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Exploratory immunomonitoring during
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Immunological biomarkers are increasingly relevant for personalized cancer treatment, but peripheral
blood-derived biomarkers are not yet used to guide therapy in head and neck squamous cell
carcinoma (HNSCC). The prospective non-randomized DIREKHT study (ClinicalTrials.gov:
NCT02528955, 2015-08-19) therefore integrated immunemonitoring into postoperative radio(chemo)
therapy (R(C)T) to explore blood-based biomarkers. In 70 oral cavity and oropharyngeal cancer
patients receiving curativeR(C)T, the peripheral immune statuswas assessed before and after therapy
and during follow-up by flow cytometry-based immunophenotyping of 45 immune parameters. A
machine learningworkflow identified predictors of disease-free survival (DFS), using Repeated Elastic
Net Technique (RENT) feature selection within repeated stratified K-fold cross-validation and nested
cross-validation for tuning and assessment. This approach identified a 29-parameter immune
signature from pre- and post-therapeutic profiles, with key contributors including HLA-DR+ T cells,
HLA-DR+monocytes, and basophils. The best model achieved a Matthews correlation coefficient of
0.681, with pre- and post-therapeutic parameters contributing equally, highlighting immune dynamics
during R(C)T. Adding clinical parameters did not improve performance (MCC = 0.678), but yielded a
comparable model integrating immune and clinical variables. Blood-based immune signatures may
have prognostic relevance for DFS after R(C)T in HNSCC. Validation in larger cohorts is required to
confirm clinical applicability and reduce the signature.

Tumors arising in the mucosal tissues of the head and neck region, such as
the oral cavity or the pharynx and larynx are referred to as head-and-neck
squamous cell carcinomas (HNSCC). Around 900,000 cases worldwide are
identified per year, and in Germany, around 50 out of 100,000 people are
diagnosed with HNSCC every year1,2. The main drivers of this cancer are
lifestyle factors such as the consumptionof alcohol and tobaccoor infections

with oncogenic strains of the human papillomavirus (HPV)3. The global
incidence ofHNSCC is expected to rise by around 30% in 2030.This trend is
driven mainly by increasing HPV-related HNSCC cases and persistent
alcohol and tobacco consumption in developing countries. In industrialized
nations such as Germany and the United States, the HPV-related cases are
also rising, whereas the rate of tobacco- and alcohol-related HNSCC is
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declining1. HNSCC is a heterogeneous tumor disease and is often diagnosed
at locally advanced disease stages. Thus, treatment is complex and includes
various treatment modalities such as surgery, radiation therapy (RT), che-
motherapy (CT) and immunotherapy (IT) with immune checkpoint inhi-
bitors (ICIs)3.

Immunological biomarkers are becoming increasingly important in
personalized treatment approaches for cancer4,5. The successful integration
of ICIs as a therapeutic option in HNSCC, points to the importance of
analyzing the role of the immune system in this cancer entity6. In the
palliative situation, ICIs are standard of care inHNSCC,whereas in patients
undergoing definitive curative radio-(chemo)therapy (R(C)T),most studies
so far failed to demonstrate a benefit of adding IT to R(C)T7,8. In the peri-
operative and postoperative situation, several studies showed a clinical
benefit of adding ICI to R(C)T in locally advanced HNSCC with pro-
grammed death-ligand 1(PD-L1) expression and a combined positive score
≥1%9,10 and perioperative Pembrolizumab in resectable HNSCCwith a PD-
L1 CPS ≥1% is the standard of care. Currently, the only validated and
clinically applied immunological biomarker for ICI therapy in HNSCC is
the expression of PD-L1 on tumor cells. Thismarker relies on analyses from
tumor biopsies, which are difficult to obtain longitudinally. Also, the PD-L1
expression on tumor cells has other shortcomings that limit its significance
as a biomarker, including only amoderate correlation with the outcomes of
patients and a dynamic expression of PD-L1 that might be influenced by
previous treatments such as RT andCT11. Further, the validity of the PD-L1
expression is strongly dependent on the immunological context and thus,
other parameters such as T cell infiltration and density or the co-expression
of alternative checkpoints like T-cell immunoglobulin and mucin-domain
containing-3 (TIM-3) or Lymphocyte-activation gene 3 (LAG-3) should be
considered6,7,12.

Liquid biopsies that can be obtained from peripheral blood enable the
acquisition of a set of immune markers, including various cell types and
activation and immune checkpoint markers. They are also available long-
itudinally throughout the course of therapy, potentially capturing
treatment-induced changes in the immune status13,14. In addition, ther-
apeutic biomarkers are essential, particularly in immunotherapy regimens
(e.g. Keynote 689 trial), to accurately predict potentially serious side effects9.
In line with that, predictive immune cell populations could be identified in
previous analyses of HNSCC patients receiving ICI therapy for locally
advanced or metastasized disease states. In these studies, monocytes, cyto-
toxic T cells, plasmacytoid dendritic cells and granulocytes, especially the
neutrophilic granulocytes, predicted the patient outcome4,15.

These studies, however, focused only on advancedHNSCCdisease
stages and patients receiving ICI therapy. Nonetheless, the analysis of
the longitudinal immune status of patients who receive R(C)T, also in
less advanced disease stages, is of major importance16. It is well-known
that RT and CT modulate the immune system and the anti-tumoral
immune response17,18, and that many patients receiving ICIs have
previously undergone treatment modalities such as R(C)T19,20. Thus,
the predictive power of the R(C)T-induced immune modulations
needs to be unraveled.

To address these issues and to define immunological biomarkers for
HNSCC, the prospective DIREKHT study (NCT02528955) integrated a
translational research program, in which the longitudinal immune status of
HNSCC patients was monitored throughout their treatment with R(C)T.
The aim was to identify predictive immune signatures from the peripheral
blood of patients for prognosis and therapy optimization of HNSCC.

Results
The best predictive model is built from the longitudinal immu-
nological dataset alone
Before developing predictive models using the ML pipeline, a principal
component (PCA) and subsequent Analysis of Variance (ANOVA) were
applied to test for systematic differences in the immune status of patients in
study arms B and C, either at baseline (T1) or after therapy (T2). Further
details on the PCA and ANOVA and the respective results can be found in
the supplementary material and Supplementary Fig. 1 & Supplementary
Table 1. No differences in the immune status of both patient cohorts were
found, justifying combining the cohorts for modeling.

Theperformance of the predictivemodels based on the immunological
datasets T1 and T2, and the clinical dataset are summarized in Fig. 1 and
Table 1. First, the immunological datasets alone were used for training and
validation (Fig. 1a).Modelingwith the pre-therapeutic immune status alone
(XT1) led to a model performance of MCC= 0.165 with SVC. A higher
model performancewas achievedwhen the post-therapeutic immune status
dataset (XT2) was used. Here, LR resulted in an MCC= 0.492. To consider
the dynamics of the immune status during therapy, we next trained the
model on the differences between the immune variables from the pre- to the
post-therapeutic evaluation (XdiffT1T2), resulting in a further increase in
model performance to an MCC= 0.578. Finally, the complete immunolo-
gical dataset containing all variables from the pre- and post-therapeutic
immune status (XT1T2) achieved the highest performance of MCC = 0.681
using LR.

Fig. 1 | Performance of the predictive models
trained on different dataset combinations. Differ-
ent combinations of the immunological and clinical
datasetswereused to trainmachine learningmodels for
the prediction of disease-free survival. Model perfor-
mance is given by the metrics Matthews correlation
coefficient (MCC). T1 denotes the pre-therapeutic
immunological dataset, and T2 denotes the post-
therapeutic immunological dataset. Light blue rec-
tangles indicate T1 data, dark blue rectangles indicate
T2 data, hatched blue rectangles indicate the T1–T2
dataset, and green rectangles indicate clinical data.
White rectangles summarize the best-performing
machine learning algorithm (support vector machine
(SVM), logistic regression (LR), extreme gradient
boosting (XGB)), the number of selected variables, and
the corresponding MCC value for each dataset com-
bination. In (a), the models were trained using
immunological datasets only, including T1, T2, T1–T2,
and the combined T1 plus T2 dataset. In (b), models
were trainedusing clinical data aloneor in combination
with the immunological datasets T1 and/or T2.
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Models based on the clinical data (Xclin) alone were also assessed (Fig.
1b), but achieved lower performance (MCC= 0.433 for LR). A small
increase in the model performance was obtained when the clinical dataset
was combined with the pre-therapeutic immune status (XclinT1). XGB
performed best with an MCC= 0.446. The combination of the clinical
dataset with the post-therapeutic immune status (XclinT2) resulted in a
strong increase of performance (MCC = 0.678). Finally, the combination of
the clinical data with the immunological data of T1 and T2 (XclinT1T2)
resulted in lower performance (MCC = 0.450).

When comparing the predictive performance of models trained on
different combinations of the datasets, it is apparent that themodel based on
immunological data of both the pre- and post-therapeutic immune status
(T1 & T2) achieved the highest test performance in the nested cross-
validation. Further, the inclusion of both the pre- and post-therapeutic
immune status data was necessary to build the highest-performing model.
Models trainedon thepre-or post-therapeutic immune status alone showed
weaker performance. The addition of clinical data did not further increase
the model performance. However, the model built on clinical data and the
post-therapeutic immune status alone nearly reached the same model
performance as the model based on the pre- and post-therapeutic immune
status (MCC= 0.681 vs. MCC= 0.678).

The predictive immune signature consisted of several innate and
adaptive cell types
The highest-performingmodel, based on the immunological data of T1 and
T2, consistedof 29predictive immunevariables shown in theBeeswarmplot
generated with the SHAP package21 (Fig. 2a). Out of these variables, 13
originated from the post-therapeutic immune status (T2), while the
remaining 16 variables were derived from the pre-therapeutic immune
status (T1) of the patients.

The variables are sorted by variable importance in the Beeswarm plot
with the least important variables at the bottom and the most important at
the top.Thefivevariableswith thehighest importance formodel predictions
were primarily innate immune parameters and also HLA-DR+T cells.
TheseTcells had thehighest variable importance andhighvalues (red color)
for this variable at the post-therapeutic time point pushed the patients
further towards disease progression. Also, high values for basophilic gran-
ulocytes and NKG2A+NK cells at the pre-therapeutic time point con-
tributed to disease progression. Two post-therapeutic immune status
monocyte-related variables (HLA-DR+ monocytes and type 2 monocytes
(CD14low/CD16+)) were also important. In contrast to the other four
variables, the post-therapeutic type 2 monocytes (CD14low/CD16+) con-
tributed to disease-free survival (remission).

The less important variables consisted of other T cell-related variables,
both of the pre- and post-therapeutic immune status. These included the
Treg count at T2, the frequency of CD25+ T cells at T1 and at T2, and the
frequencyofTH2 cells beforeR(C)T.Manyof theT cell-associated variables
belonged to the CD4 T cell lineage. The cytotoxic T cells (CD8+), however,
were ranked as the least important variables (CD8+ T cells and CD8low
T cells at T1). Apart from theT cells, twoB cell-related parameters were also
important. Further, many innate immune cell variables contributed to the
model predictions.Moremonocyte andNK cell-related variables fromboth
time points, as well as granulocytic cells, were found to be important in
addition to basophils, the second most important variable. High counts of
pre-therapeutic eosinophils and low counts of post-therapeutic neutrophils
were associatedwith disease-free status. Finally, highpre-therapeutic counts
of myeloid-derived dendritic cells were coupled to disease progression.

The second highest-performing model, based on the clinical variables
and the post-therapeutic immune status, almost reached comparable MCC
as the solely immune-basedmodel. Out of 24 selected variables, 6 originated
from the clinical dataset. Clinical factors with highest to lowest relevance
were +/−CT, grading, American Joint Committee on Cancer (AJCC) sta-
ging, tumor site oropharynx or oral cavity, and the occurrence of a sec-
ondary malignancy. The administration of CT pushed the patients towards
remission. A low tumor grading was favorable as well, while a higher AJCCT
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staging was associated with disease-free status. Patients with oropharyngeal
tumorswere predicted to have a better outcome,while oral cavity as a tumor
locationwas associatedwithdisease progression.The immunecell types that
were described in detail above for the best-performing signature, were also
present in the signature XclinT1T2. The most important immunological
variable was HLA-DRlow+ T cells at T2. This variable was also the second
most important feature in the signature (Fig. 2b).

To assess the influence of model complexity given the limited number
of DFS events (only 8 recurrences in the total cohort of 70 patients), we
additionally evaluated the third-best-performing model XdiffT1T2 that is
based on 12 immune variables only. Although its performance was mod-
erately lower than that of the 29-feature model (MCC= 0.578 vs. MCC=
0.681), it remainedmeaningful, suggesting that thepredictive signalwasnot
solely driven by high-dimensional feature combinations. The retention of
several key immune parameters from the other twomodels further supports
the presence of a consistent set of immune cell types that are involved inRT-
driven immune modulation. In detail, Tregs, basophils, monocytes, and
Tcells appeared among the toppredictors in allmodels evaluated, indicating
the presence of a biologically relevant pattern. A SHAPplot of thismodel, as
well as a matrix that compares the predictive immune parameters between
all three models can be found in Supplementary Fig. 2A, B.

Discussion
It is currently well-known that R(C)T modulates the local tumor micro-
environment (TME) and the systemic immune status of patients19,20.
However, immunological biomarkers for HNSCC patients receiving R(C)T
based on the systemic immune status, e.g. fromperipheral blood, are scarce.
Thus, within the translational research program of the DIREKHT trial, we

aimed to define candidate immune parameters that are associated withDFS
in HNSCC patients receiving post-operative R(C)T.

A machine-learning-based workflow was used to identify predictive
parameters (variables) for DFS of the patients from immunological and
clinical data. Although the number of DFS events was limited, nested
cross‑validation provides a robust framework for estimating model per-
formance in such settings and is widely applied in high‑dimensional bio-
medical studies. In this context, the obtained performance values should be
interpreted as reflecting an underlying prognostic immune profile,
acknowledging that some variability is expected when event counts are low.
These findings therefore highlight biologically meaningful patterns though
not yet constituting evidence for clinical deployment.

The models were trained on different combinations of the pre-
therapeutic and post-therapeutic immune status of the patients and their
respective clinical data. The best-performingmodelwas based solely on pre-
and post-therapeutic immunological parameters. The inclusion of clinical
parameters did not further improve model performance (Fig. 1a, b and
Table 1). However, a model built on clinical parameters and the post-
therapeutic immune status reached comparable MCC. It needs to be con-
sidered that the clinical variables in this combinedmodelmay act as baseline
prognostic factors and that this model is intended as a contextual com-
parison, not evidence of additive predictive utility. In thismodel, the grading
of the tumor, the AJCC staging, the tumor location, the occurrence of a
secondary malignancy and whether the patients received CT were among
the predictive features, along with numerous immunological features (Fig.
2b). The grading and the staging of the tumor are important predictive
factors in the clinics, and thus, it is not surprising that they appear predictive
in themodelXclinT2. The impact of the variable tumor location is in linewith

Fig. 2 | SHAP plots summarizing the predictive parameters for disease-free
survival (DFS) in theDIREKHTpatient cohort.Thefigure shows ShapleyAdditive
Explanations (SHAP) summary plots for machine learning models predicting
disease-free survival (DFS). DFS = 0 indicates disease-free status, while DFS = 1
indicates disease progression or recurrence. a Shows the 29 immunological features
selected in the best-performing model (XT1T2). b Depicts the clinical and post-
therapeutic immunological variables selected in the second highest-performing
model (XclinT2). Variables are sorted on the y-axis by importance, with the most
important variables shown at the top. The x-axis shows the SHAP value, repre-
senting the impact of each variable on the model output. Negative SHAP values

indicate a shift towards remission / disease-free status, whereas positive SHAP values
indicate a shift towards disease progression. Each colored dot represents one patient.
Pink dots indicate high original variable values, and blue dots indicate low original
variable values. For binary clinical variables recorded as yes = 1 and no = 0, high
values indicate “yes”, while low values indicate “no”. T1 pre-therapeutic time point,
T2 post-therapeutic time point, HLA-DR human leukocyte antigen-DR isotype, CD
cluster of differentiation, NK natural killer, NKT natural killer T, Tregs regulatory
T cells, TH2 T helper 2, DCs dendritic cells, PD-1 programmed cell death protein 1,
NKG2A natural killer group 2A, AJCC American Joint Committee on Cancer, y/n
yes/no, tumor loc. tumor localization.
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the previously published clinical results of the DIREKHT trial, where a
higher locoregional recurrence rate was found in patients with oral cavity
tumors22. Recently, an updated combined long-term analysis of the RTOG
9501/EORTC 22931 trials found that adding CT to post-operative RT
improvedOS inHNSCCpatients. This benefit was not limited to extranodal
extension or positive resection margins23. In accordance, the simultaneous
administrationofCTwashighlypredictive of a longerDFS in this analysis of
theDIREKHTpatient cohort. In theDIREKHT studyCTwas administered
according to current guidelines and only applied in patients with high-risk
features. Therefore, the here presented analysis is a strong indication that
simultaneous CT improves the survival of HNSCC patients undergoing
postoperative RT. The AJCC staging was an important feature for the
prediction of the DFS. However, it is puzzling that a higher staging was
correlated with higher remission rates in patients. This might be attributed
to less advanced oral cavity tumors compared to more advanced orophar-
yngeal tumors in a non-randomized clinical phase-2 trial, which indicates a
confounding factor.

Other clinical variables, such as HPV status, are also well-known pre-
dictive factors for the outcome of HNSCC patients24. Thus, it was surprising
that these clinical parameters did not appear in the highest-performing
models. One reason for this findingmight be the fact that prognostic clinical
parameters such as HPV status, have an impact on the patients’ immune
system and might thus be encoded in the patients’ immune status. Indeed,
HPV+ tumors are known to have higher T cell infiltration and stronger
Interferon γ signatures25,26, supporting the theory that HPV status-related
information can be found in the peripheral immune status. Consequently,
this might be a reason why the best-performing model was built alone on
immunological data. The high predictive power of the immune status alone
might also be explained by the fact that many of the clinical parameters
evaluated here, such as age or gender, are static factors. The immune status
however, can reflect the dynamics of the disease progression and the course
of treatment,making the immunological parametersmore conclusive for the
prediction of the outcome of the patients15,20,27. In line with that, we found
that the integration of the pre- and post-therapeutic immune status has led
to the best-performing predictivemodel in this investigation (Figs. 1 and 2).
Since R(C)T can induce immune-stimulating and immune suppressive
effects, the dynamics of the immune status during the course of therapy can
mirror the individual capacity for immune regeneration or adaptation after
R(C)T20. In line with that, the prognostic impact of the modulation of post-
RT immune parameters such as the neutrophil-to-lymphocyte ratio (NLR)
has already been confirmed in different studies on HNSCC28,29. Further, the
model built on the post-therapeutic immune status alone led to a reasonable
model performance (MCC= 0.492), while the pre-therapeutic immune
status alone resulted in a poor-performing model (MCC= 0.165) (Fig. 1 &
Table 1). This finding further supports the hypothesis that the therapy-
induced immune modulation mirrors the individual capacity for immune
regeneration and adaptation and is thus of major importance for good
prognostic performance.

The immune signature presented here consists of different innate and
adaptive immune cell parameters (Fig. 2a). Among the fivemost important
immune parameters were pre-therapeutic HLA-DR+ T cells, basophilic
granulocytes and NKG2A+NK cells, and post-therapeutic HLA-DR+
monocytes and Type 2 monocytes. In accordance with HLA-DR+ T cells
being most important, further T cell-related parameters were part of the
signature, such as pre- and post-therapeutic CD25(high)+ T cells. High
values of these parameters were associated with disease progression. Even
though HLA-DR and CD25 can generally be considered as activation
markers of T cells, the role of these cells in the context of HNSCC is not yet
well characterized. In a studyonoral SCC, a highHLA-DR+ expressionwas
found especially on PD1-tumor infiltrating lymphocytes (TILs)30. In the
CheckRad-CD8 (NCT03426657) trial, HLA-DR+ T cells have also been
found predictive for HNSCC patients receiving induction chemo-
immunotherapy15. CD25 is also highly expressed on Treg cells, which are
well known to suppress anti-tumor T cell responses31. Consistent with that,
Tregs were also part of the here presented immune signature.

Further, several monocyte-related variables have been found to be
associated with the DFS. HLA-DR expression on monocytes has been
characterized as a predictive parameter in different cancer entities and
treatmentmodalities, aswell as inHNSCC4,32,33.Monocytes expressingnoor
low-level HLA-DR are generally considered mediators of tumor-induced
immune suppression and can be grouped with the myeloid-derived sup-
pressor cells34. In the proposed signature, high values for HLA-DR+
monocytes at T1were favorable, while at T2 these cells were associated with
disease progression. This fact further stresses that the dynamics of the
immune status need to be considered in predictivemodels. These dynamics
are also depicted in the prospective ImmunBioKHT trial, where immune
monitoring revealed that the HLA-DR expression on monocytes was
downregulated in HNSCC patients after RT35.

Moreover, several NK cell-related variables were present the signature.
NK cells are also known to have a prognostic impact in the HNSCCTME36.
In addition, in peripheral blood,NKcells were found to be predictive as well
in an HNSCC cohort undergoing induction chemo-immunotherapy15. In
the prospective ST-ICI01 (NCT03453892) trial, NKT cells predicted a
favorable outcome inmetastatic NSCLC andHNSCCpatients receiving ICI
therapy4. Regarding the totalNKcell count in our study, high numbers at T1
pushed the patients further towards progression, while high counts at T2
were associatedwith disease-free status. Oncemore, this finding stresses the
importance of the dynamics of the immune status.

All granulocytic cell types, the basophils, eosinophils and the neu-
trophils were among the immune cell variables associated with DFS.
Nowadays, the NLR is established as a predictive marker in different tumor
entities, including HNSCC29,37. Similarly, low neutrophil counts were
associated with disease-free status in our signature. Further, in a prospective
study on metastatic HNSCC patients receiving ICI therapy, low eosinophil
counts were associated with a favorable outcome38. However, in our sig-
nature, high eosinophil counts before R(C)T were favorable for disease-free
status. These discrepancies might also be explained by the different disease
stages of the patient collectives or the fact that most of the immune mon-
itoring studies discussed here focused on ICI therapy, while our analyses
wereperformedonpatients receivingR(C)T. Finally, basophils are a rare cell
type in peripheral blood; nonetheless, they were among themost important
variables in our signature. Current reports repeatedly highlight basophilic
granulocytes as markers for predicting side effects, mostly immune-related
adverse events (IrAE)39,40. Further, a comprehensive analysis of the immune
composition in theTMEofHNSCCshowed that basophilswere enriched in
theTMEofHPV+ tumors41.High counts at T1were associatedwith disease
progression, while high counts post-RT were favorable. In accordance, the
CheckRad-CD8 trial revealed that changes in the basophil count (alongside
neutrophils, NK cells, and monocytes) pre- to post-induction che-
moimmunotherapy were predictive for a pathological complete response
(pCR)15. In other tumor entities, such as brain tumors, pre-therapeutically
low basophil counts predicted a high risk for human cytomegalovirus-
associated encephalopathy during R(C)T42.

Given the small number of DFS events in this cohort, the risk of
overfitting and model instability is a central limitation of the present ana-
lysis, particularly for higher-dimensional models. To explore the stability of
the identified immune signatures (see Fig. 2 and Supplementary Fig. 2A, B),
we compared the top three models using SHAP‑based feature summaries.
The third best-performing model XdiffT1T2 is more parsimonious and
incorporated only 12 immune parameters, while retaining a substantial
proportion of the predictive performance. While this reduced model does
not overcome the limitation imposed by the small event number, it suggests
that the observed associations are not solely dependent on a large and
potentially unstable set of predictors. Across all threemodels (XT1T2,XclinT2,
and XdiffT1T2), a consistent subset of immune cell populations contributed
most strongly to model output. Specifically, six variables representing four
immune cell types (Tregs, basophils, monocytes, and T cells) appeared
among the top predictors across the threemodels (Supplementary Fig. 2B).
It is worth mentioning that this convergence emerged across the repeated
refitting inherent to nested cross‑validation, even in the presence of
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relatively few DFS events. The recurrence of the same immune features
across independent resampling folds suggests an internally consistent bio-
logical mechanism that aligns with known immunological mechanisms in
this clinical context. While this consistency does not substitute for external
validation, it provides exploratory evidence of a potentially robust under-
lying immune signature that likely reflects biologically relevant cell types in
this therapeutic setting.

In summary, the presented signature, comprising 29 innate and
adaptive immune variables frompre- and post-treatment time points, offers
valuable insights into the immunological landscape and dynamic changes
during R(C)T in patients with oral cavity and oropharyngeal cancer
undergoing postoperative R(C)T. Moreover, it once again highlights that
classical clinical staging and clinical parameters should be combined with
comprehensive biological signatures to improve prognostic assessment.
Nonetheless and importantly, the presented signatures should be inter-
preted as exploratory and hypothesis-generating, and their apparent per-
formance and feature composition require validation in independent
cohorts before any conclusions regarding generalizability or clinical utility
can be drawn. While the complexity of the signature is currently limiting
clinical applicability, it highlights key immune cell types involved in treat-
ment response. In the future, a model that ideally combines key clinical and
immunological parameters could be used in clinical routine to identify
patients with an increased risk of recurrence. One possible consequence
could be that these patients receive more frequent follow-up examinations.
Based solely on clinical parameters and PD-L1 expression, it is currently
difficult to predict the response to checkpoint inhibitor therapy. Therefore,
comprehensive immune signatures in combination with clinical char-
acteristics could help identify patients who would benefit from immu-
notherapy after R(C)T and furthermore predict, in time, upcoming side-
effects. The immune cell types identified across all signatures presented here
(Tregs, basophils, monocytes, and T cells) represent promising candidates
for mediating RT-induced immune modulation. This exploratory analysis
lays the groundwork for futuremechanistic studies aimed at elucidating the
role of these immune cells during RT in HNSCC. The analysis in this study
was based on a limited dataset (N = 70), with few recurrence events (N = 8),
and even nested cross-validation cannot fully mitigate overfitting in such a
low-event setting, but the data were generated in a prospective setting.
Nevertheless, the apparent stability across the folds does not imply gen-
eralizability. Still, this model demonstrates once more the increasing role of
artificial intelligence-based methods, such as machine learning, in the field
of radiation oncology and a key role of the dynamics of therapy-induced
immune alteration for the future definition of predictive signatures. Future
validation in larger, independent cohorts will be essential to refine the sig-
nature toward a more compact and clinically applicable tool43,44. The
ongoing DIREKHT02 (NCT06030440) trial, which was initiated in 2024,
will provide a crucial dataset for this purpose.

Methods
Design of the DIREKHT-01 trial
The DIREKHT-01 trial (registered at ClinicalTrials.gov on 2015-08-19:
NCT02528955) is a non-randomized prospective multicenter phase II trial
initiated in October 2014 at the Universitätsklinikum Erlangen and com-
pleted in October 2021. The study was conducted in accordance with the
DeclarationofHelsinki and approvalwas grantedby the institutional review
board of the Friedrich-Alexander-Universität Erlangen-Nürnberg
(No.195_14B). The DIREKHT01 trial was conducted in a multicentric set-
up. For all participating centers, approval of the study was granted by the
respective local institutional review board (institutional review board of the
Universität Regensburg, institutional review board of the Land Berlin,
institutional review board of the Landesärztekammer Baden-Württemberg,
institutional review board of the Fachbereich Humanmedizin of the Uni-
versität Marburg & Universitätsklinikum Gießen & Marburg, institutional
review board of the Universität Frankfurt am Main, institutional review
board of the Sächsische Landesärztkammer, institutional review board of
the Ordensklinikum Linz Krankenhaus der Barmherzigen Schwestern

Linz). Informed consent was obtained from all patients. The trial aimed to
investigate whether an individual de-escalation of the RT dose and volume
in selected patients with HNSCC after surgery was able to reduce late
toxicitywithout impacting the oncological outcome, defined as locoregional
control.

The patients selected should either have a low risk for local recurrence
or a low risk for contralateral neckmetastases. Detailed eligibility criteria are
published in Haderlein et al.22,45. Based on the individual risk factors, the
patients were stratified into three different de-intensification schemes: A)
Dose reduction in the primary tumor region to 56 Gy (n = 7), B) Omitting
the elective contralateral neck (n = 95), C) Dose reduction at the primary
tumor region and omitting the contralateral elective neck (n = 85). The
patients received concurrent CT with 5-Fluorouracil (5-FU) and cisplatin
according to ARO96-3 trial and, if cisplatin-ineligible, carboplatin with
5-FU. Details on CT administration, patient stratification, target volume
definition, dose prescription and RT planning can be found elsewhere22,45.
Table 2 shows detailed characteristics of the patient cohort.

The primary endpoint was the locoregional recurrence rate after two
years, while secondary endpoints were overall and disease-free survival (OS
& DFS) and late toxicity. The results of the above-mentioned clinical end-
points have already been published. The trial met its primary objective. The
de-intensification of RT in the pre-defined patient population did not
increase the risk of locoregional recurrence, while leading to a favorable
toxicity profile22.

Translational immune monitoring program in the DIREKHT-
01 trial
To gain insights into the impact of R(C)T on the immune status of the
patients and to define predictive immune signatures from peripheral blood,
a translational research program was conducted within the DIREKHT-
01 trial.

Therefore, longitudinal immunophenotyping was performed before
(T1) and after R(C)T (T2), as well as two (T3) and four months after
completion of RT (T4) at the follow-up examinations. The immunophe-
notyping was based on a detailed, flow cytometry-based assay processed
directly fromwhole bloodwithin 24 h after the bloodwithdrawal. The assay
enables discrimination of 34 immune cell subtypes and their respective
activation status,finally leading to a total of 45 immunological parameters in
total permeasurement. The detailed protocol and gating strategy have been
published elsewhere46. The assaywas performedon aGalliosflow cytometer
(Beckman Coulter) in the standard filter configuration. For data analysis,
the Kaluza Flow Analysis software (Beckman Coulter) was used. Microsoft
Excel 2016 was used for further analysis of the flow data, such as the cal-
culation of absolute cell counts.

Principal component analysis
Principal component analysis (PCA)47 is a dimension reduction technique
that transforms the information contained in a dataset X, with potentially
many variables into a few uncorrelated latent variables. These latent vari-
ables, also commonly known as components, are linear combinations of the
original variables in X. For each component, PCA provides scores, loadings
and the amount of total variance explained by the component. Each row in
X, i.e. each patient in this study, has its own component score, which can be
visualized in PCA score plots and used in further analysis.

In this study, PCA in combination with one-factor ANOVA (analysis
of variance) was used to assess whether there were statistically significant
differences between patients in therapy arms B and C based on their
immune status. This was done in the following way: (I) apply PCA to the
dataset (datasets T1 (XT1) and T2 (XT2)) to acquire component scores for
each patient in all computed components; (II) for each component a one-
factor ANOVA was performed on the scores, with the therapy arm (B and
C) as the factor. Based on the resulting p-value, the statistical significance of
differences between the patients in the two therapy armswas evaluated. The
results on the principal component analysis are reported in the
Supplementary file.
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Datasets for training of machine learning models
Sinceonly 7patientswere recruited inArmA(dose reduction in theprimary
tumor region), the analyses were performed on the datasets obtained from
patients recruited in Arm B and Arm C. For subsequent analyses, clinical
data (patient-/tumor- and therapy-related information like tumor site,
HPV-status) as well as longitudinal immunophenotyping data and patient
outcome measures (DFS) were used. Due to very few immunological
measurements atT3 andT4 (follow-up), only the immunological datasets of
T1 and T2 (before and after R(C)T) were considered for the analyses. Both
immunological datasets (T1 & T2) were available from 70 patients after the
exclusion of patients withmissing data. This means that 56 patients of Arm
B and 14 patients of ArmCwere included in themodeling. DFSwas used as

the target variable in all machine-learning (ML) models. In Arm B, 48
patients had no disease progression during the follow-up time (DFS = 0),
while 8 patients had a disease progression (DFS = 1). In Arm C, all 14
patients remained disease-free during the follow-up (DFS = 0) (Fig. 3a).

Consequently, the input variables for the machine learning workflow
were based on three datasets: the immunological dataset at T1&T2, and the
clinical dataset. These three datasets were combined in various ways and
used to trainmachine learningmodels. Table 3 andFig. 1a, b showall dataset
combinations used in the process.

Machine learning pipeline
TheMLworkflow(Fig. 3b, c)was designed topredict the target variableDFS
(DFS = 1 representing recurrence; DFS = 0 representing disease-free survi-
val) from several input variables, and, as such is defined as a binary classi-
ficationproblem.The aimwas to acquire amodel that predictsDFS and also
identifies important variables in the model and subsequently links that
information to underlying biological processes.

As illustrated in Fig. 3b, c, the machine learning pipeline conceptually
consisted of the following sequential steps: First, variable selection using
Repeated Elastic Net Feature Selection (RENT)48,49, then the construction of
a variable selection frequency table and finally a nested cross-validation50,51

of machine learning models and computation of several classification per-
formance metrics. Each of the datasets described in the section above and
shown in Table 3 was submitted to this machine learning pipeline.

In the first step of theMLpipeline, variable selectionwas applied to the
data stored in the full dataset X (step 1 in Fig. 3b). This was conducted by
integrating RENT into a repeated stratified K-fold cross-validation scheme
that utilized 4 folds and was repeated 5 times. For each repetition, patients
were randomly assigned to 4 folds (subsets), ensuring the class ratio between
DFS = 1 andDFS = 0was preserved across all folds. RENTwas then applied
to thepatients in three training folds (gray) andmodel performancewith the
selectedvariableswas evaluatedbypredicting theDFS forpatients inone test
fold (green). Given the 4 folds and 5 repetitions, a total of 20 RENT variable
selections were performed.

From these results, a variable selection frequency table was constructed
by counting how often each variable was selected across the 20 RENT
variable selections (step 2 in Fig. 3b). The selection frequency may be
interpreted as a measure of variable importance, which implies that a
variable that was selected 20 times should be considered as important, while
less important or non-important variables would exhibit lower or zero
selection frequency, respectively. Based on this selection frequency, the
variables to be included in the machine learning models, i.e., the reduced
dataset Xred, were determined.

In the last step (Fig. 3c), models were trained with the following
machine learning algorithms on the datasets Xred containing only variables
selected by RENT: logistic regression (LR)52, support vector classifier
(SVC)53 and extreme gradient boosting (XGB)54. All models were evaluated
using nested cross-validation50,51 to mitigate overfitting and to obtain per-
formance estimates that are unbiased with respect to hyperparameter
optimization. Nested cross‑validation is well established for high‑dimen-
sional biomedical datasets, including settings with limited event counts55,56

and provides a principled framework for estimating model performance.
Nevertheless, performance metrics derived from sparse‑event data may
exhibit greater variability, and the present results should therefore be viewed
as highlighting potentially informative immune signatures rather than
establishing definitive predictive accuracy.

The outer loop of the nested cross-validation was executed as a repe-
ated stratified K-fold cross-validation, utilizing 4 folds and was repeated 5
times.Within theouter loop,modelswere trainedon the training folds (dark
blue) using optimal algorithm hyperparameters determined by the inner
loop of the nested cross-validation. The final performance was computed
using the outer loop test folds (brown). The inner loop also employed
repeated stratified K-fold cross-validation (4 folds, 25 repetitions) on the
outer loop training folds (dark blue). The Optuna package57 was applied to
identify the optimal algorithm hyperparameters.

Table 2 | Patient characteristics of the DIREKHT01 cohort

Characteristics Number of patients
n = 70 (%)

Sex Male 52 (74.3%)

Female 18 (25.7%)

Age at diagnosis, years Median 59.5

Tumor location Oral cavity 21 (30.0%)

Oropharynx 48 (68.6%)

Larynx 1 (1.4%)

AJCC classification (TNM 7th
edition)

II 1 (1.4%)

III 34 (48.6%)

IVa 35 (50.0%)

pT classification T1 22 (31.4%)

T2 34 (48.6%)

T3 14 (20.0%)

pN classification N0 8 (11.4%)

N1 27 (38.6%)

N2a 14 (20.0%)

N2b 21(30.0%)

Extranodal extension (ENE) Yes 16 (22.9%)

No 54 (77.1%)

Lymphangiosis L0 61 (87.1%)

L1 9 (12.9%)

Hemangiosis V0 67 (95.7%)

V1 3 (4.3%)

Perineural invasion Yes 10 (14.3%)

No 60 (85.7%)

Grading G1 2 (2.9%)

G2 21 (30.0%)

G3 47 (67.1%)

Unknown 0 (0%)

Midline infiltration Yes 9 (12.9%)

No 61 (87.1%)

Resection margin ≥1mm, <5mm 33 (47.1%)

≥5mm 37 (52.9%)

HPV (only oropharyngeal cancer) Positive 42 (60.0%)

Negative 5 (7.1%)

Not defined 1 (1.4%)

Neck dissection Only ipsilateral 28 (40.0%)

Bilateral 42 (60.0)

Concurrent chemotherapy Yes 30 (42.9%)

No 40 (57.1%)
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Fig. 3 |Workflow for training and validatingmachine learningmodels to predict
disease-free survival (DFS). The data of a cohort of N = 70 patients from therapy
arms B & C was used in the machine learning (ML) workflow. DFS = 0 indicates no
DFS event and DFS = 1 indicates a DFS event. N denotes the number of patients and
Σ denotes the total number of patients peer row or column (a). The blue box (labeled
X) represents the different input dataset combinations that are presented in Table 1.
The variable selection using Repeated Elastic Net Technique (RENT) to create a
variable selection frequency table is depicted in (b). In the RENT procedure, green
rectangles indicate test folds, and gray rectangles indicate folds used for training.
Patients were shuffled and the procedure was repeated five times. Variables were
selected according to their selection frequency, with a maximum possible frequency

of 20 and a minimum frequency threshold of 0. The resulting reduced dataset is
shown as the orange rectangle labeled Xred. The reduced dataset Xred was used to
train differentmachine learning algorithms (support vectormachine (SVM), logistic
regression (LR), extreme gradient boosting (XGB)). Model evaluation was per-
formed using nested cross-validation. In the outer cross-validation loop, dark blue
rectangles indicate outer-loop training folds, and yellow rectangles indicate outer-
loop test folds. In the inner cross-validation loop, purple rectangles indicate inner-
loop training folds, while light blue rectangles indicate inner-loop validation folds.
The red dashed line indicates the outer loop, and the blue dashed outline depicts the
inner loop used for hyperparameter optimization. Model performance was eval-
uated using different performance metrics (c).

Table 3 | Definition and dimension of the datasets used in the machine learning workflow

Dataset number Dataset name Number of patients Number of variables prior to
variable selection

Description

1 XT1 70 45 Only variables of dataset T1

2 XT2 70 45 Only variables of dataset T2

3 XdiffT1T2 70 45 Difference between datasets T2 and T1 (immunological parameter
change from T1 to T2)

4 XT1T2 70 90 Variables of T1 and T2 horizontally concatenated

5 Xclin 70 63 Only clinical variables

6 XT1clin 70 108 Variables of T1 and clinical horizontally concatenated

7 XT2clin 70 108 Variables of T2 and clinical horizontally concatenated

8 XT1T2clin 70 153 Variables of T1, T2 and clinical horizontally concatenated
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Model performances were evaluated using the following classification
metrics:Matthew’s correlation coefficient (MCC range−1 to+1, where+1
indicates perfect classification, 0 indicatesnobetter than random,−1 is total
disagreement) and scaled MCC (range 0 to 1, with 1 indicating perfect
performance), F1 score for the positive class (F1 pos, i.e. for patients with
DFS = 1) and the negative class (F1 neg, patients with DFS = 0), both ran-
ging from 0 to 1 (where 1 represents perfect precision and recall), Area
Under the Curve (AUC, range 0 to 1, with 1 indicating perfect dis-
crimination and 0.5 random performance) and accuracy (range 0 to 1,
where 1 indicates perfect prediction) to acquire a comprehensive assessment
of model performance. Given that the MCC integrates true and false posi-
tives andnegatives into a single balancedperformancemeasure that remains
informative under class imbalance, we primarily refer toMCC values in the
following figures and results. By comparison, the AUC, although widely
used in clinical research, may provide overly optimistic impressions of
performance in highly imbalanced datasets58,59. The highest-performing
model was analyzed using the Shapley Additive Explanations (SHAP)
package21 to visualize, to interpret and quantify the contribution of each
feature to the predictions made by the machine learning model.

Data availability
The dataset contains pseudonymized clinical and immunological patient-
level data, including longitudinal biomarker measurements and clinical
outcome information, which may carry a risk of re-identification, particu-
larly given the specific patient cohort anddisease context.Datamaybemade
available from the corresponding author upon reasonable request for sci-
entifically justified purposes, subject to approval by the responsible insti-
tutional bodies and/or ethics committee and, where applicable, completion
of a data sharing agreement.

Code availability
The underlying code for the generation of the presentedmodels is available
in the following repository: https://gitlab.com/olivertomic1/direkht-
npj-code.
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