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Simple Summary

Head and neck cancers are often diagnosed at advanced stages, when treatment options
are more limited and patient outcomes are poorer. Earlier identification of individuals at in-
creased risk could help support timely investigation and referral within routine healthcare.
Large amounts of clinical information are collected during everyday patient care, including
diagnoses, laboratory results, and demographic data, creating opportunities to detect pat-
terns associated with future cancer development. In this study, we used routinely collected
healthcare data from a large hospital population to develop and evaluate predictive models
for head and neck cancer risk. We also examined which clinical factors contributed most
strongly to the predictions to improve transparency and clinical relevance. Our findings
suggest that explainable machine learning approaches can accurately identify patients at
higher risk and may support healthcare professionals in recognizing individuals who could
benefit from closer monitoring or earlier diagnostic assessment.

Abstract

Introduction: Head and neck cancers are frequently diagnosed at advanced stages, re-
sulting in poor survival despite therapeutic advances, highlighting the need for earlier
identification within routine clinical care. Routinely collected electronic health record data
provide a potential source of longitudinal clinical signals, although the clinical applicability
of machine learning models remains limited by concerns regarding interpretability and
real-world integration. Methods: This retrospective cohort study included 157,031 patients
treated at the University of Debrecen Clinical Centre between 2007 and 2022, with head and
neck cancer defined using ICD-10 codes C01 to C14. A total of 1397 variables, including
demographic characteristics, ICD based comorbidities, and laboratory parameters, were
reduced to 91 features using variance filtering and elastic net penalized Cox regression.
Three survival modelling approaches were developed and compared, including CoxNet,
Random Survival Forest, and XGBoost with a Cox objective. Results: The XGBoost model
demonstrated the highest predictive performance with a mean concordance index of 0.916,
followed by Random Survival Forest at 0.892 and CoxNet at 0.886, with acceptable calibra-
tion across models. Risk stratification showed clear separation between low, medium, and
high-risk groups. Model interpretability using SHapley Additive exPlanations indicated
that predictions were driven by a combination of demographic factors, laboratory markers,
and clinically relevant diagnosis codes, reflecting both distal risk gradients and proximal
clinical signals. Conclusions: These findings suggest that explainable machine learning

Cancers 2026, 18, 2228 https://doi.org/10.3390/cancers18142228

https://crossmark.crossref.org/dialog?doi=10.3390/cancers18142228&domain=pdf&date_stamp=2026-07-11
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/cancers
https://www.mdpi.com
https://orcid.org/0009-0006-0593-0188
https://orcid.org/0000-0003-1711-6918
https://orcid.org/0000-0001-5066-0646
https://orcid.org/0000-0002-0554-7350
https://doi.org/10.3390/cancers18142228


Cancers 2026, 18, 2228 2 of 23

applied to routine clinical data can support accurate and clinically interpretable risk strati-
fication, with potential utility for opportunistic early identification of high-risk patients
within existing healthcare pathways. Clinical Relevance: Explainable EHR-based survival
models may support opportunistic identification of patients at increased head and neck
cancer risk within routine clinical workflows, potentially improving triage and referral.

Keywords: head and neck cancer; electronic health records; machine learning; survival
analysis; risk stratification; explainable artificial intelligence; SHAP

1. Introduction
Head and neck cancers (HNC) are, in a clinical sense, paradoxical. They arise along

mucosal surfaces that clinicians can see, palpate, and, in principle, interrogate early. Yet they
continue to exact a disproportionate toll, in part because the earliest signals are often subtle,
non-specific, and easily normalized by patients and frustrated by busy health systems. In
2022, head and neck cancer was estimated to be the seventh most frequent malignancy
worldwide, with approximately 947,211 new cases and 482,428 deaths attributed to these
tumors in global estimates [1]. These numbers are not abstractions: they represent a disease
group in which small shifts in timing, even from weeks to months, can separate curability
from chronic morbidity, and organ preservation from permanent functional loss [1].

Within head and neck oncology, cancers of the oral cavity and pharynx carry pub-
lic health relevance because they are both prevalent and clinically consequential, and
because their pre-diagnostic course may leave detectable traces in routine care. In the
2022 GLOBOCAN estimates from the International Agency for Research on Cancer, “lip,
oral cavity” cancers alone accounted for 389,846 new cases and 188,438 deaths world-
wide; additional subsites relevant to the upper aerodigestive tract, including oropharynx
(106,400 cases; 52,305 deaths), hypopharynx (86,257 cases; 40,902 deaths), and nasopharynx
(120,434 cases; 73,482 deaths), underscore the scale of disease arising within contiguous
anatomical and care pathways [2]. In Europe, the same 2022 estimates report 62,073 new
cases and 24,253 deaths for lip/oral cavity cancers, with substantial additional burden from
oropharynx (29,800 cases; 13,027 deaths) and hypopharynx (16,002 cases; 9315 deaths) [3].

Prognosis is strongly stage-dependent, and this stage gradient is precisely why timing
matters. Contemporary registry-based survival statistics illustrate the steep drop in 5-year
survival as disease spreads beyond the primary site. In oral cavity and pharynx cancer,
only about 26% of cases are diagnosed at a localized stage; 5-year relative survival is
approximately 88.4% when localized, declines to 69.4% with regional lymph node disease,
and falls to 36.9% with distant metastasis [4]. This survival gradient has immediate
implications for clinical systems: the burden of advanced-stage presentation is not merely
a reflection of tumor biology, but also of how reliably, and how early patients are triaged
from non-specific complaints into definitive diagnostic pathways.

Delays in diagnosis and treatment initiation are therefore not simply operational
inconveniences; they are clinically meaningful intervals in which stage migration can
occur and therapeutic intensity escalates. In cohorts of head and neck cancer patients,
long pre-diagnostic pathways have been documented, including prolonged patient delay
(time from symptom onset to first consultation) and downstream health-system delays
(from initial evaluation to specialist assessment, diagnosis, and definitive treatment) [5].
Large-scale analyses also suggest that treatment initiation delays can translate into worse
survival outcomes: in a National Cancer Data Base study, time to treatment initiation
independently affected survival, with increased mortality risk emerging when the interval
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exceeded approximately 46–52 days and becoming more consistently detrimental beyond
60 days [6]. Systematic reviews further indicate that time intervals across the head and
neck cancer care pathway, including symptom onset, referral, diagnosis, and treatment,
are associated with oncologic and functional outcomes, while also highlighting substantial
heterogeneity in study design and clinical settings [7].

These timing challenges are particularly salient in Central and Eastern Europe, where
risk-factor exposures, health-system constraints, and demographic aging intersect. Hun-
gary has long been described as carrying one of the highest cancer burdens in Europe,
with historically high cancer mortality and notable incidence for oral cavity and pharynx
cancers [8,9]. National-level syntheses using administrative data have refined incidence es-
timates and trends across malignancies, underscoring both the analytic value of real-world
data and the importance of accurate national baselines for prevention and early detection
strategies [10]. In the 2022 GLOBOCAN country fact sheet, Hungary was estimated to have
1136 new lip/oral cavity cancer cases and 528 deaths, alongside 653 oropharyngeal cases
(281 deaths) and 571 hypopharyngeal cases (360 deaths) [11,12]. Beyond incidence and
mortality, survival patterns point to a clinically urgent early period after diagnosis: in a
nationwide Hungarian analysis using Hungarian National Health Insurance Fund data
linked to outcomes, 46.3% of deaths among HNC patients occurred within one year of
diagnosis, emphasizing a narrow window in which late presentation and limited reserve
may concentrate avoidable mortality [13]. Patient-level timing data are also sobering:
among Hungarian head and neck cancer patients, mean patient delay has been reported at
approximately 17.6 weeks, substantially longer than in several international comparators,
while tumor stage remained the dominant prognostic factor [14,15].

If earlier detection is the clinical imperative, where can a scalable, system-level solution
realistically live? Dentistry is an underused but conceptually powerful locus of action.
Many suspect oral mucosal malignancies and potentially malignant disorders are first
encountered in routine dental care, and practice-based dentists occupy a unique position
to detect early lesions and initiate referral [16]. Yet detection is only as reliable as the
clinician’s confidence and the system’s support: a nationwide Hungarian survey reported
that diagnostic self-confidence was a key determinant of screening and advisory behaviors,
beyond objective knowledge, and that screening practices differed across professional
groups [17]. These findings motivate a complementary approach that does not replace
clinical judgment but rather augments it with calibrated and transparent risk signals
derived from the patient’s longitudinal clinical record.

Modern electronic health records (EHRs) capture longitudinal patterns of symptoms,
comorbidities, healthcare utilization, diagnostic codes, and laboratory findings that may
emerge before formal cancer diagnosis. Scoping reviews show growing interest in longi-
tudinal EHR-based cancer prediction, while emphasizing persistent concerns regarding
methodological rigor, temporality, bias, and real-world validation [18]. Disease-specific
examples further support this concept, including deep learning models that predicted
pancreatic cancer risk from longitudinal records [19] and diagnosis-based approaches that
identified high-risk individuals before pancreatic cancer diagnosis [20]. Similarly, reviews
of symptom-based cancer risk models suggest that machine learning may support early
diagnostic decision-making, while reinforcing the need for transparent reporting and robust
evaluation [21].

EHR-based machine learning models must be not only accurate, but also interpretable
and compatible with routine clinical workflows. Previous implementation studies show
that clinical deployment requires automated data extraction, workflow-integrated decision
support, stakeholder engagement, governance, and ongoing monitoring [22,23]. These
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principles are directly relevant to oncology risk stratification, where predictive tools should
support, rather than replace, clinical judgment.

Interpretability is the ethical and clinical hinge of this anatomy. A risk score that
cannot be understood is difficult to trust, hard to audit, and fragile under clinical scrutiny,
especially in high-stakes contexts like cancer suspicion and referral. Explainable AI has
therefore shifted from a methodological preference to a practical prerequisite in many
clinical settings. In a landmark example, an explainable machine learning system delivered
real-time predictions during general anesthesia and provided contributing-factor expla-
nations to clinicians, demonstrating that interpretability can be delivered at the point of
care rather than retrofitted after the fact [24]. SHapley Additive exPlanations (SHAP),
grounded in cooperative game theory, provides a principled framework for attributing
model predictions to individual features while enabling both local (patient-specific) and
global (population-level) interpretability [25]. For tree-based models in particular, efficient
algorithms have been developed to make SHAP computation practical at scale, facilitating
deployment in high-throughput clinical contexts [26]. Recent reviews continue to empha-
size that explainability is central to safe and human-centered clinical adoption, while also
clarifying that “explainable” must be paired with rigorous evaluation of how explanations
are perceived and used [27]. In parallel, the maturation of reporting standards, such as
TRIPOD+AI, reflects a field-level recognition that prediction models, including machine
learning systems, must be described transparently enough to be appraised, reproduced,
and credibly translated [28].

Clinically meaningful cancer risk stratification must account for time, censoring, and
variable follow-up. Survival analysis provides the appropriate framework for this setting,
with the Cox proportional hazards model remaining a foundational approach for estimat-
ing hazard while accommodating right-censoring [29]. Machine learning extensions for
survival data can capture nonlinear relationships and interactions, but also require careful
attention to calibration, interpretability, and clinical utility [30]. For clinical deployment,
model monitoring, maintenance, bias assessment, and workflow integration are therefore
essential considerations [31].

This study aimed to develop and evaluate an interpretable, EHR-derived risk stratifi-
cation framework for head and neck cancers focusing on malignancies of the oral cavity
and pharynx defined by ICD-10 codes, using routinely collected data from the Univer-
sity of Debrecen Clinical Centre, and to couple machine learning risk estimation with
time-to-event modelling to reflect real-world follow-up. The translational objective is to
establish the methodological and operational foundation for future EHR integration at
the University of Debrecen Dental Clinic in Debrecen, enabling real-time, explainable risk
signals to support opportunistic detection, triage, and referral pathways within routine
dental and multidisciplinary head-and-neck care. To our knowledge, this is the first study
to develop an explainable, EHR-derived, time-to-event machine learning framework for
head and neck cancer risk stratification using routinely collected Hungarian clinical data.

2. Materials and Methods
2.1. Data Source and Study Population

This retrospective cohort study was based on the database of the Clinical Centre of
the University of Debrecen, covering the period between 2007 and 2022 (last recorded
patient entry: 17 April 2022). The database contains routinely collected secondary care
data, including diagnostic codes and laboratory measurements. The primary outcome was
defined as head and neck cancer, based on a composite variable including International
Classification of Diseases (ICD) codes C01–C14.
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The source electronic health record database initially contained 1,009,073 patients,
including 3959 patients with HNC (Supplementary Figure S1). Because laboratory mea-
surements represented an essential predictor category within the proposed modelling
framework, only patients with at least one available laboratory assessment were eligible
for inclusion, yielding 358,250 patients, including 1204 HNC cases. During laboratory
preprocessing, variables with more than 30% missing values were excluded, after which
complete-case analysis was applied to the remaining laboratory variables. This resulted in
a cohort of 292,964 patients, including 1040 HNC cases.

The data were structured in a yearly aggregated format, where, for each patient
and year, ICD diagnoses (codes A–R) were represented as binary indicators at the three-
character level, reflecting the presence or absence of a given condition, and laboratory
measurements were summarized using yearly median values.

To construct a baseline dataset suitable for survival analysis, patient-level aggregation
was performed by collapsing the longitudinal records into a single observation per patient.
Only patients with available laboratory data were included to ensure consistency in feature
availability across individuals. The start of follow-up (time zero) was defined as the first
recorded clinical entry containing laboratory measurements. During this process, ICD
diagnoses recorded prior to this time point were retained and summarized as baseline
comorbidities, thereby capturing pre-existing conditions that may have been documented
in earlier visits without laboratory data.

Following aggregation, observations with zero follow-up time were excluded, as such
cases do not contribute to time-to-event estimation and may introduce bias. After applying
these preprocessing steps, the final analytical cohort consisted of 157,031 patients, including
486 individuals with HNC.

The event time corresponded to the first recorded occurrence of any of the defined
outcome-related ICD codes after the start of follow-up. Patients were followed from
baseline until the occurrence of the event or censoring, with a maximum follow-up time
of 15 years. Individuals who did not develop HNC during the observation period were
censored at the time of their last recorded clinical visit.

The resulting dataset contained 1397 variables, including demographic variables (age
and gender), follow-up variables (follow-up time and event indicator), comorbidities repre-
sented by ICD code groups, and laboratory parameters. Following feature reduction, a total
of 91 variables were retained for the final analyses. This approach ensures that all predictor
variables were available at baseline, thereby avoiding the use of future information.

A complete list of ICD-10 codes included in the results along with their clinical
descriptions is provided in Supplementary Table S1.

2.2. Preprocessing of Continuous Variables

Continuous laboratory variables were standardized using z-score normalization to
ensure comparability across features and to facilitate the application of regularized and
machine learning models.

Following standardization, multicollinearity among continuous variables was assessed
using the variance inflation factor (VIF) [32]. To reduce redundancy and improve model
stability, variables exceeding a predefined threshold (VIF > 10) were iteratively removed.
Clinically relevant variables, such as age, were retained regardless of collinearity.

2.3. Feature Selection and Dimensionality Reduction

Due to the high dimensionality of the dataset relative to the number of observed
events, a multi-step feature reduction strategy was applied to improve model stability,
reduce overfitting, and enhance interpretability.
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As an initial step, low-variance features were removed using variance thresholding.
Features with near-zero variance (threshold < 0.01) were excluded, as such variables provide
minimal discriminatory information and may negatively impact model performance. This
step resulted in the removal of 962 features, reducing the number of variables from 1397
to 424.

After variance-based filtering, further feature selection was performed using a penal-
ized Cox proportional hazards model with elastic net regularization (Coxnet) [33]. This
approach was chosen to address the high dimensionality of the dataset and the relatively
low number of observed events, while enabling simultaneous variable selection and coeffi-
cient shrinkage. The model combines L1 (lasso) and L2 (ridge) penalties, allowing control
over sparsity and stability. A grid search with cross-validation was applied to identify opti-
mal hyperparameters, including the regularization strength (α) and the mixing parameter
(l1-ratio). Model performance was evaluated using the concordance index (C-index) [34].

Stratified k-fold cross-validation (k = 3) was used during the feature selection phase to
ensure balanced representation of events across folds. The optimal model achieved a cross-
validated C-index of 0.884, with hyperparameters corresponding to a low regularization
strength (α = 0.001) and a predominantly ridge-based penalty (l1-ratio = 0.1). Features with
non-zero coefficients in the final model were retained as selected predictors. This resulted
in a reduction from 424 candidate variables to 91 features, corresponding to a sparsity level
of 78.5%.

In the primary analysis, elastic net feature selection was performed once on the
complete dataset to derive a stable predictor set for benchmarking the evaluated survival
modelling approaches. This strategy was chosen to facilitate direct comparison of model
performance using an identical feature space. To assess the potential influence of feature-
selection optimism, an additional sensitivity analysis was conducted using nested cross-
validation. Within each outer training fold, elastic net feature selection was repeated
independently using only the corresponding training data, and the selected predictors were
subsequently used for model development and evaluation on the held-out test fold.

2.4. Model Development and Evaluation

The predictive performance and interpretability of the selected features were assessed
using three survival modelling approaches: a penalized Cox proportional hazards model
(CoxNet), a Random Survival Forest (RSF) [35], and a gradient boosting model adapted for
survival analysis (XGBoost with Cox objective) [36].

The three models were selected to provide complementary continuous-time survival
modelling perspectives suitable for right-censored EHR follow-up data. CoxNet was
included as a regularized semi-parametric Cox model appropriate for high-dimensional
predictors and sparse events; Random Survival Forest was used as a non-parametric
ensemble approach capable of capturing nonlinear effects and interactions; and XGBoost-
Cox was included as a gradient-boosting survival model with strong predictive capacity
and compatibility with SHAP-based interpretation. Discrete-time hazard models were not
selected because event and censoring times were available as continuous follow-up times,
and discretization would have required additional interval choices and person-period data
expansion without directly serving the main benchmarking objective.

The CoxNet model was fitted using hyperparameters selected from a predefined
range of plausible values (α = 0.001, l1-ratio = 0.1), based on cross-validated performance
and model stability. Extensive hyperparameter optimization was intentionally avoided to
reduce the risk of overfitting and optimistic performance estimates. The Random Survival
Forest (RSF) model was implemented with 300 trees and random feature selection at each
split to capture nonlinear relationships and interactions. The gradient boosting model was
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implemented using XGBoost with a Cox proportional hazards objective, enabling flexible
modelling of complex nonlinear effects.

Model performance was evaluated using stratified 5-fold cross-validation to ensure
balanced representation of events across folds. Predictive accuracy was assessed using the
concordance index (C-index), while calibration was evaluated using the Integrated Brier
Score (IBS) [37]. All models were trained and evaluated using the same set of selected
features to ensure comparability.

2.5. Interpretation of Selected Predictors

To facilitate clinical interpretation of the selected variables, a conventional multivari-
able Cox proportional hazards model [38] was refitted using the highest-ranking predictors
identified by the penalized Cox-based feature selection procedure. For this purpose, the
top 40 selected features were included in the model. Hazard ratios (HRs), along with
95% confidence intervals (CIs) and p-values, were estimated to quantify the direction and
magnitude of associations. A small penalization term was applied during model fitting to
improve numerical stability and reduce potential convergence issues.

As feature selection and coefficient estimation were performed on the same dataset,
the resulting hazard ratio estimates should be interpreted as descriptive measures of associ-
ation rather than unbiased inferential estimates. Accordingly, these results are presented
to support the clinical interpretation of the selected predictors rather than to establish
definitive causal relationships.

2.6. Risk Stratification and Calibration

Patients were stratified into risk groups based on predicted risk scores to evaluate
the clinical utility of the developed models. Kaplan–Meier survival curves [39] were used
to evaluate the separation between low-, medium-, and high-risk groups. Differences
between risk groups were assessed using log-rank tests. Model calibration was evaluated
by comparing predicted and observed survival probabilities at a predefined time horizon
of 5 years. Calibration analysis was performed for the CoxNet model by grouping patients
into deciles based on predicted risk. Within each group, observed survival probabilities
were estimated using the Kaplan–Meier method and compared with the mean predicted
survival probabilities. Calibration plots were constructed by plotting observed versus
predicted survival, with perfect calibration represented by the diagonal reference line. This
approach provides an assessment of agreement between predicted and observed survival
probabilities across risk strata.

2.7. Feature Importance and Model Comparison

For comparison of predictor contributions across models, feature importance measures
were extracted from each model. For comparability, importance values were normalized
such that their absolute values summed to one within each model. Similarity between
models in terms of feature importance was assessed using correlation analysis of the
normalized importance scores. In addition, agreement between models was evaluated
by identifying the most important features within each model and constructing a feature-
model presence matrix. An agreement score was calculated for each feature based on its
frequency of occurrence among the top-ranked predictors across models.

2.8. Model Interpretation Using SHAP Values

To provide detailed insight into the contribution of individual predictors, SHapley
Additive exPlanations (SHAP) [25] were computed for the XGBoost survival model. Global
feature importance was assessed using SHAP summary (beeswarm) plots, which illustrate
both the magnitude and direction of feature effects across the population. To enhance
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interpretability at the individual level, SHAP waterfall plots were generated for representa-
tive patients with the highest and lowest predicted risk scores. These plots illustrate how
individual features contribute to the predicted risk for specific patients.

2.9. Software

All statistical analysis were performed using Python 3.14.6.

3. Results
3.1. Study Population and Follow-Up Characteristics

The final analytical cohort comprised 157,031 patients, among whom 486 incident
HNC cases were identified during the follow up period. The mean age at baseline was
46.7 years with a standard deviation of 22.78 years, while the median age was 49.0 years
with an interquartile range of 29.0 to 65.0 years, indicating a broadly distributed population
across age groups with a slight central tendency toward middle age. The sex distribution
showed a predominance of females, with 92,809 individuals representing 59.1 percent of
the cohort, compared to 64,222 males representing 40.9 percent. The mean follow up time
was 6.11 years with a standard deviation of 3.92 years, and the median follow up was
6.00 years with an interquartile range of 3.00 to 9.00 years, reflecting a moderately long
observation period suitable for time to event analysis.

The age distribution demonstrated a relatively symmetric spread with a gradual
increase in frequency toward middle age and a slight decline in older age groups, consistent
with the observed mean and median values. Examination of event occurrence over time
showed that HNC events were more frequent during the earlier years of follow up, with a
progressive decrease in the number of events in later periods, suggesting a combination of
early event occurrence and the impact of censoring over time (Figure 1).

Figure 1. Baseline age distribution of the study population. Distribution of age at baseline among
included participants (n = 157,031). The red dashed line indicates the mean age (46.7 years), and the
yellow dashed line indicates the median age (49.0 years).

3.2. Feature Reduction and Selection

A structured feature reduction strategy was applied to address the high dimensionality
of the dataset relative to the number of observed events. Initially, 1397 variables were
considered, which were reduced to 424 following variance thresholding to remove low
variability features. Subsequently, penalized Cox regression with elastic net regularization
was used for further selection, resulting in a final set of 91 predictors with non-zero
coefficients. The optimal model achieved a cross validated concordance index of 0.884,
indicating strong discriminative performance during the feature selection phase.
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3.3. Model Performance Comparison

The predictive performance of the evaluated survival models is summarized in Sup-
plementary Table S2. Across all models, strong discriminative ability was observed, with
the highest performance achieved by the XGBoost Cox model, which demonstrated a mean
concordance index of 0.916 with a standard deviation of 0.014 across cross validation folds.
The Random Survival Forest model showed slightly lower performance, with a mean
concordance index of 0.892 and a standard deviation of 0.026, while the CoxNet model
achieved a mean concordance index of 0.886 with a standard deviation of 0.016. Calibration
performance, as assessed by the integrated Brier score, was comparable between models,
with the Random Survival Forest yielding a slightly lower score of 0.00241 compared
to 0.00295 for the CoxNet model, indicating marginally better calibration. Overall, the
gradient boosting approach demonstrated superior discriminative performance relative to
the other modelling strategies.

3.4. Sensitivity Analysis

Two independent sensitivity analyses were performed to evaluate the robustness of
the primary findings. Each analysis was conducted separately using the original modelling
framework, and the resulting performance was compared with that of the primary analysis.

3.4.1. Feature-Selection Optimism

To evaluate the potential influence of feature-selection optimism, a nested cross-
validation analysis was performed in which elastic net feature selection was repeated
independently within each outer training fold prior to model development. Compared with
the primary analysis, model performance remained highly consistent. The mean C-index
changed from 0.916 to 0.910 for XGBoost-Cox, from 0.892 to 0.881 for Random Survival
Forest, and from 0.886 to 0.885 for CoxNet. These findings indicate that repeating feature
selection within each training fold had only a limited impact on model performance and that
the conclusions of the primary analysis are robust to potential feature-selection optimism.

3.4.2. Potential Temporal Leakage

As a separate sensitivity analysis, the potential influence of diagnoses that may reflect
the diagnostic work-up or advanced manifestations of HNC was evaluated by excluding
ICD-10 codes C77 (secondary and unspecified malignant neoplasm of lymph nodes), R22
(localized swelling, mass and lump), R13 (dysphagia), and R64 (cachexia) from the selected
predictor set after feature selection. The survival models were subsequently re-trained and
evaluated using the same five-fold cross-validation procedure. Relative to the primary
analysis, removal of these diagnoses reduced discrimination across all three survival
models, with the C-index decreasing from 0.916 to 0.882 for XGBoost-Cox, from 0.892
to 0.844 for Random Survival Forest, and from 0.886 to 0.842 for CoxNet. In contrast,
calibration remained essentially unchanged, with the Integrated Brier Score remaining
at 0.003 for CoxNet and changing only marginally for Random Survival Forest (0.0024
to 0.0025). These findings indicate that although the excluded diagnoses contributed
meaningful predictive information, the models retained substantial predictive performance,
suggesting that overall risk prediction was supported by a broader set of routinely collected
clinical variables rather than by these diagnoses alone (Supplementary Table S3).

3.5. Risk Stratification and Survival Separation

To facilitate clinical interpretation, patients were stratified into low-, medium-, and
high-risk groups according to their predicted risk scores. The observed event rate in-
creased progressively across these strata, from 0.029% in the low-risk group to 0.086% in the
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medium-risk group and 0.814% in the high-risk group. Consequently, patients classified
as high risk exhibited an approximately 28-fold higher absolute event rate than those in
the low-risk group. Importantly, the high-risk group captured 87.7% of all HNC events ob-
served during follow-up, whereas only 3.1% occurred in the low-risk group, demonstrating
that the proposed risk stratification successfully concentrated the vast majority of future
cases within a relatively small subset of patients (Supplementary Table S4).

Kaplan–Meier survival analysis demonstrated clear separation between the predicted
risk groups derived from the CoxNet model (Figure 2). Patients classified into the high-
risk group exhibited consistently lower survival probability over time compared to the
medium and low risk groups, while the low risk group maintained the highest survival
probabilities throughout the follow up period. The divergence between curves was evident
early during follow-up and persisted across the entire observation period, indicating stable
discrimination of risk over time. This pattern suggests that the model was able to effectively
stratify patients into clinically distinct risk categories based on baseline characteristics.

Figure 2. Kaplan–Meier survival curves by predicted risk group (CoxNet). Kaplan–Meier survival
curves stratified by predicted risk groups (low, medium, high) derived from the CoxNet model. Clear
separation between groups was observed across the follow-up period.

The number of individuals at risk across follow-up time points further supports the
observed separation between groups. At baseline, as seen in Supplementary Table S5,
each risk group contained 52,344 individuals. By 5 years of follow up, the number at risk
decreased to 32,670 in the low-risk group, 31,441 in the medium risk group, and 27,906
in the high-risk group. At 10 years, these numbers declined further to 14,129, 12,680, and
9602, respectively, and by 15 years, to 676, 482, and 328 individuals. The more pronounced
reduction in the high-risk group over time is consistent with the higher event occurrence
and lower survival probabilities observed in this group.

3.6. Calibration Analysis

Calibration was evaluated for the CoxNet and XGBoost-Cox models by comparing
predicted and observed 5-year event probabilities across five risk groups (Figure 3). Both
models demonstrated generally acceptable calibration despite the extremely low incidence
of HNC within the study cohort. As expected, predicted event probabilities occupied a
narrow range because the absolute 5-year event probability remained below 1% for the
vast majority of patients.
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Figure 3. Calibration plots for 5-year HNC event risk prediction. (a) CoxNet model. (b) XGBoost-Cox
model. Predicted and observed 5-year event probabilities are shown across five risk groups. The
dashed diagonal line represents perfect calibration. Both models demonstrated reasonable agreement
between predicted and observed event probabilities despite the low incidence of HNC within the
study cohort.

The CoxNet model tended to overestimate event risk in the lower-risk groups while
underestimating the observed event probability in the highest-risk group. In comparison,
the XGBoost-Cox model showed closer agreement between predicted and observed event
probabilities across most risk groups, although a slight underestimation remained evident
in the highest-risk group. Overall, these findings indicate that both models provided
reasonable calibration, with XGBoost-Cox demonstrating slightly better agreement between
predicted and observed risks. Detailed predicted and observed 5-year event probabilities
for each risk group are provided in Supplementary Tables S6 and S7.

3.7. Feature Importance and Model Agreement

Comparison of normalized feature importance across the three survival models re-
vealed both shared and model specific patterns in predictor contributions (Figure 4). Across
all models, several variables consistently ranked among the most influential predictors, in-
cluding C77, R64, R22, and gender, although their relative importance varied by modelling
approach. In the Random Survival Forest model, C77 exhibited the highest normalized
importance at 0.237, followed by R64 at 0.116 and R22 at 0.084, indicating a strong reliance
on these features. In contrast, the CoxNet model distributed importance more evenly across
variables, with R22 at 0.081, gender at 0.049, and R13 at 0.061 among the higher contribu-
tors. The XGBoost Cox model showed a similar pattern of distributed importance but with
relatively higher contributions from features such as C77 at 0.074, gender at 0.067, and R22
at 0.046. Age demonstrated moderate importance across all models, with values of 0.047
in the Random Survival Forest, 0.039 in CoxNet, and 0.016 in XGBoost Cox, suggesting
a consistent but not dominant contribution. Clustering of features based on similarity in
importance profiles indicated that certain ICD based variables and laboratory parameters
grouped together, reflecting shared predictive roles across modelling strategies. Overall,
while the magnitude of importance differed between models, a core subset of predictors
showed consistent relevance, supporting the robustness of the selected feature set.
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Figure 4. Comparison of normalized feature importance across survival models. Heatmap of
normalized feature importance values across Random Survival Forest, CoxNet, and XGBoost Cox
models. Importance values were scaled to sum to one within each model.

Analysis of feature agreement across models demonstrated a high degree of con-
sistency among several key predictors. Age, C77, and gender achieved the maximum
agreement score of 1.0, indicating that these features were consistently identified among
the most important predictors across all modelling approaches. Similarly, variables such as
J38, R13, R22, and R64 also showed strong agreement, reflecting their stable contribution to
model predictions regardless of the underlying algorithm. A second tier of features, includ-
ing D37, F10, H52, K13, K70, MCV, MPV, N30, R10, and R63, exhibited moderate agreement
with scores around 0.67, suggesting that these variables were frequently but not universally
selected across models. In contrast, features such as B34, H57, and HCT demonstrated
lower agreement scores of approximately 0.33, indicating more model specific importance.
Overall, the observed pattern of agreement supports the presence of a core set of robust
predictors, complemented by additional variables whose contribution varies depending on
the modelling approach (Figure 5).
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Figure 5. Agreement of top features across survival models. Agreement scores indicating the
frequency of occurrence of features among top-ranked predictors across models. Higher values
indicate greater consistency across modelling approaches.

3.8. SHAP-Based Model Interpretation (XGBoost)

Global SHAP analysis of the XGBoost Cox model identified age as the most influential
predictor, with a mean absolute SHAP value substantially exceeding all other variables,
indicating a dominant contribution to model predictions. Gender was the second most
important feature, followed by MCV, R13, and R22, which also demonstrated notable
contributions. A group of laboratory and clinical variables, including MPV, NEU, H52,
N39, and EOS%, showed moderate importance, suggesting a secondary role in shaping
risk predictions. Additional features such as M23, R10, PLT, I07, R64, RDW, C77, F10, N30,
and H25 contributed smaller but still measurable effects. Overall, the distribution of SHAP
values indicates that while a small number of variables, particularly age and gender, drive
a large proportion of the model output, a broader set of features collectively contributes to
the final risk estimation (Figure 6a).

The SHAP summary plot further elucidated the direction and magnitude of feature
effects on model predictions at the individual level. Age demonstrated a clear positive
association with predicted risk, with higher values consistently contributing to increased
risk, as indicated by the concentration of high feature values on the positive SHAP axis.
Gender also showed a distinct pattern, with one category associated with higher risk and
the other with lower risk, reflecting its binary contribution to the model. Among laboratory
parameters, higher values of MCV were associated with increased risk, while variables
such as MPV and NEU exhibited more distributed effects, suggesting both risk increasing
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and risk decreasing contributions depending on their values. Several ICD based variables,
including R13, R22, R64, and C77, showed strong positive contributions when present, with
clear clustering of high feature values on the positive SHAP axis. Other variables, such as
EOS%, M23, R10, and I07, displayed more modest and variable effects. The aggregation of
the remaining features showed a distribution centered around zero, indicating that their
individual contributions were generally smaller and more balanced. Overall, the SHAP
summary plot highlights both the dominant influence of key predictors and the complex,
heterogeneous contributions of secondary variables across individuals (Figure 6b).

Figure 6. SHAP-based model interpretability of the XGBoost Cox model. Composite figure illustrating
SHAP-derived interpretability outputs from the XGBoost Cox proportional hazards model. (a) Global
SHAP feature importance based on mean absolute SHAP values, indicating overall contribution
of each predictor to model output. (b) SHAP summary (beeswarm) plot showing the distribution
and direction of feature effects across all observations, with color representing feature magnitude.
(c) SHAP waterfall plot for a representative low-risk individual, demonstrating how individual feature
contributions cumulatively decrease predicted risk. (d) SHAP waterfall plot for a representative
high-risk individual, demonstrating how individual feature contributions cumulatively increase
predicted risk.

The SHAP waterfall plot for a representative low risk individual illustrates how
individual features contributed to a substantially reduced predicted risk, with a final model
output of f(x) = −2.923 relative to the baseline expectation. The largest negative contribution
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was observed for age, with a SHAP value of −1.04, indicating that the individual’s age was
strongly associated with lower predicted risk. Additional notable negative contributions
were provided by the presence of N39 with −0.33, lower MCV values with −0.28, and
R00 with −0.28, followed by smaller reductions from M21, B34, and NEU. Gender also
contributed modestly to reduced risk with a SHAP value of −0.11, along with additional
minor contributions from MPV, R13, PLT, R22, H52, and BASO. The combined effect of
these features resulted in a cumulative shift toward lower risk compared to the model
baseline, demonstrating how multiple moderate contributions, alongside a dominant effect
from age, jointly determine the overall prediction in low risk individuals (Figure 6c).

The SHAP waterfall plot for a representative high risk individual demonstrates how
multiple features contributed cumulatively to a substantially increased predicted risk,
resulting in a final model output of f(x) = 7.416 relative to the baseline expectation. The
largest positive contributions were observed for the presence of R22 with a SHAP value of
+1.70 and C77 with +1.52, followed by R13 with +0.80 and R64 with +0.78, indicating strong
risk elevating effects of these variables. Elevated MCV also contributed positively with
a value of +0.70, while age and gender contributed +0.64 and +0.62, respectively, further
increasing the predicted risk. Additional positive contributions were observed for F10 and
K70, with smaller increments of +0.32 and +0.28. In contrast, a limited number of features
exerted negative contributions, including F01 with −0.26, NEU with −0.22, and H52 with
−0.13, partially offsetting the overall risk. Minor positive effects were also observed for G62
and R10, alongside the aggregated contribution of the remaining features at +0.54. Overall,
the prediction for this high-risk individual was driven by the accumulation of several strong
positive contributors, particularly ICD based variables, with relatively smaller opposing
effects from a subset of features (Figure 6d).

3.9. Multivariate Cox Regression of Selected Predictors

In the multivariate Cox proportional hazards model including the top 40 selected
predictors, several variables showed strong positive associations with HNC occurrence.
The largest hazard ratio was observed for R22, with an estimated effect close to fourfold
higher hazard, followed by D37 and C77, both of which were associated with markedly
elevated hazards above threefold. Additional strong positive associations were observed
for R13, K13, J38, and R64, all of which remained clearly above the null value. A second
group of variables, including R63, K70, F10, and J37, also demonstrated elevated hazards,
although with more moderate effect sizes. Several further ICD based predictors, such as J41,
D38, J43, K20, R04, K03, R06, G62, and C34, showed positive point estimates, but for some of
these variables the confidence intervals were wider and extended close to or across the null
value, indicating less precise estimates. Among the continuous predictors, MCV and age
were associated with modest increases in hazard, with point estimates slightly above 1.0,
while R91, RDW, NEU, and MCHC were also close to the null but remained on the positive
side. In contrast, several variables were associated with reduced hazard, most notably
gender, N39, N76, B34, N18, M21, N30, R10, M25, H25, H52, and H57, with gender and
N39 showing the most pronounced inverse associations. Additional inverse or near null
associations were observed for MPV and EOS%, both of which had point estimates at or
slightly below 1.0. Overall, the forest plot indicates that the selected predictors comprised a
mixture of strongly risk elevating ICD based variables, modestly contributory laboratory
parameters, and several features associated with lower estimated hazard, with the strongest
positive effects concentrated among a limited subset of clinical diagnosis codes (Figure 7).
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Figure 7. Forest plot of hazard ratios for top 40 predictors. Hazard ratios (HRs) and 95% confi-
dence intervals from a multivariable Cox proportional hazards model including the top 40 selected
predictors. The vertical dashed line indicates HR = 1.

4. Discussion
In this large real-world cohort from University of Debrecen Clinical Centre, an ex-

plainable survival machine learning model achieved strong discrimination for incident
head and neck cancer and produced clinically interpretable risk stratification. The SHAP
analyses reveal that model performance is driven by a coherent mixture of demographic
risk gradients and “pre-diagnostic” clinical signals (symptoms and diagnostic codes) that
plausibly mark an actionable window for earlier recognition, while also raising important
methodological concerns about temporal leakage that must be explicitly handled to make
the model deployment-ready.

4.1. Interpretation of Principal Findings

This study demonstrated that head and neck cancer risk can be predicted with high
discrimination using routinely collected EHR features and time-to-event modelling. In a
cohort of 157,031 individuals with 486 incident cancers (event rate ≈0.31%), the XGBoost-
Cox model achieved a test concordance index of approximately 0.916, and Kaplan–Meier
curves showed clear separation between strata defined by predicted risk, indicating that
the model meaningfully reorders survival times at the population level. While we did
not emphasize formal calibration reporting (e.g., time-dependent calibration plots), the
evaluation framework used in survival prediction should explicitly separate discrimina-
tion from calibration, because strong ranking (high C-index) does not guarantee accurate
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absolute risk estimates; the Brier score family and integrated Brier score are recommended
complementary metrics for censored data because they incorporate both calibration and
discrimination over time [40].

Clinically, the meaning of this performance depends on the prediction horizon implic-
itly learned from the feature set. In countries with high cancer mortality and persistent
late-stage presentation, Hungary remains the EU’s highest cancer mortality setting and
HNC case fatality is striking early, nearly half of Hungarian HNC patients die within
one year after diagnosis in national NHIF analyses [13]. A model that detects risk signals
embedded in routine care, even if partly “near-term,” therefore has plausible clinical value
as an opportunistic early-recognition tool, provided its operating point is tuned to minimize
avoidable false alarms and maximize timely referral.

4.2. Explainability Insights from SHAP and Cox

The SHAP analyses clarify “what the model is learning” and why it discriminates so
strongly. Globally, age dominated the feature importance profile (mean |SHAP| ≈0.75),
far exceeding the next predictors (gender ≈0.20; MCV ≈0.13; then ICD-coded features such
as R13 and R22 ≈0.11 each). In practical terms, age contributed roughly 4× the average ex-
planatory weight of gender and ~5–6× that of MCV, indicating that (i) a strong baseline age
gradient in incidence is present, and (ii) age also acts as an interaction amplifier, modulating
how symptom- and comorbidity-related features translate into predicted hazard.

Directionality in the SHAP beeswarm plot was clinically coherent. Higher age values
consistently shifted predictions toward higher hazard, while lower age values shifted
toward lower hazard. The gender effect was asymmetric, with one category consistently
increasing predicted hazard and the other decreasing it, consistent with the well-known
higher incidence of head and neck cancers in men in many populations. These demographic
gradients provide a stable “substrate” upon which more proximal clinical signals are
layered [4].

Several of the most influential ICD-coded features, for example, R22 (localized
swelling/mass), R13 (dysphagia), R64 (cachexia), and C77 (secondary malignant neoplasm
of lymph nodes), are best interpreted not as etiologic risk factors but as pre-diagnostic man-
ifestations or diagnostic-workup correlates. This distinction is not semantic; it determines
how the model should be used. A neck mass in an adult is widely treated as malignant until
proven otherwise, and guidelines emphasize timely workup because delays worsen stage
and prognosis [41]. Dysphagia and weight loss similarly sit within suspected head and neck
cancer referral logic in many systems, and cachexia is a recognized systemic syndrome that
is particularly relevant in head and neck cancers because of their direct impact on nutrition
and swallowing [42]. The SHAP beeswarm demonstrated that when these features were
“high” (i.e., present), their SHAP contributions were almost exclusively positive and often
large, indicating a consistent propensity to raise predicted hazard across patients.

Individual SHAP waterfalls make the clinical meaning of model output more tangi-
ble. For a representative low-risk patient (f(x) = −2.923 versus baseline E[f(X)] ≈ −0.078),
younger age alone contributed −1.04 to the model’s log-risk score, and additional re-
ductions came from lower MCV (−0.28) and absence of high-salience symptom codes.
Conversely, in a high-risk patient (f(x) = 7.416), the dominant increments were attributable
to R22 (+1.70) and C77 (+1.52), followed by R13 (+0.80) and R64 (+0.78), illustrating a
pattern consistent with “symptom cluster” recognition: mass + nodal involvement + dys-
phagia + systemic wasting yields a strong hazard signal. This is the kind of explanation
clinicians can audit and act upon if the timeline of feature capture is valid.

The Cox proportional hazards forest plot complements SHAP by offering an inter-
pretable, parametric perspective on association magnitude (hazard ratios) and uncertainty.
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Notably, codes such as R22 and C77 exhibited among the highest hazard ratios (point
estimates severalfold above 1), aligning with their large positive SHAP effects and rein-
forcing that these features are not only influential in the nonlinear model but also strongly
associated with the event in a simpler framework. Divergences between SHAP importance
and Cox hazard ratios are expected and informative: SHAP importance reflects a feature’s
average contribution to prediction given its distribution, prevalence, and interactions,
whereas Cox hazard ratios reflect an average log-linear association, often insensitive to
threshold effects or interactions. Methodologically, using both views reduces the risk of
over-interpreting either: SHAP guards against “HR tunnel vision,” while Cox provides
effect-direction sanity checks and confidence intervals for clinical communication [43].

4.3. Validity, Bias, and Leakage Considerations

Several factors strengthen internal validity: the cohort size, the survival formulation
(respecting censoring), and the convergence of findings across SHAP and Cox. However,
three methodological challenges require explicit, reviewer-proof framing.

First, the extreme class imbalance (0.31% events) means that discrimination metrics
alone can appear impressive while still yielding low positive predictive value at practical
thresholds. C-index interpretation in particular must be cautious: the concordance index
can overstate practical clinical utility and is sensitive to censoring structure and evalu-
ation design; recent methodological work highlights common pitfalls and recommends
complementary performance reporting beyond a single discrimination number [44].

Second, proportional hazards assumptions deserve attention. Although gradient boost-
ing with a Cox partial likelihood relaxes linearity through nonlinear function approximation,
it still operates within a proportional hazards framework (risk scores map to a multiplica-
tive hazard). For some predictors, symptom codes that may surge shortly before diagnosis,
effects may be time-dependent in reality. Future evaluations should therefore include
time-varying effect diagnostics (e.g., Schoenfeld residual tests for Cox; time-dependent
performance and calibration for ML), and, if non-proportionality is substantial, consider
alternative objectives (e.g., discrete-time hazards) or dynamic prediction approaches.

A key methodological consideration is the potential for label leakage associated with
the use of ICD coded predictors. Diagnostic codes recorded in temporal proximity to the
outcome may inadvertently contain information related to the disease process, thereby
inflating apparent model performance while limiting real world applicability. Recent
evidence has highlighted this risk in EHR based prediction models, emphasizing the impor-
tance of ensuring appropriate temporal separation between predictors and outcomes [45].
In our context, codes such as C77 (nodal metastasis) or symptom clusters that trigger
rapid diagnostic escalation may be recorded very near the cancer diagnosis date; if the
modelling pipeline allows information recorded in the diagnostic workup window to enter
the feature set, the model is partly predicting “impending documentation” rather than
earlier latent disease risk. This concern is not a fatal flaw. Indeed, near term detection can
be clinically valuable, but it must be presented transparently and mitigated empirically.
It is therefore important to distinguish predictive markers identified by the models from
causal risk factors for HNC. Highly ranked ICD-10 diagnoses such as C77, R22, R13, and
R64 likely represent manifestations of disease progression or components of the diagnostic
work-up rather than independent etiological factors. Their prominence should therefore be
interpreted as reflecting predictive utility within longitudinal electronic health record data
rather than a causal role in HNC development.

To further evaluate the potential impact of temporal leakage, we performed a targeted
sensitivity analysis by excluding the diagnoses considered most likely to represent symp-
toms, metastatic disease, or diagnostic work-up occurring shortly before cancer diagnosis.
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Although model discrimination decreased across all modelling approaches, the reduction
was moderate and calibration remained essentially unchanged. These findings suggest that
while such diagnoses contributed predictive information, the observed performance cannot
be explained solely by these temporally proximal clinical events. Nevertheless, because
the available data were aggregated at yearly resolution, residual temporal leakage cannot
be completely excluded, and future studies using finer-grained longitudinal data should
evaluate alternative exclusion-window strategies.

Although the present sensitivity analysis provides empirical evidence that the models
do not rely exclusively on these potentially leakage-prone diagnoses, additional method-
ological safeguards could further strengthen future studies. In particular, analyses based
on finer-grained temporal information would enable implementation of explicit exclusion
windows (e.g., 3-, 6-, or 12-month intervals before diagnosis), assessment of time-dependent
predictor effects, and modelling of diagnostic trajectories rather than simple code occur-
rence. Such approaches would further reduce the possibility of residual temporal leakage
while improving clinical interpretability [46].

4.4. Real-World Translation

The central translational claim is not that the model functions as a screening tool for
the general population, but that it can support opportunistic, workflow embedded risk
stratification among patients already interacting with the healthcare system, where head
and neck cancers are frequently not recognized until advanced stages. This perspective is
supported by real world implementations of EHR integrated machine learning systems. For
example, the Sepsis Watch program demonstrated that an end-to-end pipeline including
automated data extraction, model based risk scoring, operational dashboards, and defined
clinical response protocols can be successfully implemented in routine care. However,
such implementation requires careful attention to governance, clinician engagement, and
continuous monitoring and refinement [23]. Prescience further illustrates that explainable
predictions can be delivered in real time and accompanied by patient-specific explanations
that clinicians can interpret, which is directly analogous to using SHAP to justify high-risk
flags in a dental or ENT pathway [24]. Kanbar and colleagues describe practical compo-
nents required to move from a research model to a deployed pipeline (data engineering,
validation, integration, maintenance), reinforcing that implementation is a socio-technical
process rather than a one-time model build [22].

Model interpretability should be framed not merely as a supplementary feature,
but as a critical component for safe and effective clinical implementation. SHAP based
explanations enable the identification of implausible or non-clinical drivers, such as admin-
istrative artifacts, facilitate targeted chart review, and support the calibration of decision
thresholds. In addition, interpretability enhances prospective evaluation by allowing de-
tailed examination of false positive predictions. Specifically, SHAP can help distinguish
between predictions driven by clinically meaningful symptom patterns, which may war-
rant further investigation, and those arising from spurious associations, which require
model refinement.

4.5. Strengths, Limitations, and Future Work

Major strengths include the scale and representativeness of the real-world cohort, the
use of time-to-event modelling appropriate for censoring, and the explicit interpretability
layer enabling global and individual-level insights. This is important in a Hungarian
setting where administrative health data enable near-population coverage and where early
mortality after diagnosis remains high [13].
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Key limitations are equally important to own proactively. The study is single-center
and retrospective, and the model’s strongest ICD predictors are plausibly enriched for near-
diagnostic signals; both can inflate apparent performance and limit transportability. These
limitations have concrete mitigation steps: external validation on independent Hungarian
centers or the national NHIF database; temporal validation (train on earlier years, test on
later years); leakage sensitivity analyses as described above; subgroup evaluation by age
and sex; and prospective silent-mode piloting to measure calibration drift and clinical bur-
den before activating alerts. Reporting should follow modern prediction-model guidance
(TRIPOD+AI) and should ideally include decision-analytic evaluations (decision curves,
net benefit) to link risk scores to clinical workload and harms. An additional limitation
is that study inclusion required at least one laboratory measurement, which may have
introduced selection bias by preferentially including patients undergoing more extensive
clinical evaluation. Although the overall prevalence of HNC remained broadly similar
throughout cohort assembly, baseline characteristics of included and excluded patients
were not formally compared and therefore this potential bias cannot be fully assessed.

5. Conclusions
Routinely collected electronic health record data can support accurate risk stratification

for head and neck cancers, as demonstrated by the high discriminatory performance of the
developed models. The incorporation of SHAP-based interpretability enabled transparent
characterization of model behaviour, facilitating clinically meaningful understanding of
the relative contributions of demographic, laboratory, and diagnosis-based features. The
predictive structure of the model reflects a combination of distal risk gradients and proximal
clinical signals, indicating that its primary utility lies in the early identification of high-risk
individuals within existing healthcare pathways rather than in etiological risk assessment.

These findings support the potential role of explainable machine learning models
as decision-support tools for opportunistic early detection. Future work should focus on
temporally robust validation, external generalizability, and prospective implementation
within clinical workflows to evaluate their impact on diagnostic timing, stage distribution,
and resource utilization.
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Revision (ICD-10) codes included in the present analyses and their corresponding clinical descriptions.
Supplementary Table S2. Predictive performance of survival models. Supplementary Table S3.
Comparison of predictive performance between the primary analysis and the two sensitivity analyses.
Comparison of predictive performance between the primary analysis and the two sensitivity analyses.
Sensitivity analysis 1 evaluated the effect of excluding ICD-10 codes C77, R22, R13, and R64 from the
predictor set. Sensitivity analysis 2 assessed potential feature-selection optimism by repeating elastic
net feature selection independently within each outer fold of a nested cross-validation procedure.
Supplementary Table S4. Characteristics of the three predicted risk groups derived from the CoxNet
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to their predicted risk scores. The table summarizes the number of patients, observed HNC events,
event rate, and the proportion of all HNC events captured within each risk group. Supplementary
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Calibration results for the CoxNet model. Calibration results for the CoxNet model at the 5-year
prediction horizon. Patients were stratified into five equally sized risk groups according to their
predicted risk scores. Calibration was assessed by comparing the mean predicted and observed
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horizon. Patients were stratified into five equally sized risk groups according to their predicted risk
scores. Calibration was assessed by comparing the mean predicted and observed 5-year HNC event
probabilities within each group. Supplementary Figure S1. Flowchart of the study dataset assembly.
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