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Abstract

Background: Breast cancer survival is influenced by multiple clinical and
pathological factors, and appropriate modelling is required to obtain reliable
prognostic estimates while accounting for unobserved heterogeneity.

Methodology: A population-based retrospective survival analysis was conducted
among women diagnosed with primary breast cancer. Survival time from diagnosis to
death or event was analysed using proportional hazards (PH) and accelerated failure
time (AFT) models across multiple parametric distributions. Shared gamma frailty
models were fitted at the age-group level to account for unobserved heterogeneity.

Results: Higher tumour grade and lymph node ratio (LNR) were the strongest
predictors of poor survival. Compared with grade 1 tumours, grade 3 tumours were
associated with substantially shorter survival times (time ratio =0.55 — 0.59) and
increased hazard (hazard ratio =1.8 - 1.9). Patients with LNR > 0.68 experienced
markedly earlier events (time ratio =~ 0.33 — 0.38) and higher hazard (hazard ratio =
3.1). Advanced age showed the largest adverse effect, with patients older than 78.5
years experiencing events approximately three to four times earlier (time ratio = 0.26
— 0.29). Hormone receptor-negative tumours were associated with reduced survival
(time ratio = 0.71 — 0.86). Flexible AFT models, particularly the generalized gamma
distribution, demonstrated superior fit. Frailty modelling revealed moderate
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unobserved heterogeneity (6= 0.30), with attenuation of effect sizes but preserved
inference.

Conclusion: Key prognostic factors for breast cancer survival remained robust across
modelling frameworks and after accounting for unobserved heterogeneity. The
combined use of PH, AFT, and frailty models provides clinically interpretable and
reliable survival estimates.

Keywords: Survival analysis, Cox model, Frailty model, Breast cancer, Tumour grade,
Heterogeneity

I. Introduction

Breast cancer is the most frequently diagnosed malignancy among women
worldwide and remains a leading cause of cancer-related mortality despite advances in
screening and treatment strategies [ XXII]. The prognosis of breast cancer depends on
clinical, pathological, and biological factors, among which tumour grade has a crucial
impact. Tumour grade is a measure of the differentiation of cancer cells and reflects
features such as nuclear pleomorphism and mitotic activity. Higher-grade tumours,
particularly Grade 3, show more aggressive biology, a more rapid disease course, and
poorer survival compared with low-grade tumours [XVII, IX]. Numerous
epidemiological and clinical studies have consistently demonstrated tumour grade as
an independent predictor of overall survival and disease-free survival in breast cancer
patients [XI].

The main statistical framework for examining time-to-event outcomes in oncology
research is survival analysis. “Due to its interpretability and semi-parametric nature,
the Cox proportional hazards (PH) [XV] model is the most commonly used approach.
Without requiring the baseline hazard to be specified, the Cox model calculates the
relative impact of covariates on the hazard function [V]. However, this model is based
on important assumptions, such as homogeneity among individuals with identical
covariate patterns and proportional hazards over time. These presumptions are
frequently violated in real-world clinical datasets because of unmeasured biological,
genetic, environmental, or treatment-related factors, resulting in unobserved
heterogeneity. Ignoring such heterogeneity could lead to biased regression coefficients,
understated standard errors, and inaccurate conclusions about prognostic variables like
tumour grade [ XXIII].

To address these limitations, frailty models have been developed as extensions of the
Cox model by incorporating random effects, referred to as frailty terms, to account for
unobserved or latent heterogeneity in survival data [XXVI]. In a frailty framework, the
hazard function is modified by a multiplicative random effect that captures individual-
or group-level susceptibility to the event. Frailty may be modelled at the individual
level (univariate frailty) or at the group level (shared frailty), where individuals within
the same cluster (e.g., hospital, region, or treatment centre) share a common frailty
term. The gamma frailty model is the most commonly used specification due to its
mathematical tractability and interpretability, with the frailty term typically assumed to
have a mean of one [VII].
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Frailty models explicitly account for unobserved heterogeneity and help capture
dependence arising from unmeasured risk factors, thereby improving model fit and
inference compared with standard Cox models [XIX]. In oncology research, where
patient populations are naturally diverse, these models have gained increasing
attention. Frailty models have been widely applied in breast cancer research to analyze
survival variability among treatment facilities, genetic subtypes, and therapeutic
regimens. For instance, when taking center-level variability in breast cancer survival
outcomes into account, Kheiri et al. demonstrated that shared frailty models offered
better model fit than traditional Cox models [XIV]. Similarly, previous studies have
shown that incorporating frailty effects in breast cancer survival models improves
predictive performance and helps identify significant prognostic factors [ XXI].

Despite these methodological advantages, clinical survival studies continue to
underutilize frailty models, especially when examining tumour grade and individual-
level heterogeneity. The majority of current analyses of breast cancer survival still rely
primarily on the conventional Cox proportional hazards (Cox PH) model, which may
underestimate the influence of latent heterogeneity on patient outcomes. Furthermore,
there is a lack of direct comparisons between Cox and frailty models in relation to
tumour grade-specific survival, which creates a significant methodological and clinical
gap in the literature.

In this context, the present study aims to evaluate the impact of tumour grade on breast
cancer survival while explicitly accounting for individual heterogeneity through frailty
modelling. By comparing the performance and inference of the Cox PH model with
frailty-based survival models, this study seeks to evaluate the added value of
incorporating unobserved heterogeneity in survival analysis and to provide
methodological insights for more robust prognostic modelling in breast cancer
research. To our knowledge, this study represents the first application of a Relative
Time-to-Event Index-Frailty modelling framework to breast cancer survival data,
incorporating tumour grade and individual heterogeneity.

II. Materials and Methods
I1.i. Study Design and Data Source

This study employed a retrospective survival analysis using data obtained from
the Surveillance, Epidemiology, and End Results (SEER) program, a population-based
cancer registry [XX]. The dataset included female patients diagnosed with primary
breast cancer with complete information on survival time, event status, tumour grade,
and relevant clinicopathological variables. Patients with missing key covariates or
incomplete follow-up information were excluded from the analysis. The primary
outcome was time-to-event, defined as the duration from the date of breast cancer
diagnosis to death or a disease-related event. Patients who were alive or event-free at
the end of follow-up were treated as right-censored.

The main exposure of interest was tumour grade, categorized into Grade 1 (reference),
Grade 2, Grade 3, and Grade 4. Additional covariates included age at diagnosis, lymph
node ratio categories, number of primary tumours, first primary tumour status, tumour
location, estrogen receptor (ER) status, and progesterone receptor (PR) status. These
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variables were selected based on clinical relevance and prior evidence of prognostic
importance.

ILii. Survival Modelling Strategy

Survival outcomes were analysed using both PH and accelerated failure time (AFT)
modelling frameworks with appropriate handling of right-censored data. To account for
unobserved heterogeneity, shared gamma frailty models were additionally fitted at the
age-group level, enabling assessment of covariate effects on both risk and survival time
scales.

IL.ii.i. Survival Function:

The survival function [I], denoted as S(t), represents the probability that an individual
will “survive” or remain event-free past time ‘¢’ as:

S(t) = P(T>t) (1)

where T denotes the survival time. It can be represented as a smooth curve, as ‘¢’ varies
from 0 to infinity. The survival function is non-increasing, i.e., as time ‘¢’ increases,
the probability of surviving beyond time ‘¢’ either decreases or remains constant.

The hazard function [IV] measures the risk of an event occurring at time ‘t’, given that
the event has not yet occurred. Unlike the survival function, which gives the probability
of surviving past a time ‘#’, the hazard function represents the instantaneous likelihood
of an event in the immediate future [XXVI]. Denoted as h(t), it describes the
instantaneous rate of occurrence at time t. Mathematically, the hazard function is
defined as:

p(t<sT<t+At|T=zt)
At

h(t) = lim 2
® = Jim @)
The cumulative hazard function, denoted as H(t), represents the accumulated risk of the
event occurring up to time ‘¢’ and is related to the survival function. It sums up the
instantaneous hazard (risk rate) at each time point, providing an overall measure of risk.
The cumulative hazard function is defined as:

H(t) = - log S(t) 3)

The cumulative hazard also represents the expected number of events occurring
between the time origin and ‘#’ [ XXVI].

I1.ii.ii. Cox Proportional Hazards Model

The Cox PH model was used as the primary semi-parametric approach to estimate
hazard ratios (HR) for tumour grade and other covariates. This model assumes
proportional hazards over time and independence among individuals. The Cox PH
model specifies the hazard function for individual i with covariate vector xi, which is
defined as:

hi(t) = ho(Dexp (BTx) @)
where,

e Ji9(?) is the unspecified baseline hazard function,
e [ is the vector of regression coefficients.
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The HR for a one-unit increase in covariate xk is

HR = exp (Bx) (5)

where HR > 1 indicates increased risk, whereas HR < 1 indicates reduced risk. The PH
assumption entails that HRs remain constant over time.

To examine time-based interpretations of covariate effects, several parametric models
were fitted under both PH and AFT formulations, including Weibull, Gompertz,
lognormal, log-logistic, and generalized gamma distributions. In the AFT model
[XXV], covariate effects were expressed as time ratios (TRs), indicating acceleration
or deceleration of survival time. Under the AFT framework, survival time is modelled
as:

log(Ty) = BT x; + & (6)

where ¢_i follows a specified distribution. Covariate effects are expressed as TRs, with
TR < 1 indicating shorter survival time and TR > 1 indicating prolonged survival.

ILii.iv. Relative Time to Event Index (rT10)

For improved clinical interpretability, AFT model estimates were additionally
expressed using the rTIO [XIII], where rTIO < 1 indicates earlier event occurrence
(shorter survival) and rTIO > 1 indicates delayed event occurrence, and it is defined as:

rTIO = exp (By) (7)
ILii.v. Frailty Modelling for Unobserved Heterogeneity

To account for unobserved individual heterogeneity, shared frailty models with a
gamma-distributed random effect were fitted. Frailty was defined at the age-group level
to capture latent risk factors shared among patients within the same age strata. Both
PH-frailty and AFT-frailty models were estimated. The hazard function with frailty
term u; is expressed as:

hij(t) = ujho(t)exp (B x;5) (3

The term u; captures latent risk shared among individuals within the same age-group
cluster. The frailty terms were assumed to follow a gamma distribution with a mean of
1, and the variance parameter 6 quantifies the degree of unobserved heterogeneity.
Likelihood ratio tests were used to assess the significance of frailty effects.

I1.iii. Model Comparison and Statistical Inference

Model performance was assessed with the Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC), where lower values reflect better model fits.
Parameters of the models were estimated using maximum likelihood estimation.
Results from PH models are reported as hazard ratios with corresponding confidence
intervals and p-values, while AFT models are reported as time ratios and rTIO values.
All statistical tests were two-sided, and a p-value < 0.05 was considered statistically
significant.
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III.  Results
ILi. Overview of Survival Analysis

All patients diagnosed with primary breast cancer were included in the survival
analysis. To determine the robustness of prognostic effects under various assumptions
about the baseline hazard and survival time distribution, a variety of parametric and
semi-parametric survival models were applied to evaluate survival outcomes.
Clinically significant covariates such as tumour grade, lymph node (LN) ratio, age at
diagnosis, hormone receptor status, tumour location, number of primary tumours, and
first primary tumour status were included in the analysis. Higher tumour grade,
increased lymph node involvement, advanced age, and negative hormone receptor
status were all consistently associated with poorer survival outcomes across all
modelling frameworks. These associations were evident both in terms of increased
instantaneous risk of the event and shortened survival time, indicating strong and stable
prognostic relevance of these factors.

IIL.ii. Time-Based Effects from Accelerated Failure Time Models

Time-based effects of prognostic factors were evaluated using AFT models, with results
expressed as rTIOs. An rTIO value < 1 indicates earlier occurrence of the event,
whereas values (rTIO > 1) indicate delayed event occurrence. rTIO estimates derived
from Weibull, Lognormal, log-logistic, and generalized gamma models are summarized
in Table 1.

Table 1: Time-based effects of prognostic factors across AFT models expressed as
rT10
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*p-value<0.05

Across all AFT specifications, rT1O estimates were highly consistent in both magnitude
and direction, demonstrating robust time-based effects. Higher tumour grade was
associated with substantial acceleration of event timing. Compared with Grade 1
tumours, Grade 2 tumours showed a modest but statistically significant shortening of
survival time, with rTIO values ranging from 0.79 to 0.83 across models, corresponding
to events occurring approximately 20 to 22% earlier. In contrast, higher-grade tumours
exhibited substantially stronger effects. Grade 3 tumours were associated with
pronounced time acceleration, with rTIO values between 0.54 and 0.59, indicating that
events occurred roughly 40 to 45% earlier than in Grade 1 tumours. Grade 4 tumours
demonstrated a similar pattern of marked time acceleration, with rT1O estimates closely
aligned with those observed for Grade 3. Taken together, these findings highlight a
graded and clinically meaningful relationship between tumour grade and survival time,
with even intermediate-grade disease showing earlier event occurrence, and high-grade
tumours associated with substantially shortened survival. LN ratio exhibited a strong
and graded association with survival time. Patients in the highest LN ratio category (>
0.68) experienced markedly earlier events, with rTIO values consistently below 0.35,
indicating that events occurred nearly two-thirds earlier compared with the reference
group. Intermediate lymph node ratio categories also showed significant time
acceleration, suggesting a dose-response relationship.

Age at diagnosis demonstrated the strongest time-based effect among all the covariates.
Patients aged above 78.5 years experienced events approximately three to four times
earlier than the youngest reference group, with rTIO values ranging from 0.26 to 0.29
across models. Hormone receptor-negative status was associated with moderate
acceleration of event timing, with rTIO values ranging from 0.71 to 0.81 for estrogen
receptor-negative tumours and 0.82 to 0.86 for progesterone receptor-negative tumours.
rTIO values consistently exceeded one across all AFT models, indicating a modest
prolongation of survival time.

IILiii. Comparison of Proportional Hazards and AFT Model Estimates

A comprehensive comparison of covariate effects across PH and AFT models is
presented in Table 2. Tumour grade demonstrated a strong and consistent association
with survival across all parametric specifications. In AFT models, a graded reduction
in survival time was observed, ranging from modest shortening for grade 2 tumours to
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substantial acceleration for grades 3 and 4. These time-based effects were mirrored in
PH models, where increasing tumour grade was associated with progressively higher
hazard relative to grade 1, while grade 3 and grade 4 tumours were associated with
nearly two-fold elevations in hazard. The consistency in direction, relative magnitude,
and statistical significance of tumour grade effects across parametric AFT models and
PH formulations underscores the robustness of tumour grade as a key prognostic factor
influencing both the timing and instantaneous risk of mortality.

LN ratio showed pronounced effects in both modelling frameworks. In AFT models,
higher LN ratio categories were associated with progressively shorter survival times.
Patients with LN ratio > 0.68 experienced substantial survival reduction (Weibull AFT
TR = 0.38, p < 0.001), with similar estimates across other parametric distributions.
Correspondingly, PH models showed more than a threefold increase in hazard for this
category (Gompertz HR = 3.10, p < 0.001). These findings indicate a strong and graded
relationship between nodal involvement and mortality risk. The number of primary
tumours demonstrated a statistically significant but modest association with survival.
In AFT models, each additional primary tumour was associated with a small increase
in survival time (Weibull AFT TR = 1.01, p < 0.001), while PH models showed a
corresponding modest reduction in hazard (Gompertz HR = 0.96, p < 0.001).

Table 2: Comparison of PH and AFT model estimates across parametric distributions

*p-value<0.05
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Patients without a first primary tumour consistently exhibited poorer outcomes. AFT
models showed significantly shorter survival times (TRs approximately 0.72 — 0.77, p
< 0.001), while PH models demonstrated increased hazard of death (HR = 1.34, p <
0.001). Age at diagnosis remained a dominant prognostic factor across all models. In
AFT formulations, patients older than 78.5 years experienced markedly shorter survival
times (TRs approximately 0.26 — 0.29, p < 0.001). In the Gompertz PH model, this age
group exhibited a substantially increased hazard of death (HR = 4.51, p < 0.001).
Intermediate age categories also showed statistically significant effects, supporting a
monotonic association between age and mortality risk.

Hormone receptor status showed consistent associations with survival outcomes.
Estrogen receptor-negative tumours were associated with shorter survival times in AFT
models (TRs approximately 0.71 — 0.81, p < 0.001) and higher hazards in PH models
(HR = 1.27, p < 0.001). Progesterone receptor-negative status showed similar but
slightly weaker effects. Tumour location demonstrated statistically significant but
comparatively smaller effects. Central and entire-breast tumour locations were
associated with modest reductions in survival time and modest increases in hazard
across models, whereas other locations showed weaker or non-significant associations.
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Fig. 1. Adjusted survival curves for key prognostic factors in Breast Cancer

The figure displays model-adjusted survival probabilities over time for major
prognostic variables. Curves were obtained from multivariable survival models with all
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other covariates held constant. Separation between curves indicates differences in
survival experience across categories of each variable.

Figure 1 presents the adjusted survival curves for key prognostic variables derived from
the multivariable survival models. Clear separation of curves was observed for age,
tumour grade, and LN ratio, indicating progressively poorer survival with increasing
age, higher tumour grade, and greater nodal involvement. Patients in the oldest age
group and those with the highest LN ratio experienced the most rapid decline in survival
probability over time. Distinct differences in survival were also evident according to
hormone receptor status, with estrogen receptor-negative and progesterone receptor-
negative tumours showing lower survival probabilities compared with receptor-positive
tumours. In contrast, survival curves for tumour location and sex showed relatively
modest separation, suggesting weaker associations with survival after adjustment for
other covariates. Overall, the adjusted curves visually support the multivariable model
findings and demonstrate consistent patterns across prognostic factors.

IILiv. Model Comparison and Goodness-of-Fit Assessment

Model comparison based on AIC and BIC values is presented in Table 3. Among
classical parametric models, flexible AFT specifications consistently outperformed
simpler PH models. The generalized gamma distribution yielded the lowest AIC and
BIC values, indicating superior goodness-of-fit after accounting for model complexity.
The log-logistic model also demonstrated favourable performance, whereas the Weibull
and Gompertz models showed comparatively higher information-criterion values.

Table 3: Information-criterion comparison for parametric models with shared frailty

IIL.v. Shared Frailty Models and Unobserved Heterogeneity

Shared frailty models incorporating a gamma-distributed random effect revealed
statistically significant unobserved heterogeneity. The estimated frailty variance
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parameter (8 = 0.30) was significantly different from zero (p < 0.001), corresponding
to a Kendall’s tau of approximately 0.13, indicating modest intra-cluster dependence.
Likelihood ratio tests strongly rejected the null hypothesis of no frailty. Empirical
residual-based correlations were consistent with the model-implied dependence
structure, further supporting the presence of modest within-cluster association.
Inclusion of shared frailty resulted in modest attenuation of effect estimates while
preserving their direction and statistical significance. For example, in the Weibull PH
frailty model, the hazard ratio for grade 3 tumours relative to grade 1 tumours was
approximately 1.87 (p<0.001), and the hazard ratio for LN ratio > 0.68 was
approximately 3.19 (p<0.001). These results suggest that classical models may slightly
overestimate effect sizes but do not alter overall inference. Sensitivity analyses using
log-normal frailty yielded comparable results, reinforcing the robustness of the inferred
dependence structure and model conclusions.

Across a wide range of parametric survival models, tumour grade, lymph node ratio,
age at diagnosis, hormone receptor status, and first primary tumour status were
consistently associated with survival outcomes. Results were robust to assumptions
regarding the baseline hazard function and remained stable after accounting for
unobserved heterogeneity using shared frailty models. Flexible AFT models,
particularly the generalized gamma distribution, provided superior model fit and
enabled clinically intuitive interpretation through time-based measures. Reporting both
hazard-based and time-based estimates offers complementary insights into survival
dynamics and strengthens the transparency and reliability of the findings.

IIL.vi. Robustness and Model Validation Analyses

To ensure the reliability of the estimated effects, additional robustness and validation
analyses were conducted using the Cox proportional hazards framework with robust
(sandwich) variance estimation. The model demonstrated stable and consistent
estimates across all covariates, with no indication of instability arising from model
specification. Simulation-based calibration using a parametric bootstrap approach
(1,000 replications) further supported the validity of the model. The bootstrap-derived
coefficients closely matched the original estimates, with comparable standard
deviations, indicating asymptotic normality and absence of meaningful estimation bias.
This consistency confirms that the estimated hazard ratios are not driven by sampling
variability and are robust to repeated sampling.

Across the validated models, lymph node ratio (LNR), tumour grade, hormone receptor
status, and number of primary tumours remained statistically significant predictors of
survival (Table 4). In particular, LNR showed a strong and consistent association with
increased hazard, reinforcing its importance as a reliable indicator of disease burden
beyond conventional staging systems. Estrogen receptor (ER) positivity was associated
with improved survival outcomes, in line with its established clinical relevance, while
progesterone receptor (PR) status demonstrated a statistically significant but
comparatively modest effect. Tumour grade also exhibited a significant association
with survival; however, the direction and magnitude of this effect should be interpreted
with some caution, as it may reflect underlying coding structure or reference category
selection. Similarly, the observed association between the number of primary tumours
and increased hazard is likely influenced by confounding by indication, where patients
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with more severe disease profiles are more likely to undergo additional clinical
interventions.

Table 4. Cox Proportional Hazards Model with Robust Variance Estimation and
Parametric Bootstrap Validation of Model Stability

Notably, age at diagnosis did not emerge as an independent predictor after adjustment
for other covariates, suggesting that its effect may be mediated through disease severity
or other clinical factors. Overall, the combined use of robust variance estimation and
parametric bootstrap validation provides strong evidence for the stability, consistency,
and reliability of the model estimates. These findings further strengthen the overall
conclusions of the study by demonstrating that the identified prognostic factors are not
sensitive to model assumptions or sampling variability.

IV. Discussion

This population-based survival analysis found that tumour grade, LN ratio, age
at diagnosis, hormone receptor status, and first primary tumour status were
“consistently” and independently associated with breast cancer survival. These
associations were robust across multiple parametric and semi-parametric models and
remained statistically significant after accounting for shared frailty at the age-group
level, indicating that the findings are robust to both modelling assumptions and
unobserved heterogeneity. Tumour grade and LN ratio emerged as the strongest and
most consistent prognostic factors. Higher histologic grade was consistently associated
with markedly shorter survival time and higher instantaneous hazards across both AFT
and PH frameworks, supporting the established role of grade as a core prognostic
marker in breast cancer. This finding is in close agreement with earlier studies that have
identified histologic grade as a key marker of tumour aggressiveness and biological
behaviour, with higher grades consistently linked to poorer outcomes irrespective of
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molecular subtype or treatment era [ XVIII]. The consistency of this association across
multiple model formulations in the present analysis further reinforces the central
prognostic importance of tumour grade in breast cancer.

LN ratio demonstrated a clear dose-response relationship with survival outcomes:
increasing LN ratio categories were associated with progressive shortening of survival
time and rising hazards. Similar graded associations have been reported in large cohort
studies and meta-analyses, which suggest that the LN ratio provides a more refined
measure of nodal disease burden than absolute LN counts (Liyu et al., 2014; Chang et
al., 2015). Our findings support the growing evidence that ratio-based nodal metrics
may enhance prognostic stratification, particularly among node-positive patients, and
highlight their relevance in survival modelling. [III], [XVI].

Advanced age at diagnosis was associated with the most pronounced adverse effect on
survival, particularly for patients older than 78.5 years, consistent with population-level
studies that report markedly worse survival among the oldest patients even after
adjustment for stage and other covariates [II]. Age-related survival disparities likely
reflect a complex interplay of biological vulnerability, comorbid conditions, differences
in treatment intensity, and competing causes of mortality, underscoring the need for
careful clinical interpretation and individualized management strategies in elderly
patients. Hormone receptor status also showed a consistent association with survival
outcomes. Estrogen receptor-negative and progesterone receptor-negative tumours
were associated with significantly shorter survival times across both modelling
frameworks. This finding aligns with contemporary evidence emphasizing the
prognostic and predictive importance of hormone receptor expression, including recent
studies highlighting the independent prognostic contribution of progesterone receptor
status in addition to estrogen receptor expression [VI]. The stability of these effects
across parametric distributions further supports the clinical relevance of receptor
profiling in breast cancer prognosis.

Incorporation of shared frailty models revealed statistically significant unobserved
heterogeneity (0 ~0.30), suggesting that patients within the same age strata shared latent
risk factors not fully captured by observed covariates. Although adjustment for frailty
resulted in modest attenuation of effect estimates, the direction and statistical
significance of key prognostic associations remained unchanged. This indicates that
conventional survival models may slightly overestimate effect magnitudes but do not
materially alter overall inference. Similar conclusions have been reported in
methodological studies highlighting the importance of frailty modelling in clustered
survival data to obtain more realistic effect estimates [XII], [X], [XXVII], [VII],
[XXIV].

Flexible AFT models, particularly the generalized gamma, provided superior fit in our
cohort as judged by information-criterion comparisons, and yielded clinically
interpretable time-scale estimates (time ratios, rTIO) that complement hazard-based
inference. In addition to improved statistical performance, these models yielded
clinically interpretable time-scale estimates, including time ratios and relative time-to-
event indices, which directly quantify how much earlier or later events are expected to
occur. Such time-based measures complement hazard-based inference and may
facilitate clearer communication of prognosis in clinical settings, especially when
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discussing expected survival trajectories with patients. Together, these findings
highlight the value of considering both hazard- and time-scale parametrizations to
achieve robust and interpretable survival analyses.

Overall, the consistent prognostic impact of tumour grade, LN ratio, age at diagnosis,
hormone receptor status, and first primary tumour status across modelling frameworks
underscores their importance in breast cancer survival. The combined use of PH and
AFT approaches, along with frailty adjustment, provides a transparent and clinically
meaningful assessment of survival dynamics and supports the integration of both
hazard-based and time-based measures in future observational cancer survival studies.

V. Conclusion

In this large population-based study, several routinely recorded clinical factors
were found to be strongly related to survival in women with breast cancer. Higher
tumour grade, greater LN ratio involvement, older age at diagnosis, and negative
hormone receptor status were consistently linked to poorer survival outcomes. These
relationships remained stable even when different statistical approaches were used and
after accounting for hidden differences between patient groups. Importantly, methods
that focus on survival time, in addition to traditional risk-based measures, helped
describe how much earlier or later an event occurred in a way that is easier to
understand clinically. Together, these findings support the use of flexible and
transparent survival models to better communicate prognosis and to strengthen
evidence-based decision-making in breast cancer care.

Competing interests:

The authors have declared that no competing interests exist.

References

I.  Altman, Douglas G. Practical statistics for medical research. Chapman and

Hall/CRC, 1990. 10.1201/9780429258589

II.  Brandt, Jasmine, et al. "Age at diagnosis in relation to survival following breast
cancer: a cohort study." World journal of surgical oncology 13.1 (2015): 33.
10.1186/s12957-014-0429-x

III.  Chang, Yao-Jen, et al. "Recursive partitioning analysis of lymph node ratio in
breast cancer patients." Medicine 94.1 (2015): €208.
10.1097/MD.0000000000000208

IV.  Collett, David. Modelling survival data in medical research. Chapman and
Hall/CRC, 2023.  10.1201/9781003282525

V.  Cox, David R. "Regression models and life-tables." Journal of the royal
statistical society: Series B (methodological) 34.2 (1972): 187-202.
10.1007/978-1-4612-4380-9 37

Selvam N. et al.

138



VL

VIL

VIIL

IX.

XI.

XII.

XIII.

XIV.

XV.

XVIL

XVIIL

XVIIL

XIX.

J. Mech. Cont. & Math. Sci., Vol.-21, No.-05, May(2026) pp 125-140

Dou, He, et al. "Estrogen receptor-negative/progesterone receptor-positive
breast cancer has distinct characteristics and pathologic complete response rate
after neoadjuvant chemotherapy." Diagnostic Pathology 19.1 (2024): 5.
10.1186/s13000-023-01433-6

Duchateau, Luc, and Paul Janssen. The frailty model. New York, NY: Springer
New York, 2008.  10.1007/978-0-387-72835-3 4

Duchateau, Luc, Paul Janssen, and Steven Abrams. "Frailty Model, The."
International Encyclopedia of Statistical Science. Berlin, Heidelberg: Springer
Berlin Heidelberg, 2025. 982-992.  10.1007/978-3-662-69359-9 694
Elston, Christopher W., Ian O. Ellis, and Sarah E. Pinder. "Pathological
prognostic factors in breast cancer." Critical reviews in oncology/hematology
31.3(1999): 209-223.  10.1016/S1040-8428(99)00034-7

Faradmal, Javad, et al. "Survival analysis of breast cancer patients using Cox
and frailty models.” Journal of research in health sciences 12.2 (2012).
https://pubmed.ncbi.nlm.nih.gov/23241526/

Goldhirsch, Aron, et al. “Strategies for subtypes—dealing with the diversity of
breast cancer: highlights of the St Gallen International Expert Consensus on
the Primary Therapy of Early Breast Cancer 2011.” Annals of oncology 22.8
(2011): 1736-1747. 10.1093/annonc/mdr304

Gorfine, Malka, and David M. Zucker. "Shared frailty methods for complex
survival data: a review of recent advances." Annual Review of Statistics and
Its Application 10.1 (2023): 51-73. https://doi.org/10.1146/annurev-statistics-
032921-021310

Hurley, Margaret Anne. "A reference relative time-scale as an alternative to
chronological age for cohorts with long follow-up." Emerging themes in
epidemiology 12.1 (2015): 18. https://doi.org/10.1186/s12982-015-0043-6
Alotaibi, Refah Mohammed, and Chris Guure. “Bayesian and Frequentist
Analytical Approaches Using Log-Normal and Gamma Frailty Parametric
Models for Breast Cancer Mortality.” Computational and mathematical
methods in medicine vol. 2020 9076567. 8 Feb. 2020, 10.1155/2020/9076567.
Kleinbaum, D.G. and Klein, M. (2012) Survival Analysis: A Self-Learning
Text. 3rd Edition, Springer, New York. https://doi.org/10.1007/978-1-4419-
6646-9

Liu, Dechun, et al. "Lymph node ratio and breast cancer prognosis: a meta-
analysis." Breast Cancer 21.1 (2014): 1-9.  10.1007/s12282-013-0497-8
Rakha, Emad A., et al. "Prognostic significance of Nottingham histologic grade
in invasive breast carcinoma." Journal of clinical oncology 26.19 (2008): 3153-
3158.  10.1200/JC0O.2007.15.5986

Rakha, Emad A., et al. "Breast cancer prognostic classification in the molecular
era: the role of histological grade." Breast cancer research 12.4 (2010): 207.
10.1186/bcr2607

Putter H, Van Houwelingen HC. Frailties in multi-state models: Are they
identifiable? Do we need them?. Statistical methods in medical research. 2015
Dec;24(6):675-92.  10.1177/0962280211424665

Selvam N. et al.

139



XX.

XXI.

XXII.

XXIII.

XXIV.

XXV.

XXVL

XXVIIL

J. Mech. Cont. & Math. Sci., Vol.-21, No.-05, May(2026) pp 125-140

Surveillance, Epidemiology, and End Results (SEER) Program
(www.seer.cancer.gov) Research Data (1973-2013), National Cancer Institute,
DCCPS, Surveillance Research Program, Surveillance Systems Branch,
released April 2016, based on the November 2015 submission.
https://seer.cancer.gov/

Yazdani, Akram et al. “Investigation of Prognostic Factors of Survival in Breast
Cancer Using a Frailty Model: A Multicenter Study.” Breast cancer : basic and
clinical research wvol. 13  1178223419879112. 29 Sep. 2019,
doi:10.1177/1178223419879112

Sung, Hyuna, et al. "Global cancer statistics 2020: GLOBOCAN estimates of
incidence and mortality worldwide for 36 cancers in 185 countries." CA: a
cancer journal for clinicians 71.3 (2021): 209-249.  10.3322/caac.21660
Therneau, Terry M., and Patricia M. Grambsch. "The cox model." Modeling
survival data: extending the Cox model. New York, NY: Springer New York,
2000. 39-77.  10.1007/978-1-4757-3294-8 3

Vaupel, James W., Kenneth G. Manton, and Eric Stallard. "The impact of
heterogeneity in individual frailty on the dynamics of mortality." Demography
16.3 (1979): 439-454.  10.2307/2061224

Wei, Lee-Jen. "The accelerated failure time model: a useful alternative to the
Cox regression model in survival analysis." Statistics in medicine 11.14-15
(1992): 1871-1879.  10.1002/sim.4780111409

Wienke, Andreas. Frailty models in survival analysis. Chapman and Hall/CRC,
2010.  10.1201/9781420073911

Yazdani, Akram, et al. "Application of Frailty Quantile Regression Model to
investigate of factors survival time in breast Cancer: a Multi-center Study."
Health Services Research and Managerial Epidemiology 10 (2023):
23333928231161951.  10.1177/23333928231161951

Selvam N. et al.

140



