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research [2]. The Kaplan-Meier estimator is widely used 
to compare survival between categorical groups (e.g., high 
versus low expression/abundance), while the Cox propor-
tional hazards model can incorporate continuous covariates 
directly - though both approaches often hinge on careful 
threshold selection for continuous biomarkers.

Despite its central role in precision oncology, survival 
analysis faces well-recognised challenges when applied to 
biomarker stratification. Traditional methods are well suited 
to discrete variables such as tumour stage or mutation sta-
tus, where natural categories exist. However, an increas-
ing number of biomarkers - particularly those generated 
by high-throughput technologies such as next-generation 
sequencing or mass spectrometry - are continuous in nature. 
Unlike discrete biomarkers, continuous variables lack obvi-
ous thresholds for defining clinically relevant subgroups. To 
overcome this, researchers often rely on arbitrary cut points, 
such as splitting a cohort at the median value or dividing it 
into tertiles or quartiles. Although simple and easy to apply, 
these strategies risk oversimplifying complex biological 
relationships and ultimately limiting clinical translation [3, 
4].

The use of arbitrary cut points has several important 
limitations. These include obscuring non-linear associa-
tions between biomarker levels and outcomes, reducing 
statistical power, and increasing the risk of false-positive 

Introduction

Precision oncology is built on the principle that treatments 
should be tailored to the biological and clinical character-
istics of individual patients. Central to this approach is the 
identification of reliable biomarkers that can stratify patients 
into clinically meaningful groups, enabling improved out-
come prediction and more effective treatment selection. In 
oncology, survival analysis provides the statistical founda-
tion for evaluating how biomarkers relate to outcomes such 
as overall survival, disease-specific survival, progression-
free survival, or distant metastasis–free survival [1]. By 
accounting for censored data and modelling risk over time, 
survival analysis has become a cornerstone of biomarker 
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or false-negative findings. Arbitrary stratification also fails 
to account for the biological and clinical heterogeneity that 
characterises most cancers [5, 6]. For example, intratu-
moural heterogeneity means that bulk assays tend to average 
across spatially and temporally distinct subclones and may 
miss the most aggressive component driving prognosis and 
treatment response [7]. This averaging effect is likely to be 
a major confounding factor underlying some of the appar-
ent non-linear biomarker-outcome relationships observed 
in survival analyses [8]. In addition, differences in tumour 
biology, patient demographics, and treatment regimens can 
all influence biomarker-outcome relationships, yet these 
factors are rarely incorporated when fixed thresholds are 
applied in routine practice.

There are, however, examples of good practice in which 
thresholds are derived in large, well-annotated cohorts and 
subsequently prespecified and tested in independent valida-
tion datasets. Notable examples include the development 
and validation of multigene assays such as Oncotype DX 
and MammaPrint in breast cancer [9, 10]. Nevertheless, 
such rigorous strategies remain the exception rather than 
the rule in biomarker-driven survival analyses. As a result, 
biomarkers that appear promising in discovery studies 
frequently fail to validate in independent cohorts, hinder-
ing their clinical translation [11, 12]. This methodological 
weakness also has more immediate clinical implications: 
inaccurate cut points may lead to misleading risk stratifica-
tion, inappropriate treatment decisions, and patients either 
being denied potentially beneficial therapies or exposed 
to unnecessary toxicities [13]. For precision oncology to 
deliver on its promise, more robust approaches to biomarker 
stratification are urgently needed - approaches that capture 
the complexity of biological data while remaining interpre-
table and clinically actionable.

In this review, we summarise the current landscape of 
biomarker stratification, focussing on the challenge of 
stratifying continuous biomarkers within survival analysis 
frameworks, while highlighting both strengths and limita-
tions of existing methods. We begin by contrasting discrete 
and continuous biomarkers and outlining how arbitrary 
stratification is typically applied. We then discuss standard 
survival analysis frameworks, such as the Kaplan-Meier 
estimator and the Cox proportional hazards model, along-
side their inherent limitations when applied to continuous 
data. Building on this foundation, we review advances in 
data-driven cut point identification, statistical modelling, 
and machine learning, with particular emphasis on threshold 
selection, interpretability, and their clinical relevance. We 
also explore emerging innovations that integrate molecular 
and clinical covariates, address overfitting and reproducibil-
ity, and strengthen validation practices. Finally, we provide 
a high-level conceptual framework for the assessment of 

biomarkers in precision oncology. Throughout, our aim is to 
offer a balanced and clinically oriented perspective on how 
methodological advances can enhance biomarker stratifica-
tion and, ultimately, improve patient outcomes in oncology.

Conventional Strategies for biomarker 
stratification: limitations in practice

Biomarkers in oncology span a spectrum from discrete 
(nominal and ordinal) to inherently continuous types. Dis-
crete biomarkers - such as EGFR mutations in non-small 
cell lung cancer (NSCLC) or KRAS mutations in colorec-
tal cancer (both nominal), as well as tumour stage, histo-
logical grade, or TMA-derived cell counts (ordinal) - lend 
themselves well to survival analysis because they provide 
naturally categorical inputs. However, many such variables 
originate from underlying continuous measurements that 
have been categorised, sometimes arbitrarily. For example, 
tumour stage can mask variation in invasion depth (e.g., pT1 
bladder cancers ranging from minimal epithelial invasion to 
near-muscle invasive), Breslow thickness in melanoma is 
frequently binned, and HER2 IHC scoring collapses contin-
uous expression into + 2/+3 categories [4, 13]. Even nomi-
nally discrete mutations can carry continuous prognostic 
information through variant allele fraction and molecular 
subtype, yet these are often simplified for clinical decision-
making [14]. By contrast, inherently continuous biomarkers 
- such as gene or protein expression levels, tumour muta-
tional burden, or immune infiltration scores - exist on a true 
spectrum without natural thresholds [4, 13]. These variables 
offer the potential for more nuanced prognostic and predic-
tive information, but they also present the core challenge 
addressed throughout this review: defining clinically mean-
ingful thresholds that enable patient group comparisons, 
survival analysis, and practical translation.

The most common solution has been to impose arbitrary 
cut points on continuous data, dividing patients into “high” 
and “low” groups based on the median, tertiles, quartiles, 
or other percentiles of biomarker expression [15]. Alter-
natively, thresholds may be borrowed from prior clinical 
studies or expert consensus, even when they lack statisti-
cal validation in the dataset at hand [16]. These approaches 
are attractive because they are simple, quick to apply, and 
easy for clinicians to interpret. A median split, for exam-
ple, ensures equal group sizes and produces results that 
are readily visualised using Kaplan-Meier survival curves. 
However, these benefits come at a cost. Arbitrary cut points 
implicitly assume a step-like relationship, ignore the pos-
sibility of gradual or non-linear effects, and discard much 
of the information contained in continuous data. Perhaps 
most importantly, arbitrary stratification does not account 
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for cohort heterogeneity. Patient age, comorbidities, treat-
ment regimens, and tumour characteristics can all influence 
the biomarker-outcome relationship. When these factors 
are ignored, thresholds identified in one study often fail to 
replicate in another, limiting their clinical utility [15, 17]. 
Figure 1 provides an illustrative demonstration of this issue: 
median ERBB2 splits in the METABRIC discovery cohort 
(n = 995) yield a false-negative result (log-rank p = 0.51), 
whereas exhaustive analysis identifies 344 potential cut 
points far from the median that are all significantly associ-
ated with survival outcomes. While this example is intended 
for illustration rather than generalisation, it is particularly 
instructive given that ERBB2 encodes HER2 - the therapeu-
tic target of trastuzumab (Herceptin) - and that METABRIC 
represents one of the largest and most clinically representa-
tive open-access breast cancer datasets.

Compared to categorical approaches, the Cox propor-
tional hazards model offers more flexibility, as it can incor-
porate continuous predictors directly and estimate their 
effect on hazard over time. This model has become a main-
stay of survival analysis because it accommodates censored 
data and provides interpretable hazard ratios [18]. Nonethe-
less, the average log-linear effect per unit increase (or per 
standard deviation) across the biomarker range resulting 
from continuous covariate incorporation, though excel-
lent for inference, does not provide a directly actionable 
threshold for clinical decision making. Moreover, it is built 
on key assumptions that frequently fail in practice. Chief 
among these is the proportional hazards assumption - that 
hazard ratios remain constant over time. This can be tested 

using log-log plots or by assessing Schoenfeld residuals, 
but it is nonetheless violated in many cancer biomarker 
studies, particularly in high-dimensional or heterogeneous 
datasets where biomarker effects may vary over time or 
across patient subgroups [19]. While the model is reason-
ably robust to moderate violations, hazards in this setting 
can diverge substantially over time [20–22]. One notable 
example of this being that early benefit from HER2-targeted 
therapy may not persist in the long-term [23]. In addition, 
the model assumes a linear relationship between continuous 
biomarker values and the log hazard, which rarely reflects 
biological reality and may obscure non-linear or thresh-
old effects that are clinically meaningful [19]. To address 
some of these limitations, more complex model extensions 
have been developed, including ridge, lasso, or elastic net 
penalisation for high-dimensional data and time-varying 
coefficients to relax proportional hazards. However, these 
refinements can introduce additional complexity without 
resolving the core issue: the need to identify robust, clini-
cally meaningful thresholds for continuous biomarkers 
[24]. Alternative frameworks, including flexible paramet-
ric survival models, multi-state models, and competing 
risks approaches, may address some of these limitations in 
specific contexts, although their application to biomarker 
thresholding remains less clearly defined [25, 26].

Across both arbitrary stratification and standard survival 
analysis approaches, several limitations persist. First, arbi-
trary cut points increase the risk of both false-positive and 
false-negative results, particularly in small or underpow-
ered studies where random variation dominates [4, 13]. A 

Fig. 1  Median split failure and data-driven ERBB2 stratification in 
METABRIC. (A) Kaplan-Meier curves for relapse-free survival using 
a median ERBB2 expression split in the METABRIC discovery cohort 
(n = 995) show no significant separation between “high” and “low” 
expression groups (log-rank p = 0.51), illustrating a false-negative 
result when an arbitrary threshold is applied. (B) Exhaustive survival 
analysis of all possible dichotomisation points across the ordered 
ERBB2 expression range demonstrates that prognostic effects vary 

continuously, with 344 cut points showing a statistically significant 
association with outcome, none of which lie at or near the median. For 
each potential cut point, log2 hazard ratios are estimated and compared 
against a bootstrap-derived null distribution (10,000 random permuta-
tions) to obtain confidence limits and significance, and a “strength of 
association” score combines scaled hazard ratios and p-values so that 
only cut points with both large effect size and strong statistical support 
are highlighted
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characteristic (ROC) curve-based methods, such as Youden’s 
Index and time-dependent ROC approaches, offer further 
alternatives that can handle censoring and balance sensitiv-
ity with specificity. These methods are widely used because 
they provide clinically interpretable measures of diagnostic 
performance, though they too can be influenced by cohort 
composition and outcome prevalence [35–38]. Collectively, 
these approaches offer more principled threshold selec-
tion than arbitrary cut points, but they remain vulnerable to 
overfitting. As with any threshold-search strategy, rigorous 
multi-step validation is essential, including internal cross-
validation, external cohort testing, platform-independent 
reproducibility (e.g., microarrays versus RNA-seq), and 
feasibility of clinical implementation (i.e., lab-standardised 
cut points) [11, 39, 40].

Beyond cut point identification, some statistical models 
incorporate continuous biomarkers directly into survival 
analysis. The Cox proportional hazards model with thresh-
old search extends the traditional framework by testing 
multiple candidate thresholds within the model itself. This 
allows formal evaluation of cut points while retaining hazard 
ratio interpretability. However, the approach remains lim-
ited by reliance on proportional hazards and can be unstable 
in the presence of correlated biomarkers [24]. More flexible 
alternatives include generalised additive models (GAMs), 
which relax linearity assumptions by modelling biomarker 
effects as smooth curves. GAMs are particularly useful for 
non-linear or non-monotonic (e.g., U-shaped) relationships 
- patterns observed in substantial fraction (around 20–30%) 
of biomarker analyses, including immunotherapy response 
variation across PD-L1 expression levels [41]. However, 
GAMs can be computationally intensive and their practi-
cal implementation requires careful selection of smooth-
ing parameters, as over-smoothing may obscure clinically 
relevant structure while under-smoothing risks overfitting, 
particularly in small datasets. These approaches shift the 
emphasis away from artificial categorisation and towards 
capturing the biomarker’s functional relationship with out-
come, though translating smooth functional relationships 
into clinically actionable decision rules and balancing flex-
ibility with clinical interpretability remain key challenges 
[42].

Machine learning (ML) methods offer powerful alter-
natives, particularly for high-dimensional multi-omics 
datasets. Unlike conventional models, ML approaches can 
capture complex non-linear biomarker-outcome interac-
tions without assuming linearity or proportional hazards 
[43, 44]. Unsupervised methods (e.g., clustering, principal 
component analysis, and latent class analysis) are valuable 
for identifying novel prognostic subtypes at the cohort-
level; increasingly, single-sample gene expression classifi-
ers derived from such approaches are entering evaluation 

threshold may appear statistically significant in one dataset 
purely by chance, leading to spurious associations. Con-
versely, biologically meaningful patterns may be missed if 
they do not align with the chosen cut point [27]. Second, 
heterogeneity within patient cohorts complicates biomarker 
analysis. Differences in tumour biology, demographic vari-
ables, and treatment exposures can shift the apparent prog-
nostic value of a biomarker. As a result, a cut point that is 
valid in one context may not apply in another, undermining 
reproducibility [5, 6]. Finally, many survival models remain 
vulnerable to oversimplification: di- or polychotomising a 
continuous biomarker reduces data richness and masks non-
linear effects, while models treating biomarkers as continu-
ous often rely on restrictive assumptions that fail across 
patient populations [27, 28].

Collectively, these challenges help to explain why fewer 
than 1% of published cancer biomarkers reach clinical prac-
tice [11]. They also highlight the need for more sophisti-
cated, data-driven methods that capture cancer’s biological 
complexity while preserving interpretability and reproduc-
ibility for robust clinical decision-making.

Data-driven and machine learning 
approaches for biomarker stratification

To overcome the limitations of arbitrary thresholds, sev-
eral statistical methods have been developed to identify 
cut points directly from the data. These “data-driven” 
approaches aim to optimise the separation between patient 
groups while preserving the prognostic information con-
tained in continuous biomarkers.

One widely used technique is the minimum p-value 
approach, which systematically tests potential cut points 
and selects the one yielding the strongest association with 
outcome [29–31]. Although simple, this strategy inflates 
false-positive risk through multiple testing and can lead to 
unstable thresholds and misclassification. For example, gene 
expression signatures optimised via minimising p-value in 
diffuse large B-cell lymphoma showed strong prognostic 
promise in discovery cohorts but failed external validation 
[32]. Statistical corrections including permutation-based 
adjustment, Bonferroni correction, and false discovery rate 
control have been proposed to mitigate these effects, though 
they do not fully resolve issues of instability and reproduc-
ibility, and the method remains sensitive to chance fluctua-
tions [33]. A related family of methods involves maximally 
selected statistics, which identify thresholds that maximise 
survival separation [33, 34]. These provide a more formal 
framework than median or quantile splits and may better 
align with biological effects, but they can remain unstable in 
small or heterogeneous datasets [6, 33]. Receiver operating 
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information sources, supporting more robust and per-
sonalised treatment recommendations. In breast cancer, for 
instance, integrated models combining genomic signatures 
such as Oncotype DX with clinicopathological features 
including tumour size and nodal status have been shown 
to improve prognostic accuracy and refine chemotherapy 
decisions [23]. Similarly, in lung cancer, multimodal frame-
works that merge imaging-derived features with molecular 
profiles are beginning to stratify patients more effectively for 
immunotherapy [56]. However, translation to single-patient 
classifiers remains challenging, as many studies - includ-
ing multimodal NSCLC models - report cohort-level per-
formance rather than validated individual risk scores [59].

While omics technologies have expanded the biomarker 
landscape, clinical covariates remain essential. Patient age, 
sex, comorbidities, tumour stage, and prior treatment his-
tory all influence prognosis. Models that integrate molecular 
biomarkers with clinical and pathological variables consis-
tently outperform those using molecular data alone [55, 57]. 
This integrated approach reflects the real-world setting in 
which treatment decisions are made. For example, a gene 
expression profile may indicate aggressive disease biology, 
but if a patient has competing comorbidities or is unlikely 
to tolerate intensive therapy, the optimal treatment strategy 
may differ. Incorporating both molecular and clinical factors 
into prognostic models therefore helps ensure biomarker-
driven recommendations remain feasible and clinically 
relevant.

However, additional biomarkers do not always translate 
into improved decision-making. PD-L1 expression illus-
trates this context-dependency: it is required for first-line 
atezolizumab or pembrolizumab eligibility in cisplatin-
ineligible advanced urothelial cancer, but is unnecessary 
in later-line settings where broader populations benefit 
[60, 61]. The incremental clinical value of each biomarker 
therefore requires careful evaluation, including comparison 
with cheaper, faster histopathological alternatives. From a 
translational perspective, this type of integration also helps 
bridge the gap between research and practice. Models that 
incorporate routinely available clinical variables along-
side novel biomarkers are more likely to gain acceptance 
and be implemented within oncology workflows. A practi-
cal example is the integration of molecular signatures with 
TNM staging in colorectal cancer, which has improved risk 
stratification and informed adjuvant chemotherapy treat-
ment decisions [62]. In haematological malignancies, com-
bining cytogenetic abnormalities with clinical variables has 
similarly enhanced prognostic accuracy and treatment tai-
loring [63].

A recurring challenge in biomarker research is overfit-
ting - when models capture noise rather than true biologi-
cal signal. This risk is particularly high in high-dimensional 

for personalised medicine [45]. However, resulting subtype 
clusters are not always clinically interpretable, and robust 
validation for deployment remains essential [46, 47]. Super-
vised tree-based models, such as random survival forests and 
optimal survival trees, are popular in oncology because they 
balance predictive accuracy with interpretability [48, 49]. 
Support vector machines and deep learning approaches can 
achieve superior predictive performance, particularly when 
integrating genomic and imaging data, but they face “black-
box” transparency barriers and require careful validation 
to ensure robustness across heterogeneous datasets, which 
can limit adoption in routine medical practice. In response 
to these limitations, explainable AI methods (e.g., Local 
Interpretable Model-agnostic Explanations or LIME and 
SHapley Additive exPlanations or SHAP) are increasingly 
incorporated into biomarker research to support transpar-
ency and clinical trust, although practical challenges such 
as class imbalance, batch effects, and missing data may still 
influence model performance in applied settings [50, 51].

Table  1 provides a comparative overview of the major 
methods discussed in this section, highlighting their 
strengths, limitations, and clinical applicability.

Innovations and integrative approaches for 
precision oncology

Recent innovations seek to move beyond single biomark-
ers by developing multivariate extensions of the methods 
described above (e.g., multivariate Cox models or random 
survival forests incorporating multiple biomarkers), as well 
as multimodal frameworks with greater clinical relevance. 
Unlike traditional single-biomarker approaches, these 
methods assess the combined effects of multiple variables, 
allowing a more realistic representation of cancer’s bio-
logical complexity. For example, integrating genomic, tran-
scriptomic, and proteomic data within the same analytical 
framework enables stratification based on a broader view of 
tumour biology. Practical implementation may also require 
harmonisation of heterogeneous data sources and careful 
handling of missing modalities, particularly in multi-cen-
tre datasets. By explicitly modelling interactions between 
variables, multivariate approaches can identify patterns that 
may be missed when biomarkers are considered in isolation 
[58]. This is particularly important in cancers where mul-
tiple pathways contribute to progression.

Clinically, these models are valuable because they bring 
risk assessment closer to the multidimensional decision-
making process that oncologists face in practice. Rather 
than relying on a single threshold, clinicians can use inte-
grated risk scores that account for diverse
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sophisticated methodologies risk producing results that are 
statistically compelling but clinically unreliable - and this 
helps to explain why many candidate biomarkers fail to 
influence clinical decision-making [11, 68].

Moving forward, embedding validation within biomarker 
research from the outset, rather than treating it as an after-
thought, will be essential. Improving reproducibility will 
require transparent reporting, data sharing, and the adoption 
of standardised analytical pipelines. Clinicians need to trust 
that a biomarker identified in one population or hospital 
will perform similarly in another. Without this assurance, 
translation into routine care will remain limited. Large-scale 
consortia and data-sharing initiatives provide a path forward 
by enabling external testing across diverse datasets [69]. For 
patients, this ultimately means that predictive tools used in 
decision-making are not only innovative, but also depend-
able. A notable example is the MammaPrint assay in breast 
cancer, which achieved clinical uptake only after prospec-
tive external validation in large multicentre trials demon-
strating reproducibility across diverse patient populations 
[9]. Such examples underscore the need for rigorous pipe-
lines and cross-cohort testing prior to clinical adoption.

Overall, emerging innovations are reshaping biomarker 
stratification by shifting away from single thresholds 
towards integrated, multivariate frameworks that combine 
molecular and clinical data. By addressing overfitting, 
strengthening reproducibility, and prioritising validation, 
these approaches are increasingly designed with clinical 
translation in mind. Their ultimate goal is not methodologi-
cal sophistication alone, but improved decision-making that 
delivers more precise and effective cancer care.

Conclusions and future directions

Biomarkers remain central to tailoring treatment decisions 
and improving outcomes, but progress has been constrained 
by over-reliance on arbitrary cut points, inconsistent meth-
odology, and limited validation. Data-driven and machine 
learning approaches now offer a richer toolkit for address-
ing continuous biomarkers, cohort heterogeneity, and 
high-dimensional data. In particular, multivariable and 
multimodal models demonstrate how combining molecular 
measurements with clinical covariates can yield more accu-
rate and clinically meaningful predictions.

At the same time, important limitations remain. Many 
methods that perform well in research settings falter when 
applied to independent cohorts or real-world clinical prac-
tice. Overfitting, poor reproducibility, and insufficient 
external validation continue to undermine confidence in 
candidate biomarkers. For patients, this means that discov-
eries made through advanced computation or experimental 

datasets, such as those generated by sequencing or pro-
teomics, where the number of candidate variables far exceeds 
the number of patients. Overfitted models often show excel-
lent performance in discovery datasets but fail in validation 
cohorts [11]. To counteract this, newer approaches increas-
ingly emphasise dimensionality reduction, feature selection, 
and careful cross-validation. Techniques such as synthetic 
oversampling - which generates synthetic examples of rare 
event classes in imbalanced survival data - and ensemble 
modelling have been used to mitigate class imbalance and 
improve generalisability [39]. Importantly, these are not 
merely statistical refinements: they can directly shape clini-
cal impact. Models that are robust to overfitting are more 
reliable in identifying which patients may benefit from spe-
cific therapies, reducing the risks of false reassurance or 
unnecessary treatment. Sparsity-promoting methods such 
as Stabl further support reliability by identifying minimal 
biomarker sets that generalise across cohorts [64].

Equally important is reproducibility, which remains 
a major barrier to translation. Internal validation strate-
gies such as cross-validation and bootstrap resampling 
are widely used to assess stability in cut point selection or 
model performance. These methods generate repeated sub-
samples of the original dataset, enabling confidence interval 
estimation and reducing the likelihood that results reflect 
chance variation [65]. Even with such approaches, selected 
thresholds may remain unstable under resampling, rein-
forcing the need for validation across independent cohorts. 
External validation across independent cohorts remains 
the gold standard, providing reassurance that a risk score 
or stratification approach can be applied in routine practice 
without unexpected biases [40]. From a clinical perspective, 
this step ensures that a biomarker or model is not simply a 
statistical artefact, but a tool that can reliably inform patient 
care. Frameworks for model evaluation and reporting (e.g. 
calibration assessment and structured reporting guidelines 
such as TRIPOD) further support reproducibility and clini-
cal translation [66].

Unfortunately, external validation is often neglected. 
Many candidate biomarkers are not tested beyond a single 
cohort, contributing to inconsistent findings and the high 
attrition rate seen during translation. Gene expression-based 
signatures for diffuse large B-cell lymphoma, for example, 
initially appeared promising but failed in broader valida-
tion due to overfitting and limited reproducibility [32]. The 
REMoDL-B trial offers a more nuanced case: gene expres-
sion profiling did not predict bortezomib clinical benefit 
when combined with chemoimmunotherapy, yet post-hoc 
analyses revealed prognostic value within molecular sub-
types. This highlights how apparent validation failures 
can still reveal clinically relevant signals, dependent on 
subgroup context [67]. Without rigorous validation, even 

1 3

  235   Page 8 of 12



Clinical and Experimental Medicine          (2026) 26:235 

Crucially, such models must emphasise interpretability 
and strike a careful balance between predictive power and 
clarity, ensuring outputs can be understood and trusted by 
clinicians making real-world decisions. Reproducibility 
should be addressed early through transparent reporting, 
data sharing, and multicentre collaboration, helping ensure 
findings generalise across populations and healthcare sys-
tems. Validation must also be treated as a standard require-
ment rather than an optional step, with external testing 
embedded into development pipelines before biomarkers 
are proposed for clinical use.

Rather than advocating for a single new methodology, 
the field would benefit from flexible frameworks that allow 

profiling too often fail to translate into meaningful clinical 
benefit.

Future progress will require building on methodological 
advances while keeping clinical translation as the primary 
focus; prioritising frameworks that integrate multiple data 
types - combining molecular, clinical, and demographic 
variables - to provide a more holistic view of patient risk 
and treatment response. These principles are summarised 
in Fig. 2. This conceptual framework links heterogeneous 
patient data, analytical approaches, validation strategies, 
and clinically actionable outputs within a continuous learn-
ing loop.

Fig. 2  A Contemporary Framework for Biomarker Stratification in 
Precision Oncology. Here we present an integrative pipeline for trans-
lating biomarker-driven survival analysis into clinical practice. At the 
input level, a heterogeneous patient cohort contributes distinct but 
parallel data streams (teal rectangles), including clinical and patho-
logical variables (e.g., age, stage, comorbidities, prior therapy), treat-
ment context, imaging and radiomics features, and molecular omics 
(genomic, transcriptomic, proteomic). These can be used individually 
or in combination and are subject to pre-processing and harmonisa-
tion (yellow rectangle), encompassing quality control, missing-data 
handling, batch correction, class imbalance adjustment, and feature 
selection or dimensionality reduction. Downstream, four methodologi-
cal families are illustrated: (i) traditional benchmarks, (ii) data-driven 
cut point identification, (iii) statistical modelling approaches, and (iv) 

machine learning, including unsupervised subgroup discovery and 
supervised predictive modelling (violet rectangles). Each approach 
is subject to validation and model audit through internal resampling 
(bootstrap, k-fold cross-validation), external multi-centre or temporal 
testing, assumption checks, calibration, discrimination, and decision-
curve analysis (blue rectangles). Clinically actionable outputs include 
risk groups with confidence intervals, interpretable decision rules, 
integrated risk scores, and fairness/bias reporting, with attention to 
interpretability and integration into oncology workflows. Iterative 
feedback loops between outcomes and earlier steps (not shown on 
diagram) support continuous refinement and re-validation as patient 
populations and treatment strategies evolve, ensuring alignment with 
real-world practice
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statistical, machine learning, and hybrid approaches to be 
compared, benchmarked, and adapted to specific clinical 
contexts. The emphasis should remain on methods that 
improve patient stratification in clinically actionable ways, 
rather than on computational sophistication alone. Ulti-
mately, advances in biomarker stratification are not merely 
technical milestones: they are opportunities to refine can-
cer care. By ensuring methodological innovation remains 
closely tied to validation, reproducibility and interpretabil-
ity, the next generation of biomarker-driven survival mod-
els can bring us closer to the central promise of precision 
oncology - delivering the right treatment to the right patient 
at the right time.
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