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ORIGINAL

ABSTRACT
Introduction: Gene expression signatures are widely proposed to improve the prognosis of oral cavity squamous cell carcinoma, but 
whether they add value over clinical staging remains contested. Methods: A total of 101 oral cavity squamous cell carcinoma cases with 
transcriptomic and survival data from TCGA-HNSC were analyzed. Cox models using stage alone, stage and age, and a combined model 
adding 30 univariate-selected genes were compared by five-fold cross-validated concordance index. Results: The concordance index 
was 0.645 for stage alone, 0.670 for stage and age, and 0.640 for the combined model. The combined model did not exceed stage alone 
(difference -0.004), and age added the only meaningful gain. Conclusions: Transcriptomic features selected by univariate association did 
not improve survival discrimination over clinical staging in this oral cavity cohort.
Keywords: oral squamous cell carcinoma; prognosis; machine learning; gene expression; survival analysis.

RESUMEN
Introducción: Las firmas de expresión génica se proponen ampliamente para mejorar el pronóstico del carcinoma escamoso de cavidad 
oral, pero si añaden valor sobre la estadificación clínica sigue siendo objeto de debate. Métodos: Se analizaron 101 casos de carcinoma 
escamoso de cavidad oral con datos transcriptómicos y de supervivencia de TCGA-HNSC. Se compararon modelos de Cox con solo 
estadificación, estadificación y edad, y un modelo combinado que añadía 30 genes seleccionados univariablemente, mediante índice 
de concordancia con validación cruzada de cinco pliegues. Resultados: El índice de concordancia fue 0,645 para la estadificación sola, 
0,670 para estadificación y edad, y 0,640 para el modelo combinado. El modelo combinado no superó a la estadificación sola (diferencia 
-0,004), y la edad aportó la única mejora relevante. Conclusiones: Los rasgos transcriptómicos seleccionados por asociación univariable 
no mejoraron la discriminación de supervivencia sobre la estadificación clínica en esta cohorte de cavidad oral.
Palabras clave: carcinoma escamoso oral; pronóstico; aprendizaje automático; expresión génica; análisis de supervivencia.
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INTRODUCTION

Whether the molecular features of oral cavity squamous cell carcinoma can predict survival 
better than the clinical staging that has governed treatment for decades is an unresolved ques-
tion, and the two sides of the debate rest on different kinds of evidence, one on the acknowledged 
imperfection of staging and the other on the promise of molecular refinement, a promise that has 
generated a substantial literature without yet producing a widely adopted molecular prognostic 
test. Jawad et al.(1)reported that the eighth edition of the TNM staging rules improved prognostic 
separation for oral cavity carcinoma but still left substantial heterogeneity within stage groups, 
and Moeckelmann et al.(2)and Kreppel et al.(3)likewise found that pathological staging, while the 
best available single predictor, explains only part of the variance in outcome.

The machine-learning literature has moved in parallel, with Tan et al.,(4)Kotevski et al.,(5)and 
Tseng et al.(6)developing prognostic models from clinical and, in some cases, molecular inputs, 
and with more recent studies such as those by Moharrami et al.,(7)Zhong, Zou and Chen,(8)and 
Qin et al.(9)reporting that such models can predict survival in head and neck or oral cancer.

These models differ widely in their inputs, which range from clinicopathological variables alo-
ne through radiomics and imaging to full transcriptomic profiles, and their reported discrimination 
varies accordingly, but the field has rarely asked whether the molecular inputs, specifically, add 
anything over the clinical inputs that are cheaper and already collected. The reported concordance 
indices in these studies span a broad range that reflects both the inputs and the evaluation design, 
and the absence of a shared baseline makes it impossible to judge from the published values alone 
whether any molecular model genuinely outperforms staging, which is the comparison that the 
present study was designed to supply.

Some of these models use clinical variables alone and therefore cannot answer the molecu-
lar question at all, whereas others incorporate transcriptomic or multi-omics features but do not 
report what those features add over the clinical component, leaving the central question unresol-
ved despite the volume of published work. Against this, a large and growing literature claims that 
gene-expression signatures stratify patients beyond stage. Sasahira and Kirita (10) catalogued the 
newly proposed molecular prognostic factors in head and neck cancer, Brockmeyer(11)summarized 
dozens of candidate biomarkers for oral squamous cell carcinoma, and a stream of transcriptomic 
signatures, from keratinization-related and metabolic gene sets to multi-omics panels, has conti-
nued to appear.(12-15)

Each of these signatures is supported by a statistically significant association with survival in 
its derivation cohort, and each is presented as a potential refinement of clinical risk stratification, 
but the signatures rarely report whether they improve on staging itself, and they are almost never 
tested against a staging-only baseline in an independent oral cavity sample.

The keratinization-related signature of Lee et al.,(12)the metabolic signature of Kou et al.,(13)
and the multi-omics panels reviewed by Albuquerque et al.(14)illustrate the breadth of the approach, 
and Ashwini, Narayan and Rajkumar(15)catalogued the resulting biomarker candidates, yet the 
question of incremental value over staging is absent from most of these reports. The two bodies of 
work point in opposite directions, and the field lacks a direct test of whether transcriptomic features 
actually add discriminative value over staging in a single, uniformly profiled cohort.

The question matters because it determines where prognostic effort should be invested, 
and because the answer has been asserted rather than tested in much of the literature. If gene 
expression adds little to staging, then the proliferation of transcriptomic signatures is largely re-
dundant with information already available to clinicians, and resources would be better spent on 
improving the staging itself or on identifying the small subset of patients for whom molecular 
data are decisive.

If, instead, gene expression materially improves discrimination, then the integration of mo-
lecular profiling into routine prognostication is justified despite its cost and complexity, and the 
substantial investment in transcriptomic assay infrastructure would be vindicated. The answer is 
therefore not merely academic: it bears on the allocation of scarce research and clinical resources 
in a disease whose prognosis has improved only slowly despite decades of molecular investigation, 
and it determines whether the next generation of prognostic tools should be built on expensive 
transcriptomic assays or on the clinical and demographic variables that are already captured in 
routine care.

The contrast between the two positions is sharpened by the fact that most published signa-
tures are derived and evaluated within the same dataset without an explicit comparison against 
a staging-only baseline, so their added value is rarely quantified directly.(10,11)

The methodological literature has begun to make this comparison explicit: comparative 
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studies by Alsubaie et al.(16)and by Ganapathy et al.(17)have tested Cox regression against machi-
ne-learning alternatives for survival, and recursive partitioning and radiomics have been proposed 
as refinements of prognostic modeling,(18,19) but these comparisons have not settled the specific 
question of whether transcriptomic features beat staging in the oral cavity. The objective of this 
study was to test, in a uniformly profiled oral cavity cohort, whether a machine learning prognostic 
model that combines gene expression with clinical variables predicts overall survival better than 
clinical staging alone.

METHODS

Study design and data source
A retrospective cohort study was performed using the open-access tier of The Cancer Geno-

me Atlas Head and Neck Squamous Cell Carcinoma project, retrieved through the National Can-
cer Institute Genomic Data Commons. Cases were restricted to primary tumors of the oral cavity, 
defined by the recorded primary site as floor of mouth, gum, palate, lip, or other and unspecified 
parts of the mouth, and to a primary diagnosis of squamous cell carcinoma.

This restriction was applied because the prognostic behavior of oral cavity carcinoma differs 
from that of oropharyngeal and laryngeal disease, and pooling these sites would have confounded 
the comparison between molecular and clinical predictors, since molecular features that are in fact 
surrogates for human papillomavirus status and tumor site would appear spuriously prognostic 
in a mixed cohort.

Transcriptomic data were obtained as the STAR-aligned gene-level counts from the same 
interface, and transcripts per million values were used for analysis, a choice that favors comparability 
across samples because transcripts per million normalizes for sequencing depth and gene length.

The open-access tier was used rather than the controlled-access tier, which is appropriate 
because gene expression and clinical data are public for this project, and the use of a single uni-
formly processed matrix avoids the batch effects that arise when expression data from different 
studies are pooled. The retrieval date was recorded so that the exact version of the data can be 
recovered for replication.

Variables and outcome
The outcome was overall survival, defined as the time from diagnosis to death from any 

cause or last follow-up. Vital status and follow-up time were extracted from the demographic and 
diagnostic records of each case, with death recorded as the event and censoring at last contact 
for survivors, and the median follow-up was computed across the cohort to characterize the ob-
servation window.

Cases with missing survival time or inconsistent vital status were excluded from the analysis, 
and the final analytic cohort was therefore the set of cases with complete outcome and clinical 
data, which is the standard complete-case approach for this kind of retrospective survival analysis.

The clinical predictors were the pathological American Joint Committee on Cancer stage, 
collapsed to an ordinal variable from I to IV, and age at diagnosis, because these are the two clinical 
variables most consistently associated with survival in oral cavity carcinoma and both are available 
without any molecular assay. Sex was not retained because it was missing for the entire cohort in 
the available records. Gene-expression predictors were selected from the top one thousand most 
variable genes by a univariate Cox regression of each gene against overall survival, and the thirty 
genes with the smallest p-values were retained.

The number of thirty genes was chosen to balance the desire for a realistic transcriptomic 
panel against the need to keep the combined model estimable with the available sample, and it 
is within the range of signature sizes reported in the head and neck literature.

This selection strategy, rather than a purely variance-based or hypothesis-free approach, was 
chosen because it selects for prognostic signal and mirrors the way transcriptomic signatures are 
typically derived, so that the combined model represents a fair test of the added value claimed for 
such signatures. The transcripts per million values were log-transformed and standardized before 
modeling, and genes with missing values were treated as absent, a convention that is appropriate 
when a missing value reflects a gene below the detection threshold rather than a failed assay.
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Statistical analysis
Three models were compared. The first used stage alone, the second used stage and age, and 

the third combined stage, age, and the thirty selected genes in a ridge-penalized Cox regression, 
which was chosen to regularize the gene coefficients given the number of predictors relative to 
the sample size.

The Cox model was preferred over more flexible machine-learning estimators because it is 
the standard in prognostic research, because its linear form keeps the comparison with staging 
transparent, and because the study’s question is about the incremental value of the gene features 
rather than about maximizing discrimination through a complex learner, which would have obs-
cured the attribution of any gain to the transcriptomic component specifically.

The ridge penalty shrinks the gene coefficients toward zero and prevents the model from 
overfitting the high-dimensional gene features, and its magnitude was fixed rather than tuned so 
that the comparison with the unpenalized clinical models remained interpretable.

Discrimination was measured by the concordance index, and all models were evaluated by 
five-fold cross-validation stratified by vital status, so that the reported indices reflect out-of-sample 
performance rather than in-sample optimism.

The concordance index is the probability that a model assigns a higher risk to the case with 
the shorter survival among comparable pairs, and a value of 0.5 indicates chance discrimination, 
while a value of 1.0 indicates perfect discrimination. The index is appropriate for censored survival 
data because it uses only the ordering of risk and time and does not require a fully observed out-
come for every case.

The stage-only and clinical models were left unpenalized because they contain at most two 
predictors, whereas the combined model required the ridge penalty to be estimable, and the ridge 
penalty was applied uniformly across the standardized gene features while the clinical features 
were effectively left unshrunk by the penalty’s magnitude.

This asymmetry is deliberate, because the clinical coefficients are interpretable and small in 
number, whereas the gene coefficients are numerous and require shrinkage for stability. The re-
ported concordance indices are the means across the five cross-validation folds, and the ordering 
of the three models was checked for stability across folds.

The analysis was performed with Python, pandas, and the lifelines survival library, and the 
code and derived matrices were retained so that the results are reproducible from the raw data, 
with no manual transcription of numbers. The data-retrieval and modeling script reads the same 
public interface described above, so a reader can rerun the analysis and recover the same concor-
dance indices, and the use of a fixed random seed for the cross-validation makes the particular 
partitions reproducible. No external validation cohort was available, and this limitation is addressed 
in the discussion.

RESULTS

The combined model that added thirty transcriptomic features to staging did not improve 
discrimination over staging alone. Its cross-validated concordance index stood at 0.64, compared 
with 0.64 for stage alone, a difference of −0.004, which is negligible and in the direction of a small 
loss (Figure 1; Table 1).

Table 1. Prognostic discrimination (concordance index) by model.

Model C-index

Stage alone 0.64

Clinical (stage and age) 0.67

Combined (clinical + expression) 0.64

Source: Five-fold cross-validation.
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Figure 1. Prognostic discrimination of the three survival models.

Source: Five-fold cross-validation.

The proportion of correctly ordered pairs was therefore essentially unchanged by the addition 
of gene expression, and the thirty selected genes, despite their univariate prognostic associations, 
contributed no incremental discriminative value in a multivariate model that already contained 
stage and age.

The result was not a failure of estimation but a substantive null: the transcriptomic informa-
tion, however real its univariate associations, was subsumed by the clinical variables, and the ridge 
penalty could not rescue it because the issue was not overfitting but the absence of incremental 
signal.

The thirty genes had each been selected precisely for their univariate association with survival, 
which makes their collective failure to add value in the multivariate model the key finding rather 
than an artifact of poor feature selection, and the result therefore reflects the true conditional re-
dundancy of these genes rather than any shortcoming of the selection procedure.

The clinical model that added age to stage exceeded both, reaching a concordance index of 
0.67. Age was thus the only predictor that improved discrimination, and its contribution exceeded 
that of the entire thirty-gene transcriptomic panel, a finding that quantifies the relative informa-
tiveness of a single clinical covariate against a full molecular panel and that would be invisible in 
a study reporting the combined model alone.

The improvement from age, on the order of two and a half hundredths of a concordance 
point, is modest in absolute terms but is the largest difference observed among the three models, 
and it establishes that the clinical model, not the molecular model, was the best-performing spe-
cification of the three.

The stage-only model discriminated with 0.64, which is consistent with the moderate 
prognostic performance of pathological staging reported for oral cavity carcinoma, and the gap 

between the clinical model and the combined model indicates that the gene features, when 
placed alongside stage and age, were effectively redundant rather than complementary, since 

they neither improved nor degraded the clinical discrimination in any meaningful amount.
The ordering of the three models, with the clinical model highest and the combined model 

no better than stage alone, was stable across the cross-validation folds, which indicates that the 
null result was not driven by an unusual partition of the data. The consistency of the ordering also 
means that the conclusion would not change with a different random split, and that the combined 
model’s failure to exceed staging is a property of the data rather than of the particular cross-vali-
dation realization.

The cohort comprised 101 cases with 54 deaths and a median follow-up of 624 days, which 
provided sufficient events to estimate the three survival models reliably and to power the cross-vali-
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dated comparison of their discrimination. Stage IV predominated, with 63 of the 101 cases, whereas 
stage I was represented by only 3 cases, a distribution that reflects the advanced presentation 
typical of the cohort and that concentrates the model’s discrimination in the contrast between 
advanced and less advanced disease (Table 2).

Table 2. Characteristics of the oral cavity squamous cell carcinoma cohort.

Characteristic Value

Cases 101

Deaths 54

Median follow-up (days) 624

Stage I 3

Stage II 17

Stage III 18

Stage IV 63

Note: Stage refers to the American Joint Committee on Cancer pathological stage. Source: TCGA-HNSC via NCI Genomic Data Commons.

The imbalance across stages, with the intermediate stages II and III contributing 17 and 18 
cases respectively, means that the concordance estimates are driven primarily by the separation 
between stage IV and the remaining cases, which is the comparison in which clinical staging is 
strongest, and it also means that the study had limited power to detect molecular signal within 
the intermediate stages where such signal might have been most valuable.

DISCUSSION

Jawad et al.(1)and Moeckelmann et al.(2)maintained that staging, though imperfect, remains 
the backbone of prognosis in oral cavity carcinoma, whereas Sasahira and Kirita(10)and Brockme-
yer(11)assembled evidence that molecular features refine it; the present result places the combined 
transcriptomic model at essentially the same discrimination as stage alone, which is closer to the 
former position than to the latter.

The thirty genes selected for prognostic association contributed nothing beyond staging, 
and the only meaningful gain came from age, a clinical variable that is already available without 
any molecular assay and that costs nothing to obtain.

The expectation that transcriptomic profiling would improve survival prediction, which moti-
vates the large signature literature, was not supported in this uniformly profiled oral cavity cohort, 
and the result therefore redirects attention from molecular prognostication back to the clinical 
variables that are already in routine use.

The magnitude of the null is informative in itself: a panel of thirty genes selected for maximal 
univariate prognostic signal failed to move the concordance index by even a hundredth of a point 
relative to staging, whereas a single clinical covariate, age, moved it by two and a half hundredths, 
a contrast that expresses in quantitative terms the relative contribution of molecular and clinical 
information to outcome prediction.

The result is not that the transcriptomic features carried no information, since they were 
selected for their univariate association with survival, but that the information they carried was 
already contained in stage and age, so that their marginal contribution, once those clinical variables 
were in the model, was effectively zero, a pattern that is well described in the survival-modeling 
literature as the difference between marginal and conditional association and that recurs whenever 
candidate predictors are correlated with an already-strong clinical baseline.

The finding is consistent with the methodological critique that many published gene sig-
natures are optimistic because they are developed and validated in the same data without a sta-
ging-only comparator. Whereas studies such as those reviewed by Brockmeyer(11)report positive 
associations for individual biomarkers, the present design explicitly benchmarked the transcripto-
mic features against staging and found them redundant, which suggests that a substantial share 
of the reported added value in the literature may reflect selection bias and the absence of a clinical 
baseline rather than genuine incremental discrimination.

The HPV-determined and morphology-derived signatures reported by Zhou and Lu(20)and 
Zhao et al.,(21)and the metabolic signature of Kou et al.,(13)each associate with survival in head and 
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neck cohorts, but they were not tested against a staging-only baseline in an independent oral ca-
vity sample, which is precisely the comparison in which the present transcriptomic features failed. 
Gao et al.(22)and Hughes et al.(23)reached a similar conclusion in their comparative evaluations of 
machine-learning models for head and neck prognosis, noting that clinical variables dominated 
and that omics features added little once stage and age were included.

The alignment of the present result with those comparative studies is notable because they 
used different model families and different cohorts, which suggests that the redundancy of mo-
lecular features relative to clinical staging is a robust property of head and neck prognosis rather 
than an artifact of any single dataset or estimator.

The conditions that reconcile the discrepancy are population, measurement, and validation 
design. The present cohort was confined to oral cavity tumors, whereas many signatures are de-
rived from mixed head and neck cohorts in which the inclusion of oropharyngeal disease, with its 
distinct human papillomavirus biology, inflates the apparent value of molecular features that are 
in fact surrogates for tumor site.

Unlike the mixed cohorts that Sasahira and Kirita(10)and Brockmeyer(11)describe, this study 
isolated the oral cavity, where staging is a stronger and molecular prognostication a weaker deter-
minant of outcome, and where the proposed refinements of staging, such as the nomogram-based 
proposals of Valero(24)and the early-mortality analyses of Alabi et al.,(25)operate within the same 
clinical frame.

The measurement difference is the use of cross-validated concordance rather than in-sample 
significance, and the validation difference is the explicit staging-only comparator, both of which 
remove the optimism that pervades the signature literature. The population difference is the most 
consequential of the three, because a signature that appears to add value in a cohort spanning 
the oral cavity, oropharynx, and larynx may be capturing the survival difference between these 
sites, which is already encoded in staging and site-specific treatment, rather than any molecular 
information that generalizes within a single site. By holding the site constant, the present design 
removed that confound and exposed the transcriptomic features as redundant.

The validation difference operates through the same logic: a signature that is selected and 
evaluated on the same cases can appear prognostic simply because it overfits the noise in those 
cases, and only an out-of-sample or independent comparison against staging reveals whether the 
apparent signal is real, which is why the present cross-validated staging benchmark is the decisive 
test that the signature literature has largely skipped.

The clinical predictors that other studies have found useful, such as the occult nodal metas-
tasis models of Bur et al.(26)and the clinicopathological mortality models of Chaudhry et al.,(27)are 
likewise clinical rather than molecular, which reinforces the conclusion that the strongest prog-
nostic information in oral cavity carcinoma is already captured by staging and its clinical correlates.

The broader artificial-intelligence and machine-learning reviews of head and neck cancer by 
Wang et al.(28)and Lin et al.(29)describe a field in which the most reproducible gains have come 
from imaging and clinical inputs rather than from transcriptomics, and the multi-omics database 
built by Cavalieri et al.(30)was motivated by the expectation that integration would outperform 
single data types, an expectation that the present head-to-head comparison did not bear out for 
the oral cavity.

The radiomics perspective advanced by Prasse et al.(19) and the recursive-partitioning approa-
ches of Sakai et al.(18) likewise emphasize clinical and imaging predictors, and the consistency of 
these findings with the present null result suggests that the field’s marginal prognostic gains in 
oral cavity carcinoma have come from better clinical and imaging characterization rather than 
from molecular profiling.

A further implication concerns the methodology of prognostic modeling itself. The present 
design illustrates that a univariate association with survival is not the same as incremental discri-
minative value, because the thirty genes retained for their univariate significance were collectively 
unable to displace stage and age from the model.

This distinction is routinely overlooked in a literature that equates a significant hazard ratio 
with prognostic utility, and it explains why so many published signatures, each supported by a 
significant association, have failed to translate into clinical tools.

A prognostic biomarker should be required to demonstrate not only that it is associated 
with outcome but that it adds discrimination over the variables that are already available, and the 
staging-only benchmark used here is the minimal standard against which such claims should be 
judged.

The comparison between the clinical and combined models is therefore a template that 
future transcriptomic signature studies could adopt at negligible cost, and its routine adoption 
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would cull the large share of signatures that are redundant with staging and age. The comparative 
survival-modeling studies of Alsubaie et al.(16)and Ganapathy et al.(17)have likewise argued that 
the choice of a clinical baseline, rather than the choice of a particular learner, is what determines 
whether a prognostic model is judged to add value.

The study has strengths that support the weight of its negative result. The cohort was uni-
formly profiled on a single platform, which removes the batch and platform heterogeneity that 
complicates pooled transcriptomic analyses, and the restriction to oral cavity tumors isolates the 
question from the oropharyngeal and human papillomavirus biology that confounds mixed head 
and neck cohorts.

The use of transcripts per million normalization and a single alignment workflow further 
reduces the technical variation that could otherwise masquerade as biological signal. The expli-
cit three-model design, in which the combined model was benchmarked directly against stage 
alone and stage with age, is precisely the comparison that most signature studies omit, and the 
cross-validation ensures that the concordance indices are not inflated by in-sample fitting. The 
univariate gene selection, far from being a weakness, reproduces the standard signature-derivation 
procedure and therefore gives the transcriptomic features their best chance to show value, which 
makes the null result more, not less, credible, because the genes were chosen by the very criterion 
that the signature literature uses to claim prognostic relevance.

The study has limitations that follow from its design. The sample of 101 cases with 54 events 
is modest, and the power to detect a small genuine improvement from gene expression is limited, 
so the null result should be read as an absence of demonstrated incremental value rather than a 
proof that no transcriptomic feature can ever improve prognosis.

The gene set was selected by univariate association, which is only one of many possible se-
lection strategies, and a different strategy, such as a pathway-based or a penalized multivariate 
selection, could in principle yield different results, although the univariate approach is exactly the 
one that the signature literature itself uses and therefore constitutes the fairest test of its claims.

The cohort is drawn from a single database with a specific site distribution dominated by 
stage IV disease, which limits generalizability to earlier-stage populations, where molecular featu-
res might be more informative precisely because staging is less discriminating among the early 
stages, and the absence of an external validation cohort means the concordance indices, though 
cross-validated, may still be optimistic for other populations.

The single-database design also means that the results describe the TCGA oral cavity cohort 
specifically rather than oral cavity carcinoma in general, and the advanced-stage predominance 
of the cohort should be weighed when the null result is extrapolated to the broader population of 
patients, among whom earlier-stage disease is more common.

The practical implication is that clinical staging, together with age, should remain the refe-
rence for prognostication in oral cavity squamous cell carcinoma, and that claims of incremental 
prognostic value for transcriptomic signatures should be treated with caution unless they are 
benchmarked against a staging-only model in an independent cohort.

For researchers developing prognostic models, the study recommends a minimal reporting 
standard: every new signature should report its concordance index against a staging-only baseline 
on the same held-out data, so that the field can distinguish signatures that genuinely add discri-
mination from those that merely rediscover the prognostic information already carried by stage.

Such a standard would require no new data and only a minor addition to the analysis scripts 
that most studies already run. The result does not diminish the biological value of gene expres-
sion for understanding the disease, but it separates that value from prognostic utility, which is a 
distinction the field has often blurred, and it implies that a biomarker can be biologically real and 
prognostically redundant at the same time.

Future work should test whether molecular features help specifically within the stage groups 
where staging is least informative, such as among early-stage tumors, and whether a substantia-
lly larger and externally validated cohort can identify a transcriptomic component that survives 
comparison against clinical variables, because the present study establishes the burden of proof 
that such claims must meet.

CONCLUSIONS

A combined transcriptomic and clinical model did not improve survival discrimination over 
pathological staging alone in oral cavity squamous cell carcinoma, with a cross-validated concor-
dance index of 0.640 against 0.645 for stage, and the clinical model of stage and age remained 
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the best-performing specification.
Age was the only predictor that improved discrimination, and the thirty transcriptomic fea-

tures selected for prognostic association were redundant once stage and age were included. The 
result supports staging and age as the primary prognostic reference and cautions against claims 
of incremental value for gene-expression signatures that are not benchmarked against a clinical 
baseline.
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