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Abstract
Abstract
Background
Breast cancer is a sex hormone receptor-dependent malignant tumor, and dy-
namic changes in estradiol (E2) play a very important role in the development of
breast cancer; classical case-cohort designs completely ignore information from
unselected samples, which can easily lead to estimation bias.

Objective
To investigate the impact of dynamic changes in E2 levels on survival prognosis
in breast cancer patients and to evaluate the superiority of a modified case-
cohort design.

Methods
A total of 8226 patients pathologically diagnosed with breast cancer at the
Affiliated Tumor Hospital of Xinjiang Medical University from 2015 to 2019
were selected for follow-up, with the time of diagnosis as the starting point,
death due to breast cancer as the endpoint event, and the follow-up deadline
being December 31, 2021. Demographic characteristics, immunohistochemical
indicators, clinicopathological features, and survival status were collected, and
longitudinal measurements of serum E2 levels were performed. Based on the
classical case-cohort design, the modified case-cohort design was developed by
incorporating survival data from patients outside the case-cohort sample. Under
both classical and modified case-cohort designs, linear mixed-effects models and
Cox proportional hazards models were used to fit longitudinal data (longitudi-
nal submodel) and survival data (survival submodel) of breast cancer patients,
respectively, and a joint model of longitudinal and time-to-event data was es-
tablished; furthermore, Markov Chain Monte Carlo algorithms were used to
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estimate the parameters of the joint model; additionally, the discrimination
and calibration of the joint models under classical and modified case-cohort de-
signs were compared using the area under the receiver operating characteristic
curve (AUC) and prediction error (PE).

Results
Based on inclusion and exclusion criteria, a total of 895 breast cancer patients
were included in the full cohort of this study, of whom 53 died from breast can-
cer. The median follow-up time was approximately 28 months. One-quarter of
the patients were randomly selected from the full cohort as a random subcohort
and combined with patients who died during follow-up outside the random sub-
cohort to form the sample for the classical case-cohort design, which included
survival data from 236 patients and 1062 measurements of E2 levels. Addition-
ally, based on the classical case-cohort design, survival data from breast cancer
patients who remained alive during follow-up outside the classical case-cohort
sample (G4) were incorporated as the sample for the modified case-cohort de-
sign (including survival data from 895 patients and 1062 E2 level measurements
from 236 patients, with 2958 longitudinal missing values of E2 level measure-
ments considered). The joint model results under both classical and modified
case-cohort designs showed that dynamic changes in E2 levels were influencing
factors for the prognosis of breast cancer patients, and for each unit increase
in lg(E2) longitudinally, the risk of death would increase by 23% (HR=1.23,
R^=1.015) and 8% (HR=1.08, R^=1.020), respectively. Furthermore, the joint
model under the modified case-cohort design demonstrated better discrimina-
tion and calibration (AUC=0.706~0.962, PE=0.0012~0.0108).

Conclusion
Longitudinal elevation of E2 levels in breast cancer patients may lead to de-
creased survival probability. The joint model under case-cohort design can ana-
lyze longitudinal and survival data simultaneously, and the modified case-cohort
design is superior to the classical case-cohort design.
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Abstract

Background: Breast cancer is a hormone receptor-dependent malignant tu-
mor, and dynamic changes in estradiol (E2) play a critical role in its devel-
opment. The classical case-cohort design completely ignores information from
non-selected samples, which can easily lead to biased estimation. Objective:
To explore the effect of dynamic changes in E2 levels on survival prognosis in
breast cancer patients and evaluate the superiority of an improved case-cohort
design. Methods: We selected 8,226 patients diagnosed with breast cancer by
pathological examination at the Affiliated Cancer Hospital of Xinjiang Medical
University from 2015 to 2019. Follow-up started at diagnosis, with death due
to breast cancer as the outcome event, and ended on December 31, 2021. De-
mographic characteristics, immunohistochemical indicators, clinicopathological
features, and survival status were collected, and serum E2 levels were longi-
tudinally measured. Based on the classical case-cohort design, the improved
design incorporated survival data from patients outside the case-cohort sample.
Under both designs, linear mixed effects models and Cox proportional hazards
models were used to fit longitudinal data (longitudinal submodel) and survival
data (survival submodel), respectively, and joint models for longitudinal and
time-to-event data were established. Markov chain Monte Carlo algorithms
were used to estimate model parameters. The area under the receiver operating
characteristic curves (AUC) and prediction errors (PE) were used to compare
discrimination and calibration between the two joint models. Results: Based
on inclusion and exclusion criteria, 895 breast cancer patients were included
in the full cohort, of whom 53 died from breast cancer. The median follow-
up time was approximately 28 months. From the full cohort, one-quarter of
patients were selected as a random subcohort, which combined with all deaths
outside the subcohort formed the classical case-cohort sample (236 patients with
survival data and 1,062 E2 measurements). The improved case-cohort design
additionally included survival data from patients outside the classical sample
who survived during follow-up (G4), comprising survival data from 895 patients
and 1,062 E2 measurements from 236 patients (with 2,958 longitudinal measure-
ments assumed missing). Both joint models showed that dynamic changes in
E2 levels influenced prognosis: each one-unit longitudinal increase in log(E2)
increased mortality risk by 23% (HR=1.23, R̂=1.015) under the classical design
and 8% (HR=1.08, R̂=1.020) under the improved design. The improved design
showed better discrimination and calibration (AUC=0.706–0.962, PE=0.0012–
0.0108). Conclusion: Longitudinal increases in E2 levels may reduce survival
probability in breast cancer patients. Joint models under case-cohort design
can simultaneously analyze longitudinal and survival data, with the improved
case-cohort design being superior to the classical design.

Keywords: Breast cancer; Estradiol; Case-cohort design; Joint model; Survival
data
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Introduction

Breast cancer is one of the most common malignant tumors, ranking first in
incidence among female cancers, with an estimated 2.3 million new female cases
globally in 2020. In China, both incidence and mortality continue to rise, se-
riously threatening women’s health. As a hormone-dependent tumor, estrogen
primarily stimulates proliferation of mammary epithelial cells, and binding to
estrogen receptors promotes rapid tumor growth and inhibits apoptosis, thereby
facilitating breast cancer development. Estrogen mainly includes estradiol (E2)
and estrone, with E2 having stronger biological activity and being widely used
in clinical research.

Clinically, longitudinal measurements of biomarkers are commonly performed
to analyze their dynamic effects on disease progression and estimate temporal
trends. Survival data, containing information on survival time, event occur-
rence, and related factors, are also common in clinical research. To simultane-
ously analyze longitudinal data, survival data, and their potential associations,
joint models have been widely applied. For example, Mchunu et al. used joint
models to explore the association between longitudinal CD4 counts and mortal-
ity risk in TB/HIV patients, while Wang et al. investigated the relationship be-
tween dynamic changes in HDL and LDL cholesterol and metabolic syndrome.
When event rates are low, patients from hospital or cancer center follow-ups
may not fully represent the general population. The classical case-cohort de-
sign, which analyzes all outcome events based on simple random sampling, is
suitable for large cohorts with low incidence. However, it completely ignores
all information from patients outside the case-cohort sample, creating different
event rates between the full and case-cohort samples and leading to selection
bias in parameter estimation and survival probability assessment.

Baart et al. evaluated the predictive accuracy of joint models under classical
and improved case-cohort designs using simulated data and applied the im-
proved design to explore risk factors for acute coronary syndrome. Building on
these discussions, this study uses data from breast cancer patients at the Affil-
iated Cancer Hospital of Xinjiang Medical University (2015–2019) to improve
the case-cohort design by incorporating survival information from patients out-
side the classical sample. We establish joint models under both designs using
linear mixed effects and Cox proportional hazards models, estimate parame-
ters via Markov Chain Monte Carlo (MCMC) algorithms, and compare model
discrimination and calibration using AUC and prediction error (PE) to evalu-
ate the improved design’s performance and provide evidence for breast cancer
prevention and control.

Methods

1.1 General Information We selected 8,226 breast cancer patients diag-
nosed by pathological examination at the Affiliated Cancer Hospital of Xinjiang
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Medical University from 2015 to 2019. Follow-up started at diagnosis, with
death due to breast cancer as the outcome event, and ended on December 31,
2021. Data were collected through the hospital’s electronic medical record and
follow-up systems, including demographic characteristics, immunohistochemical
indicators, clinicopathological features, survival status, and longitudinal serum
E2 measurements (pmol/L). This study was approved by the Medical Ethics
Committee of the Affiliated Cancer Hospital of Xinjiang Medical University
(Approval No.: K-2023001).

Inclusion criteria: (1) Age >18 years; (2) Primary tumor pathologically di-
agnosed as breast cancer; (3) Signed informed consent; (4) $�$2 repeated mea-
surements during follow-up. Exclusion criteria: (1) Other malignant tumors;
(2) <2 repeated measurements; (3) Missing important pathological information.
Based on these criteria, 895 patients were included in the final cohort.

1.2.1 Case-Cohort Design Consider a study with n independent individu-
als. Let 𝑇 ∗

𝑖 and 𝐶∗
𝑖 denote the true event time and censoring time for individual

i, respectively, with observed time 𝑇𝑖 = min(𝑇 ∗
𝑖 , 𝐶∗

𝑖 ). The event indicator is
𝛿𝑖 = 𝐼(𝑇 ∗

𝑖 ≤ 𝐶∗
𝑖 ), where 𝐼(⋅) is the indicator function. Individuals experiencing

the outcome are cases (G2 � G3 in [Figure 1: see original paper]), while those
not experiencing it are non-cases (G1 � G4).

The classical case-cohort design selects a random subcohort via simple random
sampling from the full cohort (G1 � G2 in [Figure 1: see original paper]). The
case-cohort sample comprises this subcohort plus all cases outside it (G3, where
𝛿𝑖 = 1). Indicator variables 𝑆𝑖 and 𝐶𝐶𝑖 denote selection into the random
subcohort and case-cohort sample, respectively:

𝐶𝐶𝑖 = {1, if 𝛿𝑖 = 1 or 𝑆𝑖 = 1
0, if 𝛿𝑖 = 0 and 𝑆𝑖 = 0

This study improves upon the classical design by additionally incorporating sur-
vival information from individuals outside the case-cohort sample who survived
during follow-up (G4), without considering their longitudinal data—termed the
improved case-cohort design.

Let 𝑚𝑖(𝑡) denote the true longitudinal value at time t, with observed value
𝑦𝑖(𝑡). For individuals outside the case-cohort sample (G4), longitudinal data
are assumed missing, denoted as 𝑦𝑚

𝑖 (𝑡). The observed sets are:

𝐺1 = {𝑦𝑖, 𝑇𝑖, 𝛿𝑖 = 0, 𝑆𝑖 = 1, 𝐶𝐶𝑖 = 1; 𝑖 = 1, … , 𝑛}
𝐺2 = {𝑦𝑖, 𝑇𝑖, 𝛿𝑖 = 1, 𝑆𝑖 = 1, 𝐶𝐶𝑖 = 1; 𝑖 = 1, … , 𝑛}
𝐺3 = {𝑦𝑖, 𝑇𝑖, 𝛿𝑖 = 1, 𝑆𝑖 = 0, 𝐶𝐶𝑖 = 1; 𝑖 = 1, … , 𝑛}
𝐺4 = {𝑦𝑚

𝑖 , 𝑇𝑖, 𝛿𝑖 = 0, 𝑆𝑖 = 0, 𝐶𝐶𝑖 = 0; 𝑖 = 1, … , 𝑛}
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1.2.2 Joint Model for Longitudinal and Survival Data The longitudinal
submodel uses a linear mixed effects model:

𝑦𝑖(𝑡) = 𝑚𝑖(𝑡) + 𝜀𝑖(𝑡) = 𝑥𝑖(𝑡)𝑇 𝛽 + 𝑧𝑖(𝑡)𝑇 𝑏𝑖 + 𝜀𝑖(𝑡)

where 𝑦𝑖(𝑡) is the observed longitudinal value, 𝑚𝑖(𝑡) is the true value, 𝑥𝑖(𝑡) and
𝑧𝑖(𝑡) are design matrices for fixed and random effects, 𝛽 is the fixed effects vector,
𝑏𝑖 ∼ 𝑁(0, 𝐷) is the random effects vector, and 𝜀𝑖(𝑡) ∼ 𝑁(0, 𝜎2) is measurement
error. We used a linear mixed effects model with natural cubic spline functions
of time to capture non-linear temporal trends.

The association between longitudinal dynamics and survival risk is quantified by
coefficient 𝛼. The survival submodel uses an extended Cox proportional hazards
model:

ℎ𝑖(𝑡 ∣ 𝑀𝑖(𝑡), 𝜔𝑖) = ℎ0(𝑡) exp{𝜔𝑇
𝑖 𝛾 + 𝛼𝑚𝑖(𝑡)}

where 𝑀𝑖(𝑡) = {𝑚𝑖(𝑠), 0 < 𝑠 < 𝑡}, ℎ0(𝑡) is the baseline hazard, 𝜔𝑖 is the design
matrix for time-independent covariates, 𝛾 are unknown parameters, and 𝛼 is
the association parameter.

Assuming shared random effects 𝑏𝑖 between submodels, the joint model is:

𝑦𝑖(𝑡) = 𝑚𝑖(𝑡) + 𝜀𝑖(𝑡) = 𝑥𝑖(𝑡)𝑇 𝛽 + 𝑧𝑖(𝑡)𝑇 𝑏𝑖 + 𝜀𝑖(𝑡)
ℎ𝑖(𝑡 ∣ 𝑀𝑖(𝑡), 𝜔𝑖) = ℎ0(𝑡) exp{𝜔𝑇

𝑖 𝛾 + 𝛼𝑚𝑖(𝑡)}
𝑏𝑖 ∼ 𝑁(0, 𝐷), 𝜀𝑖(𝑡) ∼ 𝑁(0, 𝜎2)

We estimated parameters using MCMC algorithms under a Bayesian framework.
For individual i, the contribution to the survival likelihood is:

𝑝(𝑇𝑖, 𝛿𝑖 ∣ 𝑏𝑖, 𝛽, 𝜃𝑡) = ℎ𝑖{𝑇𝑖 ∣ 𝑀𝑖(𝑇𝑖), 𝜃𝑡}𝛿𝑖𝑆𝑖{𝑇𝑖 ∣ 𝑀𝑖(𝑇𝑖), 𝜃𝑡} = [ℎ0(𝑇𝑖 ∣ 𝛾𝑠) exp{𝛾𝑇 𝜔𝑖+𝛼𝑚𝑖(𝑇𝑖)}]𝛿𝑖×exp{− ∫
𝑇𝑖

0
ℎ0(𝑠 ∣ 𝛾𝑠) exp{𝛾𝑇 𝜔𝑖+𝛼𝑚𝑖(𝑠)}𝑑𝑠}

where 𝜃𝑡 = (𝛾𝑠, 𝛾, 𝛼) and 𝛾𝑠 are parameters for the baseline hazard B-spline.

For the classical design, individuals in 𝐺1 ∪ 𝐺2 ∪ 𝐺3 have complete longitudinal
information, with contribution to the longitudinal likelihood:

𝑝(𝑦𝑖 ∣ 𝑏𝑖, 𝜃𝑦) =
𝑛𝑖

∏
𝑗=1

1√
2𝜋𝜎2 exp{−(𝑦𝑖𝑗 − 𝑥𝑇

𝑖𝑗𝛽 − 𝑧𝑇
𝑖𝑗𝑏𝑖)2

2𝜎2 }

where 𝜃𝑦 = (𝛽, 𝜎). For the improved design, individuals in G4 have missing
longitudinal data, and their longitudinal submodel posterior is:
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𝑝(𝑦𝑚
𝑖 ∣ 𝑇𝑖, 𝛿𝑖 = 0, 𝐺4) = ∫ 𝑝(𝑦𝑚

𝑖 ∣ 𝑇𝑖, 𝛿𝑖 = 0, 𝜃𝑦)𝑝(𝜃𝑦 ∣ 𝐺4)𝑑𝜃𝑦

The full joint posterior distributions are:

Classical: 𝑝(𝜃, 𝑏𝑖 ∣ 𝑇𝑖, 𝛿𝑖, 𝑦𝑖) ∝ 𝑝(𝑇𝑖, 𝛿𝑖 ∣ 𝑏𝑖, 𝜃)𝑝(𝑦𝑖 ∣ 𝑏𝑖, 𝜃)𝑝(𝑏𝑖 ∣ 𝜃)𝑝(𝜃)
Improved: 𝑝(𝜃, 𝑏𝑖, 𝑦𝑚

𝑖 ∣ 𝑇𝑖, 𝛿𝑖) ∝ 𝑝(𝑇𝑖, 𝛿𝑖 ∣ 𝑏𝑖, 𝜃)𝑝(𝑦𝑚
𝑖 ∣ 𝑏𝑖, 𝜃)𝑝(𝑏𝑖 ∣ 𝜃)𝑝(𝜃)

where 𝜃 represents all unknown parameters.

We evaluated model discrimination and calibration using AUC and PE. Higher
AUC (closer to 1) indicates better discrimination, while smaller PE indicates
better calibration (smaller difference between observed and predicted survival
rates).

Results

2.1 Data Processing The full cohort included 895 breast cancer patients, of
whom 53 died from breast cancer. The median follow-up was approximately 28
months. During follow-up, 4,020 E2 measurements were collected (mean 4.49
per patient). From the full cohort, one-quarter were randomly selected as a
subcohort, which combined with deaths outside the subcohort formed the clas-
sical case-cohort sample (236 patients with survival data and 1,062 E2 measure-
ments). The improved case-cohort design additionally included survival data
from patients outside the classical sample who survived during follow-up (G4),
comprising survival data from 895 patients and 1,062 E2 measurements from
236 patients (with 2,958 longitudinal measurements assumed missing). Baseline
characteristics are shown in . Normality tests showed E2 levels were skewed; we
applied log10 transformation to achieve approximate normality for log(E2).

2.2 Longitudinal and Survival Submodels We fitted log(E2) using a lin-
ear mixed effects model with natural cubic spline functions of time. The final
longitudinal submodel was:

log(E2) = 𝑦𝑖(𝑡) = 𝑚𝑖(𝑡)+𝜀𝑖(𝑡) = 𝛽1+𝛽2𝑡+𝛽3𝑡2+𝛽4𝑡3+𝑏1+𝑏2𝑡+𝑏3𝑡2+𝑏4𝑡3+𝜀𝑖(𝑡)

We plotted trajectories for six randomly selected patients ([Figure 2: see original
paper]), revealing non-linear patterns (blue dashed lines).

Univariate and multivariate Cox regression identified TNM stage II (HR=3.59,
95%CI=1.05–12.20), III (HR=14.00, 95%CI=4.18–46.70), IV (HR=29.90,
95%CI=7.58–118.00) and HER-2 positivity (HR=2.11, 95%CI=1.19–3.76) as
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risk factors, while breast-conserving surgery (HR=0.12, 95%CI=0.01–0.95) was
protective (). The optimal survival submodel was:

ℎ𝑖(𝑡) = ℎ0(𝑡) exp{𝛾1𝜔TNM-II+𝛾2𝜔TNM-III+𝛾3𝜔TNM-IV+𝛾4𝜔surgery-conserving+𝛾5𝜔surgery-radical+𝛾6𝜔HER-2++𝛼𝑚𝑖(𝑡)}

The final joint model was:

log(E2) = 𝛽1 + 𝛽2𝑡 + 𝛽3𝑡2 + 𝛽4𝑡3 + 𝑏1 + 𝑏2𝑡 + 𝑏3𝑡2 + 𝑏4𝑡3 + 𝜀𝑖(𝑡)
ℎ𝑖(𝑡) = ℎ0(𝑡) exp{𝛾1𝜔TNM-II + 𝛾2𝜔TNM-III + 𝛾3𝜔TNM-IV + 𝛾4𝜔surgery-conserving + 𝛾5𝜔surgery-radical + 𝛾6𝜔HER-2+ + 𝛼𝑚𝑖(𝑡)}

𝑏𝑖 ∼ 𝑁(0, 𝐷), 𝜀𝑖(𝑡) ∼ 𝑁(0, 𝜎2)

2.3 Joint Model Results Parameter estimates are shown in . The associa-
tion coefficient 𝛼 converged in both models (R̂<1.05). Holding other baseline
variables constant, each one-unit longitudinal increase in log(E2) increased mor-
tality risk by 23% (HR=exp(0.21)=1.23, R̂=1.015) under the classical design
and 8% (HR=exp(0.08)=1.08, R̂=1.020) under the improved design.

Predictive accuracy comparisons across time points and intervals (𝑡+Δ𝑡) showed
the improved design had higher AUC (0.706–0.962) and lower PE (0.0012–
0.0108) than the classical design (AUC=0.693–0.930, PE=0.0013–0.0120) ().
For example, at Δ𝑡 = 5 and 𝑡 = 9, the classical design yielded AUC=0.797 and
PE=0.0059, while the improved design yielded AUC=0.823 and PE=0.0055.

Discussion

The classical case-cohort design reduces bias from lack of repeatability, while the
improved design maintains sample size efficiency and avoids selection bias by
incorporating all patients’ survival information. Joint models effectively monitor
longitudinal trajectories. Previous studies have shown significant associations
between E2 dynamics and breast cancer prognosis. This study used shared
random effects to jointly model linear mixed effects and Cox models under both
designs to explore the relationship between E2 dynamics and survival in Xinjiang
breast cancer patients.

Cox regression showed advanced TNM stage was an independent prognostic risk
factor, consistent with known biology where larger tumors and higher metasta-
sis probability increase mortality risk. Breast-conserving surgery (HR=0.12,
95%CI=0.01–0.95) significantly improved prognosis, aligning with studies by
Lagendijk et al. and Veronesi et al. demonstrating that surgery reduces tumor
volume and controls dissemination. Both joint models identified elevated E2
as a risk factor, consistent with literature. Kensler et al. found elevated pre-
diagnostic E2 was a mortality risk factor in the Nurses’ Health Study. Our
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results showed each one-unit increase in log(E2) increased mortality risk by
23% (classical) and 8% (improved). Elevated E2 may increase mammary cell
proliferation and reduce endocrine therapy efficacy. Clinical monitoring should
prompt comprehensive assessment and treatment adjustment.

The improved design demonstrated better dynamic prediction accuracy across
time points and intervals, with higher AUC (0.706–0.962) and lower PE (0.0012–
0.0108). This indicates that incorporating the full cohort’s survival informa-
tion improves joint model estimation, reduces selection bias, and enhances cost-
effectiveness.

Limitations: The 95%CI for the association coefficient was wide, possibly due
to small sample size and limited statistical power. Future studies should expand
sample sizes. Additionally, interactions between E2, progesterone, and other
hormones were not considered. Future work could incorporate progesterone as
a time-varying covariate in a multivariate joint model to optimize predictive
accuracy.

Conclusion

Elevated E2 levels are a risk factor for mortality in breast cancer patients.
Joint models under case-cohort design can simultaneously analyze longitudinal
and survival data, with the improved case-cohort design demonstrating superior
predictive performance.
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