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We consider the problem of predicting breast cancer risk using mammo-
gram imaging data where the dimension of pixels greatly exceed the num-
ber of individuals in the cohort. The functional partial least squares (FPLS)
is a popular dimensional reduction method in constructing latent explana-
tory components using linear combinations of the original predictor vari-
ables. While FPLS with scalar responses has been studied in the literature,
the presence of right censoring under the survival framework poses chal-
lenges in modeling and estimation. Given several different representations
for PLS with Cox regression in the literature, we unify and extend three for-
mulations to deal with right censoring, that is, reweighing, mean imputation,
and deviance residuals to the functional setting in this paper. We empirically
investigate and compare the performance of the three proposed FPLS frame-
works in the context of imaging predictor via intensive simulation studies.
The proposed methods are applied to the Joanne Knight Breast Health Co-
hort where we show increased model discriminatory performance under the
FPLS framework compared to competing models.

1. Introduction. Breast cancer prevention has evaded being a central focus in cancer
control, in large part because it has many risk factors that reflect the normal biology and
physiology for women (menarche, childbirth, menopause) that are regarded as nonmodifi-
able. However, the global burden continues to rise with economic development, improved
childhood nutrition, and smaller family sizes as well as later age at first birth that accompa-
nies higher education attainment for women. Now, one in four cancers diagnosed each year
among women worldwide is breast cancer. Recent meta-analysis shows that adding mammo-
graphic breast density to models improves their performance (Vilmun et al. (2020)). While
accepted as an intermediate marker for breast cancer risk (Boyd et al. (2009)), the mammo-
gram image includes many additional texture features that add to prediction beyond density
alone (Anandarajah et al. (2022), Jiang and Colditz (2023)). Shifting the framework from
summary features to the digital image is thus required.

While mammography was developed for diagnosis and treatment of early stage breast can-
cer to improve outcomes and reduce mortality (Tabar et al. (1985)), the breast image can also
contribute to long-term risk prediction identifying higher risk women who might benefit from
lifestyle interventions or chemoprevention as reflected in current guidelines (Visvanathan
et al. (2019)). It is also possible that low-risk women may be identified for whom a less in-
tensive screening schedule may better balance the risks and benefits. The literature includes
numerous studies evaluating approaches to such a more precision based approach (Pashayan
et al. (2018)). To achieve this, one can envision making more use of the 13 million pixels
in each image instead of using a summary measure such as breast density. (Anandarajah
et al. (2023)) The richness of data in the full field digital breast image thus requires efficient
dimension reduction to facilitate analysis.
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Principal component analysis (PCA) is a popular method to reduce the number of pre-
dictors by extracting a limited number of principal components. The principal components
are extracted such that the they can explain the maximum amount of variance among the
predictors, without reference to the outcome variable. The partial least squares (PLS), on
the other hand, is a widely adopted alternative in constructing new explanatory components
using linear combinations of the original predictors. This iterative procedure maximizes the
covariance between the outcome and the newly constructed components (Wold (1966), Wold
(1975a)). PLS has been successfully employed in regression modeling with high-dimensional
predictors, with majority of publications dealing with response variables that belong to the
exponential family.

Due to the presence of right-censoring in the survival outcome, there have been several dif-
ferent formulations of the Cox regression model to enable the PLS estimation. For instance,
Park, Tian and Kohane (2002) reformulated the survival data into a Poisson regression with
appropriate scaling. Li and Gui (2004) proposed a partial Cox regression method. Datta,
Le-Rademacher and Datta (2007) considered modeling the log-transformed failure times to
enable PLS estimation. Nygård et al. (2008) modified the Poisson regression representation
such that the baseline hazards and the predictors are obtained in separate steps. Bastien et al.
(2015) considered using the normalized martingale residuals, a proxy of the excess of death,
to overcome the right-censoring issue.

While PLS has been successfully employed in regression modeling with high-dimensional
predictors, most of its application is in the microarray, genomic, and proteomics context. Our
goal in this paper is to develop the functional partial least squares (FPLS) to accommodate
image predictors and, at the same time, to select components highly associated with the sur-
vival outcome while controlling for the smoothness of these components. FPLS for response
variables that belong to an exponential family have been studied previously in the literature;
see Reiss and Ogden (2007), for example. Because there are different PLS formulations un-
der the survival framework, we unify several widely adopted formulations here in this paper,
extend to the functional framework with image predictors, and empirically investigate their
prediction performance.

We summarize three main contributions of this article as follows. First, we propose a novel
FPLS method for survival outcomes that: (a) may be right-censored and (b) involves predic-
tors that are in the form of high-dimensional images. Second, due to various formulations in
Cox regression with PLS, we study and unify three types of extensions, including reweigh-
ing, mean imputation, and the deviance residual based method, to the functional version, and
empirically investigate and compare their prediction performance. Finally, we apply the pro-
posed methods to our motivating dataset from the Joanne Knight Breast Health Cohort and
leverage new insights relating features extracted from mammogram imaging data to breast
cancer risk.

In Section 2 we introduce the notation used in this article and the underlying model setup.
We first discuss in Section 2.1 the three modeling schemes, reweighing, mean imputation, and
deviance residual based method to deal with censored observations. The roughness penalty
as well as the computation algorithm are discussed in detail in Section 2.2. In Section 3
we illustrate results under a number of simulation studies to investigate and compare the
empirical performance of the three proposals. The proposed methods are then applied to the
motivating dataset from the Joanne Knight Breast Health cohort at Siteman Cancer Center in
Section 4. We end this paper with a discussion in Section 5.

2. Model and estimation method. Suppose there are n independent individuals in the
cohort. For an individual i, we use the pair (Ti, δi) to represent the observed survival outcome.
Here Ti stands for the minimum of failure time and censoring time, while δi serves as the
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censoring indicator. Specifically, δi = 1 indicates that the observed Ti corresponds to the
failure time. We let S be a two-dimensional bounded domain and s = (s1, s2) be a point in S.
We then define Zi = {Zi(s),∀s ∈ S} to be the image data for individual i, i = 1, . . . , n.

The most widely used model for right-censored survival data is the Cox proportional haz-
ards model. Our aim is to build the following hazard function:

(1) hi(t) = h0(t) exp(β1ξi1 + β2ξi2 + · · · + βKξiK),

where h0(t) is the nonparametric baseline hazard function, and the kth latent component ξik

is the projection of the ith image Zi(s) onto a latent space, defined by the FPLS weight
functions φk(s),

(2) ξik =
∫
S

Zi(s)φk(s) ds,

k = 1, . . . ,K . The kth FPLS weight function φk(s) can be estimated as a linear combination
of two-dimensional basis functions,

(3) φk(s) =
M∑

m=1

wkmBm(s),

where Bm(s) denotes the mth two-dimensional basis function, and wkm is the basis coeffi-
cient, k = 1, . . . ,K;m = 1, . . . ,M . The form of the basis function Bm(s) is chosen to be
tensor product of one-dimensional basis functions in this article, but this can be flexibly ex-
tended to other forms of two-dimensional basis functions, such as Bernstein polynomials
defined over triangulations (Jiang et al. (2023a)). By substituing (3) into (2), the kth latent
component can be written as

ξik =
M∑

m=1

wkm

∫
S

Zi(s)Bm(s) ds,

where it is clear that our goal is to estimate the basis coefficients in order to determine the
latent components. After the components ξi1, . . . , ξiK are determined, model (1) can be used
to estimate the hazards function by the standard partial likelihood approach under the Cox
proportional hazards model.

As discussed in Section 1, the literature offers different variants of Cox-PLS as well as
estimation techniques to extract the latent components In what follows, we focus on the
reweighing, mean imputation, and residual deviance approach and extend these concepts to
the functional partial least squares (FPLS) framework with the presence of right-censoring.

2.1. Formulations under right-censoring. REWEIGHING. Under the reweighing method,
we consider estimating the latent components using some function of the failure time f (T )

as the outcome variable such that f : [0,∞) → IR. An example of such function is the log
transformation. Under the survival framework, however, T is not observed for all individuals
due to the presence of right-censoring. Ignoring the censored observations would give rise to
biased estimates. A potential solution is to reweigh the observed Ti by

(4) Ỹi = δif (Ti)

Ŝc(T −
i )

,

where Ŝc(·) denotes the Kaplan–Meier survival function of the censoring random variable C,
and T − denotes the left limit of T .

MEAN IMPUTATION. Another way to accommodate right-censoring is to use the mean
imputation method. Specifically, Ỹi is set to f (Ti) if failure is observed for individual i (δi =
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1). The unobserved failure times (δi = 0), on the other hand, are replaced by their expected
values, given that the failure time is larger than the censored time Ci ,

(5) Ỹi =
∑

τ(j)>Ci
f (τj )�Ŝ(τ(j))

Ŝ(Ci)
,

where τ(1) < τ(2) < · · · < τ(J ) denote the J ordered distinct failure times, Ŝ(·) is the Kaplan–
Meier survival function of T , and �Ŝ(τ(j)) denotes the jump size of Ŝ(·) at time τ(j). Under
this setup the largest observation will be treated as the true failure, amounting to making τ(J )

the largest mass point of the estimated survival function of T (Datta (2005)).
DEVIANCE RESIDUAL. This last strategy involves substituting suitably chosen residuals

for the survival endpoint, enabling inheritance of simple algorithms applicable to continu-
ous outcomes, and bypassing difficulties deriving from censoring (Segal (2006)). Under the
setting with no time-varying covariates, at most one event is observed per patient, and each
patient is under observation from time 0; the martingale residual for the ith patient can be
defined as

Gi = δi − H0(t) exp(β1ξi1 + β2ξi2 + · · · + βKξiK),

where H0(t) = ∫ t
0 h0(t) dt is the cumulative hazard function at time t . The martingale resid-

ual can be interpreted as the difference between observed and expected number of events.
Because the martingale residuals are highly skewed (i.e., takes value between −∞ and 1),
the deviance residual is usually adopted. Consistent with previous notation, we use Ỹi to
denote the deviance residuals that serve as the outcome for the FPLS method,

(6) Ỹi = sign(Ĝi)
[
2
{−M̂i − δi log(δi − Ĝi)

}]1/2
.

The deviance residuals Ỹi can be viewed as a normalized version of the martingale residuals
such that the log transformation expands Gi on a real line taking values from −∞ to ∞.
As FPLS is an iteratively updated algorithm, we will not have the estimates β on the first
iteration, as shown in the subsequent section. The initial input value for the FPLS algorithm
under the deviance residual method thus represents the null deviance residual without the
inclusion of covariates, that is, regressing outcome against 1.

2.2. Penalized Cox-FPLS. Here we provide some intuition on the estimation for the vec-
tor of basis coefficients, wk = (wk1, . . . ,wkM)T , to the kth FPLS weight function φk(s).
Specifically, we aim to find the vector of basis coefficients w1 for the first FPLS weight
function φ1(s) by maximizing

(7) cov2(ξ1, Ỹ) = ξT
1 ỸỸT ξ1,

with the constraint that wT
1 w1 = 1, where ξ1 = (ξ11, . . . , ξn1)

T , and Ỹ = (Ỹ1, . . . , Ỹn)
T . The

vector of basis coefficients wk, k = 2, . . . ,K;K ≤ M , to the subsequent FPLS weight func-
tions are also chosen to maximize the covariance function subject to the constraint that
wT

k wk = 1 and wT
k wj = 0 if j �= k.

Under the functional framework, we also add a roughness penalty function to control the
roughness of the FPLS weight functions. Using the first FPLS weight function as an exam-
ple, we estimate the vector of the basis coefficients w1 by maximizing cov2(ξ1, Ỹ) with the
constraint that

wT
1 w1 + λ

∫
S

[
∂2φk(s)

∂s2
1

]2
+

[
∂2φk(s)

∂s2
2

]2
ds1 ds2 = wT

1 (I + λP)w1 = 1,
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Algorithm 2.1: Functional Partial Least Square Algorithm

1 Input: ZB, Ỹ(1),K,λ,P
2 Initialize: z1 = ZB
3 for k = 1 to K do
4 Set ξ k = 0, u = Ỹ(k), tol = 1e−5, true

5 while true do
6 M = (I + λP)−1

7 wk = MzT
k u

8 wk = wk/‖wk‖
9 ξ0 = zkwk

10 rss = ‖ξ k − ξ 0‖
11 ξ k = ξ0

12 p = zT
k ξ k/ξ

T
k ξ k

13 q = uT ξ k/ξ
T
k ξ k

14 u = u/‖u‖
15 if rss ≤ tol then
16 f alse

17 end
18 end
19 zk = zk − ξ kpT

20 Ỹ(k) = Ỹ(k) − qξ k

21 end
22 return: w1, . . . ,wK ; ξ1, . . . , ξ k

where λ is the smoothing parameter, P = ∫
S
[ ∂2B(s)

∂s2
1

][ ∂2BT (s)
∂s2

1
]+ [ ∂2B(s)

∂s2
2

][ ∂2BT (s)
∂s2

2
]ds1 ds2 is the

M × M matrix, and B(s) = (B1(s, . . . ,BM(s))T . The other K − 1 components, w2, . . . ,wK ,
follow where maximization is subject to the orthogonality constraint. The smoothing param-
eter λ can be chosen by cross-validation (Ramsay and Silverman (2005), Reiss and Ogden
(2007)). For instance, we can choose λ for a given K such that w(λ(K)) maximizes the
prespecified prediction accuracy measure within the cross-validation.

We provide a detailed Algorithm 2.1 in carrying out the estimation of the latent compo-
nents as a function of the weight vectors. The estimation procedure is in the same spirit as the
well-developed NIPALS and SIMPLS algorithm (Wold (1975b), Martens and Næs (1989)).
We note here that for a univariate response, both the NIPALS and SIMPLS estimates are
equivalent (Martens and Næs (1989)). The term, ZB, is defined as the n × M matrix with the
imth element

∫
S
Zi(s)Bm(s) ds.

3. Simulation study. We aim to investigate and compare the finite sample performances
of the three proposed Cox-FPLS methods. Additional comparison with the unsupervised
functional principal component regression (FPCR) approach with survival outcome (Kong
et al. (2018)) is also presented in this simulation study. Specifically, we simulate the imaging
data from Zi(s) = μ(s) + ∑3

m=1 aimBm(s), where the basis functions Bm,m = 1,2,3, are
formed by tensor products of Fourier basis functions on [−π,π] × [−π,π]. Without loss of
generality, we assume that the image is de-meaned, that is, μ(s) = 0. We consider the resolu-
tion of 32 × 32 which leads to 1024 equidistance pixels within each image. The coefficients,
ai1, ai2, ai3, are uncorrelated random variables simulated from a normal distribution with the
mean 0 and decreasing variance 10,8,4, respectively.
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We consider the following hazard function hi(t) = h0(t) exp{∫s∈S c(s)Zi(s) ds}, where c(s)
represent the coefficient function. We aim to investigate two scenarios for c(s): (1) c(s) =
B3(s), and (2) c(s) = 0.25B1(s)+0.5B2(s)+B3(s). Note that under scenario 1, only the third
basis function with the least variability is associated with the hazard function. Under scenario
2 a linear combination of all three basis functions are associated with the hazard function but
with decreasing magnitude. To investigate whether the proposed algorithm can efficiently
identify the latent components that are associated with risk, we constrain the algorithm to
choose K = 1 and K = 2 components only. Here we set the maximum time of the study to
be 15 years. We simulate the baseline hazard function from a Weibull distribution h0(t) =
κρ(ρt)κ−1 with increasing risk over time, where κ = 2 and ρ = 0.158. The failure time for
individual i is generated from H−1

i (u), u ∼ unif(0,1), where H(t) is the cumulative hazard
function. We assume independent censoring where the censoring time Ci ∼ (0,Cmax), with
Cmax set at a value such that the percentage of being censored by the end of the study is
approximately 30%.

We simulated 400 individuals per dataset and randomly chose 300 to be in the training set
and the remaining 100 in the validation set to avoid over-optimism on the model prediction
performance. Within the training set, we conducted a five-fold cross-validation to select the
smoothing parameter λ from the grid of 0, 1, 10, 100, and 1000. A log transformation is used
as the function f to convert the observed times on only the positive half of the real line to
values spanning the entire real line. The above simulation process is replicated 100 times in
this simulation study.

Figure 1 illustrates the model performance under Scenario 1 where the coefficient function
is c(s) = B3(s). We measure the prediction performance in terms of model discrimination
and calibration as a function of integrated area under the receiver operating characteristics
(ROC) curve (AUC) (Uno et al. (2007)) and integrated Brier scores (Gerds, Cai and Schu-
macher (2008), Graf et al. (1999)). Figure 1 shows that all three variations of the proposed
FPLS methods retain superior performance in comparison with the FPCR method. We see
no improvements in the unsupervised FPCR method when the number of components K is
increased from one to two. In this particular scenario, because B3 explains the least amount
of variation, the FPCR approach simply ignores this component and barely has any predictive
power when we constrain the number of components K = 1 and 2, as can be seen with an
integrated AUC scattered around 0.5. These results are in accordance with our expectations,
because the FPCR approach extracts imaging components that explain most of the variation
among image predictors, which are independent of the outcome variable.

To confirm that the proposed methods indeed captured the latent component that is most
associated with the hazard function, Figure 2 displays the estimated BT ŵ when K = 1, from
the three variations of FPLS (panels a–c) and FPCR (panel d) in comparison with the truth
(panel e). As we can see, the top three panels in Figure 2 mimic the truth fairly well, whereas
panel d retains a form that is similar to B1, which explains most of the variation.

We further show a similar set of results under scenario 1 without fixing K . The K and λ

are then selected automatically with a five-fold inner cross-validation. For a fair comparison,
K under the FPCR method was chosen to explain at least 80% of the variability in the data.
As shown in Figure 3, similar results can be drawn under this setting where all three FPLS
retain superior performance in comparison to the FPCR.

In addition to the simulation results discussed above, simulation results under scenario
2 as well as under a plasmode simulation study mimicking the mammography data are in-
cluded in the Supplementary Material (Jiang, Cao and Colditz (2024)). Similar conclusions
can be drawn under these settings where the proposed methods retain superior prediction
performance.
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FIG. 1. Boxplots for the estimated integrated area under the receiver operating characteristic (ROC) curve
(AUC) and integrated Brier scores (BS) with FPCR and three types of FPLS: M1 (reweighing); M2 (mean im-
putation); M3 (deviance residuals) under simulation scenario 1 with fixed K components and cross-validation
selected λ.

4. The Joanne Knight Breast Health Cohort. The Joanne Knight Breast Health Cohort
(JKBH) was established to link breast cancer risk factors, mammographic breast density,
and blood markers in a diverse population of women undergoing routine mammographic

FIG. 2. Estimated BT ŵ for K = 1, from the three variations of FPLS (panels a–c) and FPCR (panel d) in
comparison to the truth (panel e) for one randomly chosen simulation run under scenario 1.
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FIG. 3. Boxplots for the estimated integrated area under the receiver operating characteristic (ROC) curve
(AUC) and integrated Brier scores (BS) with FPCR and three types of FPLS: M1 (reweighing); M2 (mean impu-
tation); M3 (deviance residuals) under simulation scenario 1 with cross-validation selected K and λ.

screening. Women were recruited in St Louis, MO, from November 2008 to April 2012.
Follow-up through 2018 was over 80% complete, and women continued to receive screening
mammograms and follow-up diagnostics that included confirming pathology samples of any
breast lesions and cancers. We used the nested case-control cohort within the JKBH cohort
in this analysis, which consists of 947 women who had a full field digital craniocaudal view
mammogram available at the baseline (Chen et al. (2023)). These women were matched by
their baseline age and year of entry to the cohort (Colditz et al. (2022)). The mean age at
entry was 56.7 years within the cohort and 289 women were diagnosed with breast cancer
prior to the end of the follow-up (excluding those diagnosed within the first six months since
entering the cohort). Mammograms at baseline were prealigned and averaged between the
two breasts within a woman prior to analysis; see Jiang et al. (2023b) for more details.

For the breast cancer application, we use baseline age, BMI, history of benign breast
biopsy (HBB), family history of breast cancer (FH), menopausal status (meno), parous
(yes/no), age at menarche (age_m), breast density categorized in BI-RADS levels (A/B/C/D)
with A being the reference category, and date of entry (ED) to the cohort as demographic
variables. We project the mammogram imaging data onto a 12 × 12 tensor product of cubic
B-spline, B, in estimating the basis coefficients, w, using the three methods proposed in this
paper: reweighing, mean imputation, and deviance residual based FPLS. We have assessed
three choices of tensor product dimensions with sensitivity analyses, and all three performed
similarly in this application; see Supplementary Material for more details (Jiang, Cao and
Colditz (2024)). Specifically, we consider the following proportional hazards model:

hi(t) = h0(t) exp
{
α1agei + α2BMIi + α3HBBi + α4FHi + α5age_mi + α6menoi

(8)
+ α7parousi + α8EDi + α9biradBi + α10biradCi + α11biradDi + βT ξ̂i

}
,

where β = (β1, . . . , βK)T denote the coefficients for K latent components. Here the propor-
tional hazards assumption was deemed reasonable upon formally inspecting the Schoenfeld
residual plot for each baseline covariate.
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To avoid over-optimism on the prediction performance, we conduct a 10-fold internal
cross-validation. For each of the training splits within the 10-fold, a nested five-fold cross-
validation is used to find the number of latent components K and the smoothing parameter λ

via a two-dimensional grid search (see Supplementary Material Section S2 for more details)
(Jiang, Cao and Colditz (2024)). The value for the smoothing parameter is searched on the
grid (0,1,10,102,103,106), and the number of latent components is searched on the grid of 1
to 30 with an equal increment of 1. In this study we report both the short-term risk prediction
(one-year interval) and the long-term risk prediction (five-year interval) in terms of AUC.
The standard deviation for the AUC in each fold has been estimated with 1000 bootstraps
(LeDell, Petersen and van der Laan (2015)).

Table 1 illustrates the results under different model setups for short term (one-year) and
long-term (five-year) risk prediction. The proposed FPLS formulations are compared with:
1) benchmark model with demographic variables only, that is, without using mammogram
images, 2) Gail model which is a well-accepted breast cancer model across the globe (Gail
et al. (1989)), 3) convolutional neural network (CNN), and 4) FPCR. We see that the bench-
mark and Gail model gave the lowest AUC. Although the AUC under these two models seem
low, this is in accordance with the breast cancer literature; some of the widely used models in
breast cancer include the Gail model and Tyrer–Cuzick model that results in a five-year AUC
of approximately 0.58–0.61 (Maas et al. (2016), Brentnall et al. (2015)).

We then include the mammogram in the subsequent models in Table 1. We see that the
CNN is much improved over the previous two models, suggesting that the mammogram im-
age is informative in future risk. However, the CNN retained the worse performance for the
five-year AUC in comparison to the functional models. This performance may be due to
the moderate sample size in our dataset, as CNN usually requires massive training data to
guarantee good performance (Keshari et al. (2018), Wagner et al. (2013)). Details on imple-
mentation along with tuning parameter selection for the CNN are embedded in the Supple-
mentary Material (Jiang, Cao and Colditz (2024)). Next, we utilized features extracted from
the mammogram images using FPCR and the three FPLS methods. As we can see, all three
FPLS methods have outperformed the FPCR. To assess whether the latent components ex-
tracted using best performing mean imputation method from the mammogram images are
significant, compared to the benchmark model, we have conducted a likelihood ratio test and
have obtained a significant result, that is, p-value < 0.001 (Vickers, Cronin and Begg (2011),
Demler, Pencina and D’Agostino (2012)).

The AUC itself does not provide much information in terms of the gain in clinical risk
stratification for improvement in the low-end and high-end in the population, as suggested by
one of the reviewers. Therefore, we have added the expected 10-year breast cancer risk by
case-control status to assess the risk recalibration for the proposed model. The risk stratifi-
cation is calibrated in the SEER population breast cancer database; see Rosner et al. (2021).
After generating the individualized risk scores, we stratify women using the U.S. guideline
categories, below average (< 2%), average (2%–3%), above average (3%–5%), moderately
increased (5%–8%), and high (≥ 8%).

For clinical translational purposes, a new woman that comes into the clinic can now be
categorized into one of the five risk categories listed above. For women that are in the very
low-risk category, less frequent screening can be recommended, for example. For women
that are in the very high-risk category, on the other hand, more frequent screening as well as
preventive strategies can be recommended. Such gain in risk stratification using the proposed
model (compare to the Gail model) can be seen in Table 2.

To further aid interpretation of the proposed method, we have added a regression with the
corresponding coefficient surface estimated with mean imputation FPLS. In fact, the coeffi-
cient surface for the mammograms can be interpreted just as ordinary regression coefficients;
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TABLE 1
One-year and five-year risk prediction performance using the Benchmark model with demographic covariates
only, the Gail model, the convolutional neural network (CNN), the functional principal components regression

(FPCR) model, and the three proposed functional partial least squares (FPLS) methods

One-year AUC Five-year AUC

Est. SE Est. SE

Benchmark 0.648 0.05 0.606 0.05
Gail 0.588 0.06 0.569 0.06
CNN 0.773 0.06 0.626 0.06
FPCR 0.734 0.06 0.651 0.06
FPLS—Reweighting 0.807 0.07 0.703 0.06
FPLS—Mean Imputation 0.812 0.05 0.717 0.05
FPLS—Deviance Residual 0.810 0.05 0.702 0.05

see Figure 4 that outlines this relationship between the covariates Xi and the image Zi(s).
For instance, we see that the positive coefficient (hot color) indicates a worse prognosis and
a negative coefficient (cold color) indicates a protective effect of the pixels to breast cancer
risk. The coefficient surface for the mammogram image is of the same dimension as the im-
age, and thus each estimate on the surface has a one-to-one matching back to the pixels on the
image. Therefore, we can interpret this as the weighted average between the pixel intensities
and the coefficient surface that affects the breast cancer risk outcome.

5. Discussion. This paper presented three formulations of the FPLS method based on
reweighing, mean imputation, and deviance residual based approach to extract latent com-
ponents that are most associated with survival outcomes accompanied with right-censoring.
While there exists several different methodologies on identifying the low-rank structure from
the image predictors with survival outcome, these low-rank structures may or may not be
associated with the survival outcome. The select latent components identified using the pro-
posed FPLS method are ordered by their association with the survival outcome. This paper
also investigates and compares the prediction performance of the proposed FPLS methods
with existing breast cancer models and convolutional neural network in the presence of a
high-dimensional imaging predictor. We have assessed the model performance via intensive
simulation studies and demonstrated that all three formulations of the FPLS outperform the
unsupervised FPCR. The three proposed formulations of the FPLS are then applied to the
motivating dataset from the Joanne Knight Breast Health Cohort at Siteman Cancer Center
where the goal lies in improving the risk prediction performance by fully utilizing the mam-
mogram imaging data that are routinely available. Our results suggest that latent features

TABLE 2
Risk stratification using the proposed FPLS method using mean imputation vs. the Gail model calibrated with

the SEER database

FPLS Gail

Cases Controls Cases Controls

below average (< 2%) 15% 48% 9% 18%
average (2%–3%) 20% 25% 40% 47%
above average (3%–5%) 34% 16% 33% 31%
moderately increased (5%–8%) 18% 9% 11% 3%
high (≥ 8%) 13% 2% 7% 1%
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FIG. 4. Visual representation of Cox regression with the corresponding coefficient surface estimated with mean
imputation FPLS.

extracted from the baseline mammogram images are informative in predicting breast can-
cer risk, as demonstrated with increased discriminatory performance. For our application all
three FPLS methods performed similarly in terms of one-year and five-year AUC; the mean
imputation method performed slightly better among all three.

In general, the appropriateness the functional data analysis hinges on the assumption that
the observed Zi(s) are realizations of a stochastic process {Z(s),∀s ∈ S} in a square in-
tegrable rectangle in IR2: L2(S) = {f : S → IR|| ∫s∈S f (s)2 ds| < ∞}. In the current breast
cancer application, all women who enter the cohort are constraint to be cancer free and tumor-
free within at least six months since baseline (average year from entry to diagnosis of breast
cancer was 5.19 years). Thus, at entry to the cohort, we are modeling the breast tissue distri-
bution across women and not the diagnostic locations of the potential tumor. It has been well
documented that patterns of breast parenchymal complexity are formed by the x-ray attenu-
ation of fatty, fibroglandular, and stromal tissues. This is assumed to be comparable across
healthy breasts, because each region within the breast has equal chance to develop future tu-
mor. Individual-specific deviation from the underlying distribution in the population can then
be used to identify very low- and very high-risk individuals. While this assumption is deemed
reasonable in this particular scenario, it may be violated when tumors are present on the set
of images. As pointed out by one of the reviewers, when tumors have developed in different
regions of the breast across women, this assumption of a common underlying distribution
may not be suitable.

The proposed model in this paper has room for improvement in prediction performance
by incorporating other risk factors, such as the questionnaire scores and genetic risk factors
(Rosner et al. (2021)). If 3D images are available, the proposed method to the 3D coordinate
system encompasses a trivial extension by replacing Bm(s) by a 3D basis function. As these
remain part of future exploration, the current proposed modeling framework sets a foundation
for incorporating the mammogram and other types of images for risk prediction to aid long-
term prevention. Our approach can also be used to assess the added value of image data in
other contexts, for example, in predicting the risk of Alzheimer’s Disease with brain images.
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