝑖=1 𝑤𝑖 log(𝑇𝑖). This is known to be a consis-

tent estimator (Van der Laan and Robins, 2003).
Next, we introduce an eigenvalue decomposition algo-

rithm to optimize (2) in solving for 𝝓. Here, we assume that
the values of 𝜃 and𝐾 are prespecified.We define the bivari-
ate basis function 𝑩 as the tensor product between the two
univariate basis functions (such as B-splines), 𝑩(1)(𝑠1) of
length 𝐾1 and 𝑩(2)(𝑠2) of length 𝐾2, as 𝑩(𝒔) = 𝑩(1)(𝑠1) ⊗
𝑩(2)(𝑠2) , where 𝒔 = (𝑠1, 𝑠2), 𝒔 ∈ 𝕊, with 𝑩(𝒔) being dimen-
sion 𝐾+ = 𝐾1 × 𝐾2. The imaging observations can then be
rewritten as𝑍𝑖(𝐬) = 𝒂𝑇𝑖 𝑩(𝐬), where𝑩(𝐬) denote the column
vector (𝑩1(𝐬), … , 𝑩𝐾+(𝐬))

𝑇 and 𝒂𝑖 denote the coefficients of
length 𝐾+ × 1.
We assume that the set of sFPCs can be found by linear

combinations of 𝑩(𝐬) where it can be rewritten as 𝝓𝑘(𝐬) =
𝒃𝑇
𝑘
𝑩(𝐬), 𝒃𝑘 = (𝑏𝑘,1, … , 𝑏𝑘,𝐾+)

𝑇; 𝒃 = (𝒃1, … , 𝒃𝐾+)
𝑇 . We can

thus rewrite ⟨𝒁𝑖, 𝝓⟩ = 𝒃𝑇𝑴𝒂𝑖 , where 𝑴 is of dimen-
sion 𝐾+ × 𝐾+, with the 𝑴(𝑘, 𝑘′) = ⟨𝑩𝑘, 𝑩𝑘′⟩. The vari-
ance can then be estimated empirically as var(⟨𝒁, 𝝓⟩) =
1

𝑛
𝒃𝑇𝑴𝒂𝑇𝒂𝑴𝒃. In the same spirit, the covariance can be

estimated as cov(𝒀, ⟨𝒁, 𝝓⟩) = 1

𝑛
𝒃𝑇𝑴𝒂𝑇(𝒀◦𝒘), where𝒀 =

((log(𝑇1) − 𝑇), … , (log(𝑇𝑛) − 𝑇))
𝑇 , with 𝒘 = (𝑤1, … ,𝑤𝑛)

𝑇

being the IPCWweights, and (𝒗◦𝒙) the element-wise mul-
tiplication between 𝒗 and 𝒙.
Finally, we can reconstruct the objective function in (2)

as

𝑄(𝝓) =
𝒃𝑇𝑼𝒃

𝒃𝑇𝑴𝒃
, (3)

where 𝑼 =
𝜃

𝑛
𝑴𝒂𝑇𝒂𝑴 +

1−𝜃

𝑛2
𝑴𝒂𝑇(𝒀◦𝒘)(𝒀◦𝒘)𝑇𝒂𝑴𝑇 .

Note that maximizing (2) is equivalent to maximiz-
ing, 𝜹𝑇(𝑴−1∕2)𝑇𝑼𝑴−1∕2𝜹 subject to 𝜹𝑇𝜹 = 𝑰, where
𝜹 = 𝑴1∕2𝒃. We can then estimate 𝜹1, … , 𝜹𝐾 , 𝐾 ≤ 𝐾+,
by finding the leading 𝐾 eigenvectors of the matrix
(𝑴−1∕2)𝑇𝑼𝑴−1∕2. As a result, we are able to esti-
mate 𝒃𝑘 = 𝑴

−1∕2𝜹𝑘, and consequently the sFPCs as
𝜙𝑘(𝐬) = 𝒃

𝑇
𝑘
𝑩(𝐬) for 𝐬 ∈ 𝕊, 𝑘 = 1,… , 𝐾.

2.2 FPLS with time-to-event outcomes

In this subsection, we discuss an alternative to the pro-
posed sFPCA method where we aim to extend the FPLS



4 JIANG et al.

method to accommodate time-to-event outcomes that are
typically associated with right censoring. Consistent with
the proposed sFPCA method, we consider a log trans-
formation of the observed time 𝑇𝑖 such that log(𝑇𝑖) is
on a real line. Under the survival framework, 𝑇𝑖 is not
observed for all individuals due to the presence of cen-
soring. Ignoring the censored outcomes would give rise
to biased estimates. We therefore define a proper out-
come, 𝑌⋆𝑖 = △𝑖 log(𝑇𝑖)∕𝐺(𝑇𝑖) for all individual 𝑖, where
the observed failure times are reweighted with IPCW
similar to the previous section, 𝑖 = 1, … , 𝑛 (Koul et al.,
1981).
Then, under the FPLS framework, we can esti-

mate the first latent component 𝜉1 = 𝒁𝑩𝒓1, such
that,

𝒓1 = argmax𝒓
cov2(𝝃 , 𝒀⋆)

𝒓𝑇𝒓

= argmax𝒓
𝒓𝑇𝒁𝑩𝑇𝒀⋆𝒀⋆𝑇𝒁𝑩𝒓

𝒓𝑇𝒓
. (4)

Consistent with the sFPCA framework, we also assume
that 𝑩 is a tensor product of B-splines, but this can
be extended to other types of basis functions. The opti-
mization for the 𝑘th latent component 𝜉𝑘 follows that
of (4), but is subjective to 𝒁𝑩𝒓𝑘 ⟂ 𝒁𝑩𝒓𝑘′ for 𝑘′ < 𝑘.
From the setup of (4), we can imagine that as the per-
centage of censoring increases, solely maximizing the
covariance function may lead to suboptimal results given
the weak signal. This is discussed further and empiri-
cally investigated in simulation studies in the subsequent
section.
Under the functional framework, we may also want to

consider a roughness penalty function such that,

𝒓1 = argmax𝒓
𝒓𝑇𝒁𝑩𝑇𝒀⋆𝒀⋆𝑇𝒁𝑩𝒓

𝒓𝑇(𝟏 + 𝜆𝑷)𝒓
, (5)

where 𝜆𝑷 is positive semidefinite, 𝜆 is the tuning param-
eter, and 𝑷 denotes the penalty function that penalizes
the second-order derivative (Krämer et al., 2008). Simi-
lar to (4), the optimization for the 𝑘th latent component
𝜉𝑘 is subjective to 𝒁𝑩𝒓𝑘 ⟂ 𝒁𝑩𝒓𝑘′ for 𝑘′ < 𝑘. The opti-
mal value of 𝜆 can be found based on the cross-validation
method (Ramsay and Silverman, 2005; Reiss and Ogden,
2007). For instance, we can choose 𝜆 for a given 𝐾 such
that 𝒓(𝜆(𝐾)) maximizes the prespecified prediction accu-
racy measure within the cross-validation study. Estima-
tion of (4) and (5) can be naturally carried out using the
well-developedNIPALS or SIMPLS algorithm (Wold, 1975).
We note that for univariate responses, both the NIPALS
and SIMPLS estimates are equivalent (Martens and Naes,
1992).

2.3 Survival analysis incorporating
imaging data

In this subsection we introduce the linkage between the
proposed sFPCA and FPLS with survival analysis. Under
the sFPCA framework, we are able to obtain the func-
tional scores of the imaging data using the inner product,
𝜉𝑖𝑘 = ⟨𝒁𝑖, 𝝓𝑘⟩, 𝑘 = 1,… , 𝐾. With the FPLS method, we are
also able to estimate the latent components, 𝜉𝑖𝑘 = 𝒁𝑖𝑩𝒓𝑘,
𝑘 = 1,… , 𝐾. Note that for notation simplicity, we use 𝐾
to denote the number of components selected under both
the sFPCA and FPLS methods, but they may vary. Fur-
ther, assume that we also have a set of demographic pre-
dictors 𝑿𝑖 of length 𝑃 × 1 in addition to the set of esti-
mated 𝝃𝑖 = (𝜉𝑖1, … , 𝜉𝑖𝐾)𝑇 or 𝝃𝑖 = (𝜉𝑖1, … , 𝜉𝑖𝐾)𝑇 . Using 𝝃𝑖 as
an example, we can write the survival distribution at time
𝑡 as,

𝑆0(𝑡)
exp(𝜶𝑇𝑿𝑖+𝜷

𝑇𝝃𝑖) ,

under the proportional hazard assumption, where 𝑆0(𝑡) =
exp{− ∫

𝑡

0
ℎ0(𝑢)𝑑𝑢} with ℎ0(𝑡) being the baseline hazard

function, and 𝜶 = (𝛼1, … , 𝛼𝑃)𝑇 , 𝜷 = (𝛽1, … , 𝛽𝐾)𝑇 denoting
the regression coefficients.

3 SIMULATION STUDIES

In this section, we describe our simulation setups and
examine the finite sample performance of the proposed
methods. We first simulate the 2D eigenfunctions from
univariate orthonormal basis functions. Specifically, we
simulate 𝐾 = 3 FPCs, where the 𝑩𝑘 are formed by ten-
sor products of orthogonal Fourier basis functions on
[−𝜋, 𝜋] × [−𝜋, 𝜋] (Happ and Greven, 2018). The three
basis functions are illustrated in Figure S1 within the Sup-
plemental Material.
We then simulate the individual-specific scores 𝒂𝑖 =

(𝑎𝑖1, 𝑎𝑖2, 𝑎𝑖3)
𝑇 with mean 0 and variance of diag(10, 8, 4).

The observations are discretized using a grid of 32 × 32
equidistant points, resulting in a total number of 1024 pix-
els. Given the orthonormal basis functions and scores, the
individual-specific images are generated from the model,
𝑍𝑖(𝒔) = 𝜇(𝒔) +

∑3
𝑘=1 𝑎𝑖𝑘𝐵𝑘(𝒔), where we set 𝜇(𝒔) = 0with-

out loss of generality, for ∀𝒔 ∈ 𝕊.
We further consider a proportional hazards model in

this simulation study such that the hazard function is
expressed as, ℎ𝑖(𝑡) = ℎ0(𝑡) exp{∫𝒔∈𝕊 𝑐(𝒔)𝑍𝑖(𝒔)𝑑𝒔}, where
the image coefficient is defined as a linear combination
of all three basis functions 𝑐(𝒔) = 0.25𝐵1(𝒔) + 0.5𝐵2(𝒔) +
𝐵3(𝒔). The maximum time to the end of the study has been
set to 15 years. The baseline hazard function is assumed
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F IGURE 1 The boxplots for the estimated integrated area under the receiver operating characteristic (ROC) curve (AUC) and integrated
Brier scores (BS) with FPCA and supervised FPCA under simulation scenario 2 with 𝐾 number of FPCs/sFPCs; moderate censoring (30%).
This figure appears in color in the electronic version of this article, and any mention of color refers to that version

to follow a Weibull distribution ℎ0(𝑡) = 𝜅𝜌(𝜌𝑡)
𝜅−1 with

increasing risk over time, where we set 𝜅 = 2 and 𝜌 =
0.158. The failure time 𝑇𝑖 is generated from the inverse
of the cumulative hazard function 𝐻−1𝑖 (𝑢), where 𝑢 ∼
unif (0, 1). We have assumed the independent censoring
scheme in this simulation study,where𝐶𝑖 ∼ unif (0, 𝐶𝑚𝑎𝑥),
with 𝐶𝑚𝑎𝑥 set at a value such that the % of being censored
by the end of the study is approximately 30% (moderate)
and 60% (heavy).
To avoid overfitting we have simulated 400 individuals

per data set, of which 300 are used for training the model
and the remaining 100 as validation set. Within the train-
ing model, the tuning parameter 𝜃 for the sFPCA method
was chosen by conducting a fivefold cross-validation on
a grid from 1𝑒−3 to 1 with an equal increment of 0.05.
Similarly, a fivefold cross-validation has been conducted to
select the smoothness parameter 𝜆 from the grid of (0, 1, 10,
102, 103) for the FPLS method. We have repeated the sim-
ulation study 100 times.
Figure 1 illustrates the simulation results under moder-

ate censoring. This figure appears in color in the electronic
version of this article, and any mention of color refers to
that version. We have assessed both the model discrimina-
tion and calibration represented with the integrated area
under the receiver operating characteristic (ROC) curve
(AUC) (Uno et al., 2007) and integrated Brier scores (Graf
et al., 1999; Gerds et al., 2008). For a fair comparison, we
have constrained all methods to utilize 𝐾 = 1 followed by

two basis functions. Given that the image coefficient sur-
face 𝑐(𝐬) is a linear combination of three basis functions
with increasing magnitude, we would expect that the con-
ventional FPCA will not pick up the largest effect rising
from the third basis function that is associated with the
hazard. From Figure 1, we see that the conventional FPCA
method (red) indeed retained the worst model discrimina-
tion and calibration performance along with bigger stan-
dard errors. The FPLS (green) and sFPCA (blue), on the
other hand, outperforms the conventional FPCA by pick-
ing up the effect of the imaging coefficient that is associ-
ated with the failure time. We see that the sFPCA method
outperforms FPLS when 𝐾 = 1. But FPLS catches up with
sFPCA when 𝐾 increased to 2.
We further show the simulation results under heavy

censoring (60%) in Figure 2. Overall, there is a decrease
in prediction accuracy and an increase in the standard
error across all three methods as expected. We note that
the FPLS method shows the biggest standard error under
heavy censoring due to the weak signal, that is, the covari-
ance between the functional imaging predictor and the sur-
vival time reweighted by IPCW. On the other hand, we see
that the proposed sFPCA retains the superior prediction
performance under all settings with comparatively smaller
standard error. When 𝐾 = 2, the mean value for 𝜃 under
moderate censoring is 0.002 (SD = 0.012) while the mean
is 0.053 (SD = 0.151) under heavy censoring. This sug-
gests that when the signal is weakened by heavy censoring,
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F IGURE 2 The boxplots for the estimated integrated area under the receiver operating characteristic (ROC) curve (AUC) and integrated
Brier scores (BS) with FPCA and supervised FPCA under simulation scenario 2 with 𝐾 number of FPCs/sFPCs; heavy censoring (60%). This
figure appears in color in the electronic version of this article, and any mention of color refers to that version

the proposed trade-off structure between the variance and
covariance function is more crucial. From a Monte Carlo
study with 10,000 simulated individuals, we have empir-
ically estimated the covariance between functional imag-
ing predictor and failure time reweighted by IPCW at 0%,
30%, and 60% censoring rate. The signal, in this case the
covariance with the outcome, has weakened by 55% when
the censoring rate is 30%, and by 85% at 60% censoring rate
as compared to no censoring. Note that we cannot directly
infer that the covariance term within the trade-off struc-
ture (2) has dominated the optimization if 𝜃 is close to 0.
This may be due to the difference inmagnitude in the vari-
ance in relation to the covariance function and should be
empirically investigated in the real data application for a
reasonable interpretation.
In addition to the simulation results discussed above,

we have also investigated the prediction performance
under model misspecification. The prediction accuracy
decreased across all methods as expected. The pattern of
the results under different methods are similar to what we
see here in this section. Interestingly, we see more vari-
ability in the FPLS method due to model misspecification.
We have also compared the performance of the proposed
method with the random survival forest. Further, we have
done a plasmode simulation study mimicking the mam-
mography data setting. Similar conclusions can be drawn
under the plasmode simulation study with the setting dis-
cussed in this section where the proposed method retains

superior prediction performance. Details on the setup and
simulation results for model misspecification, comparison
with the random survival forest, and plasmode simulation
study are available in the online Supplemental Material.

4 APPLICATION TO THE JOANNE
KNIGHT BREAST HEALTH COHORT AT
SITEMAN CANCER CENTER

The data that motivated this study come from the Joanne
Knight Breast Health Cohort at Siteman Cancer Center,
Washington University School of Medicine in St. Louis
(Colditz et al., 2022). This cohort was established to link
breast cancer risk factors, mammographic BD, and blood
markers in a diverse population of women undergoing
routine mammographic screening to estimate breast can-
cer incidence. The service uses the Hologic machines and
provides the same screening forwomen regardless of insur-
ance status and ability to pay. The same screening pro-
tocol and follow-up protocol are used across all women
screened. Women were recruited in St. Louis, MO, from
November 2008 to April 2012, and have been followed
through October 2020. We have included 785 women who
had a full field digital craniocaudal (CC) view mammo-
gram available at the baseline. This subsample of women
came from the case and control subcohort. Cases were
diagnosed after the entry mammogram and blood draw
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TABLE 1 Estimated median 5-year integrated receiver operating characteristic (ROC) curve (AUC) and integrated Brier Score (BS) with
the empirical standard errors across the 10-fold cross-validation. Results are displayed under the benchmark model (only includes baseline
age, BMI, MP, BD, age×MP, and BMI×MP), unsupervised FPCA, FPLS, and sFPCA method

Partial likelihood Weighted partial likelihood
AUC SE BS SE AUC SE BS SE

Benchmark 0.628 0.107 0.067 0.021 0.613 0.089 0.067 0.021
FPCA 0.656 0.101 0.066 0.023 0.650 0.082 0.067 0.022
FPLS 0.668 0.103 0.066 0.023 0.662 0.098 0.067 0.022
sFPCA 0.685 0.095 0.066 0.022 0.679 0.090 0.067 0.021

and matched on age and year of entry to women who
remained free from breast cancer. Of the 785 women, 246
have been diagnosed with breast cancer prior to the end
of follow-up. Those who had a diagnosis of breast cancer
within half-year of entry have been excluded as we are
focused on risk prediction instead of diagnosis.
We have done some preprocessing prior to analyzing

these imaging data. There exist several well-developed
automated methods for preprocessing the mammograms;
see Ou et al. (2011), Brandt et al. (2011), and Lee and
Nishikawa (2019) for example. To minimize the noise
caused by distinct breast size and positionwithin themam-
mograms, we followed the approach proposed in Lee and
Nishikawa (2019). Specifically, the breast area is first seg-
mented using a tight rectangular box followed by soft tissue
removal for parts not in the breast. Soft tissue in CC-view
images includes parts of nonbreast tissue either above or
below the true breast area, and these were removed prior
to analysis. Then, each mammogram is resized to 500 ×
800 pixels using the bicubic interpolation. After these pre-
processing procedures, the breasts depicted in the mam-
mogramswere similar in size and orientation as illustrated
within Section S2 of the Supplemental Material. As such,
the pixel intensities were averaged between the mammo-
gram images for the left and the right breast, which is a
common practice for estimating mammogram density in
the literature.
We consider the Cox proportional hazards model in this

analysis,

ℎ𝑖(𝑡) = ℎ0(𝑡) exp
(
𝛼1age𝑖 + 𝛼2BD𝑖 + 𝛼3MP𝑖 + 𝜶

𝑇
4 BMI𝑖

+ 𝜶𝑇5 MP𝑖 ∗ BMI𝑖 + 𝛼6MP𝑖 ∗ age𝑖 + 𝜷
𝑇𝝃𝑖

)
,

where 𝜷 = (𝛽1, … , 𝛽𝐾)𝑇 are the coefficients for the first 𝐾
scores estimated from the proposed sFPCA 𝝃𝑖 or FPLS 𝝃𝑖 .
The demographic variables that we consider in the pro-
portional hazardsmodel include baseline age,menopausal
status (𝑀𝑃𝑖 = 1 for postmenopausal woman), BD by treat-
ing the BIRADS mammogram density as a continuous
variable, and three levels of BMI corresponding to (1) nor-
mal (BMI < 25), (2) overweight (BMI ∈ [25, 30)), and (3)

obese (BMI ≥ 30). Thus, we have 𝜶4 and 𝜶5 as the vector of
two coefficients, using normal BMI as the reference. It is
crucial thatmodel checking is carried out prior to adopting
the proportional hazards model to prevent utilizing a poor
model (Fleming and Harrington, 2011). The proportional
hazards assumption is formally checked by inspecting the
Schoenfeld residual plot for each of the baseline covariates
and was deemed reasonable in this case study.
In this analysis, all mammograms have been mean-

centered prior to feature extraction. We have adopted a
12 × 12 tensor product cubic B-spline basis functions 𝑩
in this application. A 10-fold internal cross-validation was
adopted to avoid overfitting. Under the sFPCA approach,
the tuning parameter 𝜃 was selected from an equal-
distance grid ranging from 1𝑒−3 to 1 with an increment of
0.01 in a nested fivefold cross-validation. Similarly, a nested
fivefold cross-validation has been conducted to select the
smoothness parameter 𝜆 under the FPLS method from the
grid of (0, 1, 10, 1𝑒2, 1𝑒3, 1𝑒6). As discussed in Section 2, the
number of components (𝐾) can be chosen by looking at
an elbow plot. An alternative approach is to adopt a two-
dimensional grid search for𝐾. For a given𝐾, we can select
an optimal 𝜃(𝐾) and 𝜆(𝐾) such that it maximizes the pre-
diction accuracy measure.
We now illustrate the prediction performance under

different models in Table 1. Note that we have reported
the prediction performances under both the standard Cox
model with partial likelihood as well as the Cox model
with a weighted partial likelihood due to the nested
case control subcohort in this analysis (Samuelsen, 1997;
Støer and Samuelsen, 2013). We start with the bench-
markmodel where we only include baseline age, BMI,MP,
BD, age×MP, and BMI×MP, without using any informa-
tion from the images; this gives us the lowest estimated
median 5-year AUC relative to competing methods (see
Table 1). We then assessed the gain in model discrimina-
tion and calibration by adding in features extracted from
the conventional FPCA, FPLS, and sFPCA. We can see
that all three models achieved higher AUC when com-
pared to the benchmark model. These results suggest that
the extracted features from mammogram images can pro-
vide complementary information to BD in risk prediction.
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F IGURE 3 The first two components estimated with the conventional FPCA (top row), FPLS (middle row), and supervised FPCA
(bottom row). This figure appears in color in the electronic version of this article, and any mention of color refers to that version

Nevertheless, it is apparent that the sFPCA retains a
superior prediction performance under all submodels pre-
sented in Table 1. It is not surprising that the FPLS did
not outperform the sFPCA due to the high censoring rate

(66.7%); this behavior is consistent with the observations in
our simulation studies.
Finally, we give some insights in Figure 3 on the first

two estimated basis functions under FPCA (top row),
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FPLS (middle row), and sFPCA (bottom row). We have
superimposed the border of the reference breast onto
these plots to avoid overinterpreting the boundary effects.
This figure appears in color in the electronic version
of this article, and any mention of color refers to that
version. In Figure 3, because the red regions represent
positive estimates and the blue regions represent nega-
tive estimates, the corresponding scores or latent com-
ponents can be interpreted as the weighted difference
of mean-centered mammograms between the red and
blue regions. Taking the sFPCA method as an example,
because the 𝑘th score is represented by 𝜉𝑘 = ⟨𝒁, 𝝓𝑘⟩ =
∫
𝒔∈𝕊

𝑍(𝒔)𝜙𝑘(𝒔)𝑑𝒔, the term 𝜉𝑘 can be interpreted as a
weighted average of themean-centered image𝒁 with𝜙𝑘(𝒔)
being the weight, 𝑘 = 1, 2, … , 𝐾. Thus, the hazard function
is affected by the difference of the mean-centered mam-
mogram at the red regions in comparison with the blue
regions. Notice that the first estimated basis function from
the conventional FPCA method is close to the second esti-
mated basis functions from the FPLS and sFPCA method,
telling us that both of the FPLS and sFPCA also con-
sider this pattern of risk to be associated with the hazard
function.

5 CONCLUSION AND DISCUSSION

Patterns of breast parenchymal complexity, formed by the
x-ray attenuation of fatty, fibroglandular, and stromal tis-
sues, are known to be associatedwith breast cancer (Wolfe,
1976). Mammogram density is one of the most well-known
risk factors for breast cancer that aims to measure the rel-
ative amount of fibroglandular tissue in the breast, which
limits our ability to fully capture the between-patient het-
erogeneity in the breast.Motivated by data from the Joanne
Knight Breast Health cohort at Siteman Cancer Center,
we propose a set of flexible methods, that is, sFPCA and
FPLS, for image feature extraction while accommodating
censored outcomes. We investigate the empirical perfor-
mances of the proposed methods through comprehensive
simulation studies and show that both of the proposed
methods retain superior prediction performance in com-
parison to the conventional unsupervised FPCA. We have
demonstrated that when the percentage of censoring is
high and when the model is misspecified, sFPCA may be
more robust than the FPLS method.
Application to the Joanne Knight Breast Health

cohort has also revealed important insights. We have
shown the sFPCA method has achieved superior pre-
diction performance over the benchmark model, FPCA,
and the FPLS method under a 10-fold internal cross-
validation study. This finding suggests that we are
able to refine the individual-specific risks using the

additional image-based features. These newly defined
features within mammograms could better discriminate
women who are at higher and lower risk, which will
facilitate tailored screening, thereby reducing unnec-
essary imaging and health care cost (Pashayan et al.,
2018).
While we have proposed using the proportional haz-

ards model in this article, our modeling framework can
be directly extended to other types of survival setups. For
instance, the features extracted from the proposed meth-
ods can be directly used under the random survival for-
est (Ishwaran et al., 2008; Jiang et al., 2021) as shown
in one of our simulation studies. Other radiomic feature-
based methods such as deep neural networks can also be
adopted (Wu et al., 2019; McKinney et al., 2020). As noted
in our simulation studies, onemajor disadvantage for these
“black-box” methods is that we will not be able to visual-
ize the coefficient surface for the imaging data because the
inner working of these methods are not transparent. Study
involving an independent validation data set will remain
as part of our future work.
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