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Abstract

Background: Immune Checkpoint Inhibitor (ICI) outcomes are highly heterogeneous among
cancer patients. Some individuals experience remarkable treatment success and durable re-
sponses, whereas others do not show any benefit from ICI therapy. Concurrently, patients
may experience severe or even potentially life-threatening adverse effects. Although currently
available individual biomarkers, such as the gold-standards tumor mutation burden (TMB)
or PDL1 expression, correlate with ICI outcomes, their predictive accuracy remains limited.
More reliable models that predict ICI treatment outcomes with higher accuracy are urgently
needed to identify patients who are likely to benefit from ICI therapy. Integrating distinct
biomarkers from multiple omics layers into predictive models is a promising strategy for
improving ICI outcome predictions.

Methods: Various genomic and transcriptomic biomarkers that are predictive of ICI out-
comes and that describe different aspects of tumor biology were derived from next-generation
sequencing (NGS) data. These included tumor-intrinsic properties, such as TMB, PDL1 ex-
pression, immune cell infiltration, and known mechanisms of ICI response, as well as host
factors such as HLA-related metrics. Subsequently, the biomarkers were combined into multi-
omics models using machine learning (ML) approaches and interpretable scoring methods to
predict ICI outcomes with higher accuracy than individual biomarkers. The models were
trained on cohorts of melanoma patients with annotated clinical ICI outcomes. Subsequent
analyses were performed using additional datasets of various cancer types.

Results: This cumulative dissertation resulted in two scientific, peer-reviewed publi-
cations. In the first study, we developed Least Absolute Shrinkage and Selection Opera-
tor (LASSO) models that integrate biomarkers derived form bulk RNA sequencing (RNA-seq)
and whole exome sequencing (WES) to predict ICI outcomes. The predictions of these multi-
omic models outperformed those of the gold-standard ICI biomarker TMB. SHapley Additive
exPlanations (SHAP) values were applied to provide explanations of the predictions. The
second study focused on an interpretable multi-omics model, the Multi-Omics Tumor Im-
munogenicity score (MOTIscore), which extended the outcome prediction to survival analyses
and investigated underlying molecular mechanics of the tumors. This MOTIscore accurately
predicted ICI outcomes, and discriminated patient groups with survival benefits following ICI
treatment. The MOTIscore revealed the predictive role of genes that are part of the C-X-C
motif ligand pathway, which plays an important role in immune cell activation.

Conclusion: This cumulative work demonstrated that integrating multi-omics data sub-
stantially improved the prediction of ICI outcomes compared to individual biomarkers. The
multi-omics models developed in this study offer a promising tool for the selection of patients
for treatment with ICIs. Using SHAP-based explanations and the interpretable MOTIscore
model, we provided explanations for the predictions, which is a crucial prerequisite for a
clinical decision-making tool. However, prospective studies are necessary to validate all the
findings of our study for potential clinical applications, preferably with a larger patient cohort
for which sequencing is performed.





Zusammenfassung

Hintergrund: Krebsbehandlungen mit Immuncheckpointinhibitoren (ICIs) zeigen sehr un-
terschiedliche Behandlungsergebnisse. Bei manche Patienten führt die Behandlung zu be-
merkenswerten Ergebnissen mit dauerhaftem Behandlungserfolg, während andere Patienten
kaum oder überhaupt nicht auf die Behandlung mit ICIs ansprechen. Gleichzeitig können
starke Nebenwirkungen auftreten, die bis hin zum Tod führen können. Obwohl einzelne der-
zeit verfügbare Biomarker, wie z.B. die beiden Goldstandards Tumormutationslast (TMB)
oder PDL1 -Expression, mit den Ergebnissen einer ICIs-Behandlung korrelieren, bleibt ih-
re Vorhersage-Genauigkeit begrenzt. Zuverlässigere Modelle mit genauerer Vorhersage des
ICIs-Behandlungserfolgs werden dringend benötigt. Dadurch können Patienten, die von einer
Immuntherapie profitieren könnten, aber bisher noch nicht für diese Behandlung ausgewählt
werden, treffsicherer identifiziert werden. Ein vielversprechender Ansatz hierfür ist es, ver-
schiedene Biomarker aus mehreren Omics-Schichten in prädiktiven Modellen zu integrieren.

Methoden: Mehrere genomische und transkriptomische Biomarker wurden aus Next-
Generation-Sequencing-Daten abgeleitet. Diese beschrieben verschiedene Aspekte der Tu-
morbiologie, beispielsweise tumor-intrinsische Eigenschaften wie TMB, PDL1 -Expression,
Immunzellinfiltration und bekannte ICI-Resistenzmechanismen. Außerdem berücksichtigten
wir Host-Faktoren wie beispielsweise Biomarker, die das HLA-System charakterisieren. Diese
Biomarker wurden in Multi-Omics Modelle integriert, die mittels Machine Learning-Ansätzen
und interpretierbaren Scoring-Modellen ICI-Ergebnisse genauer vorhersagen sollen als bisher
etablierte einzelne Biomarker. Die Modelle wurden mit einer Kohorte von Melanompatien-
ten trainiert, die mit klinischen ICI-Ergebnissen annotiert waren. Anschließende Analysen
wurden mit zusätzlichen Datensätzen verschiedener Krebstypen durchgeführt.

Ergebnisse: Die vorliegende kumulative Dissertation besteht aus zwei wissenschaftlichen
Publikationen, die beide ein Peer Review durchlaufen haben. In der ersten Studie haben wir
Least Absolute Shrinkage and Selection Operator (LASSO)-Modelle zur Vorhersage des ICI-
Therapieansprechens entwickelt. Diese LASSO-Modelle integrieren Biomarker, die aus RNA-
Bulksequenzierungen (RNA-seq) und Gesamtexomsequenzierungen (WES) abgeleitet wur-
den. Die Vorhersagen dieser Multi-Omics-Modelle übertrafen diejenigen des Goldstandards
TMB. Wir benutzten SHapley Additive exPlanations (SHAP) Werte, um Erklärungen für die
Modellvorhersagen zu liefern. In der zweiten Studie konzentrierten wir uns auf ein interpre-
tierbares Multi-Omics-Modell, dem Multi-Omics Tumor Immunogenicity score (MOTIscore).
Diese Studie erweiterte die reine Outcome-Analyse um Überlebensanalysen und Analysen
zugrundeliegender molekularer Mechanismen der Tumore. Der MOTIscore sagte die ICI-
Ergebnisse präzise voraus und erwies sich als geeigneter Prädiktor für Überlebensvorteile in
der Patientengruppe mit hohem MOTIscore nach ICI-Behandlung. Die Analysen zeigten dar-
über hinaus die prädiktive Rolle von Genen, die Teil des C-X-C motif ligand Signalwegs sind,
der eine wichtige Rolle bei der Aktivierung von Immunzellen spielt.

Fazit: In dieser kumulativen Arbeit konnten wir zeigen, dass die Integration von Multi-
Omics Daten die Vorhersage von ICI-Ergebnissen im Vergleich zu einzelnen Biomarkern sub-



stantiell verbessern kann. Die Multi-Omics-Modelle dieser Dissertation stellen ein vielver-
sprechendes Werkzeug dar, um die Auswahl von Patienten für eine Behandlung mit ICIs zu
verbessern. Unser Ansatz benutzt SHAP-Werte und das interpretierbare MOTIscore-Modell,
um Erklärungen für die Vorhersagen bereitzustellen, einer wichtigen Voraussetzung für ei-
ne klinische Entscheidungshilfe. Dennoch müssen prospektive Studien durchgeführt werden,
um alle Befunde dieser Dissertation zu bestätigen, insbesondere im Hinblick auf potentielle
klinische Anwendungen. Dabei sollte eine große klinische Krebspatientenkohorte zusammen-
gestellt werden, für die eine umfassende Sequenzierung durchgeführt wird.
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Chapter 1

Introduction

Immune Checkpoint Inhibitors (ICIs) have revolutionized the treatment of many solid tumors.
Unlike classical cytotoxic anti-cancer drugs, which directly target rapidly dividing tumor cells,
ICIs enhance anti-tumor immunity[1]. Durable therapy responses and long-term survival
have been observed in a subset of cancer patients who otherwise have a poor prognosis
using conventional treatment strategies. However, only a minority of patients benefit from
ICI treatment, whereas the majority suffer from potential side effects but do not show any
benefit from the therapy[2]. Predicting ICI outcomes in patients with advanced disease with
higher accuracy is an urgent need, and several approaches are conceivable.

1.1 Carcinogenesis and Tumor Evolution

To understand why only a minority of patients benefit from ICI treatment, it is necessary
to comprehend the biological mechanisms underlying tumor evolution and related immune
interactions. Cancer evolves through the gradual accumulation of genomic alterations in so-
matic cells over time[3]. Such mutations can occur randomly during cell division and are
triggered by various mutational processes that can alter or modify the human DNA. Widely
known examples include tobacco smoke, ultraviolet radiation, exposure to radioactive mate-
rials, and, most importantly, aging. Cancer is initiated when a mutation causes a selective
growth advantage in a somatic cell, typically by altering important cellular control mech-
anisms[4]. The affected cells divide slightly faster than their neighboring cells and quickly
accumulate more mutations. Over time, this slight increase in cell division can result in a
large tumor containing billions of cells[5]. Most cancer cells acquire additional mutations
during cell division, resulting in different genomic traits within the tumor mass. Some of
these alterations provide further growth advantages, whereas others remain neutral. As a
consequence, most tumors are composed of heterogeneous subclones with different genomic
profiles. Of note, most anti-cancer drugs further shape this intratumoral heterogeneity, be-
cause potentially drug-resistant cells outgrow subclones that respond to the treatment[6].
However, early clonal mutations are shared among all subclones in most cases. Alterations
that cause selective growth advantages are called driver mutations, whereas neutral mutations

1



2 CHAPTER 1. INTRODUCTION

are called passenger mutations.
Both types of genomic alterations can also influence the immunogenicity of the tumor[7].

Many mutations lead to altered protein peptide sequences, a subset of which are presented
by major histocompatibility complex (MHC) molecules on the surface of cancer cells. Mu-
tant peptides, known as neoantigens, are expressed only in tumor tissue and not in healthy
cells. Therefore, neoantigens can be recognized as non-self by the T-cell receptor (TCR)
of antigen-specific T-cells (Figure 1.1). However, only a small subset of somatic mutations

Tumor cell

MHCITCR

Cytotoxic
T cell

Figure 1.1: Recognition of neoantigens by the immune system. The antigen-specific TCR of
a cytotoxic T cell binds to an MHC–neopeptide complex on the surface of a tumor cell, thereby
recognizing the neoantigen as non-self. This figure was created using Biorender.

become immunogenic neoantigens that are successfully recognized by the immune system[8].
Importantly, the mutated peptides must bind to the patient-specific MHC molecules, a pre-
requisite that is often not met. Consequently, tumor immunogenicity is determined not only
by the total number of mutations but also by the quality of the resulting neoantigens. Sub-
clonal neoantigens result in suboptimal T-cell activation because they are only presented in
a subset of cancer cells[9]. In contrast, clonal neoantigens are expressed in every tumor cell,
potentially leading to better immune cell activation.

Cancer normally develops under the constant selective pressure of the immune system.
As tumor cells accumulate mutations and neoantigens, the immune system gains the abil-
ity to recognize cancer cells and interacts closely with the tumor. Hence, the molecular
properties of malignant cells are shaped by an evolutionary process known as immunoedit-
ing[10]. This process is typically described as a three-phase model: elimination, equilibrium,
and escape. During the elimination phase, the immune system may recognize and elimi-
nate highly immunogenic subclones, whereas subclones with lesser immunogenicity survive.
As a result, the overall immunogenicity of the tumor decreases, leading to the following
equilibrium phase. During the equilibrium phase, the pressure of the immune system still
moderates tumor growth, but only subclones with low immunogenicity persist. Over time,
tumor cells acquire mutations that allow them to evade the immune response, culminating in
the escape phase of immunoediting. In this phase, malignant cells have gained the ability to
escape the immune system, and the tumor microenvironment (TME) becomes increasingly
immunosuppressive[11].

The TME not only consists of malignant tumor cells, but also includes a mixture of
healthy cells, such as tumor-infiltrating immune cells, stromal cells, and extracellular matrix
components[12]. Tumors with a high percentage of infiltrating lymphocytes are often de-
scribed as inflamed or “hot” tumors and generally show good responses to ICI treatment. In
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contrast, “cold” tumors are characterized by very few or absent infiltrating lymphocytes and
are frequently resistant to ICIs[13]. However, the molecular changes during immunoediting
can limit tumor immunogenicity, even if the tumor is characterized as “hot.” Importantly, the
presence of highly immunogenic antigens and corresponding tumor-infiltrating T-cells alone
is not sufficient to induce an effective immune response. Infiltrating T-cells may exhibit
functional exhaustion, or immune cell activity may be suppressed by regulatory T-cells[14],
[15]. Another example of factors limiting tumor immunogenicity is resistance mutations as a
result of immunoediting, such as loss of antigen presentation due to defects in the MHC or
the up-regulation of inhibitory immune checkpoints, such as PDL1 [10]. Notably, the spatial
organization and anatomical location of the tumor can also affect the TME if the tumor loca-
tion prevents immune cells from infiltrating the tumor tissue. For instance, tumors located in
the brain develop an immune-specialized environment in which the blood–brain barrier and
other local immunoregulatory factors limit lymphocyte infiltration[16]. Similarly, a dense
stromal architecture can prevent immune cells from entering a tumor or parts of the tumor,
as in urothelial cancer[17].

Thus, the molecular changes of the tumor cells and the surrounding TME during immu-
noediting not only promote tumor progression, but also limit the effectiveness of the natural
immune response. As a consequence, restoring or enhancing the pre-existing tumor immuno-
genicity to trigger an immune response is a promising target for modern anti-cancer drugs,
such as ICIs.

1.2 Immune Checkpoint Inhibitors

ICIs are a relatively new class of anti-cancer drugs that have transformed the treatment land-
scape for many cancer patients in the past decade[18]. Unlike classical cytotoxic therapies,
ICIs do not directly attack tumor cells but instead improve the anti-tumor activity of the
immune system. ICIs block the inhibitory signals of T-cell activation, thereby improving
anti-tumor immunity. Figure 1.2 shows a schematic of the biological mechanisms underlying
anti-PD1 cancer treatment. T-cells recognize neoantigens if their TCR binds to a specific
peptide–MHC molecule presented on the surface of somatic or tumor cells. The interaction
between the TCR and the MHC leads to the activation of neoantigen-specific T-cells, trig-
gering an immune response[19]. However, T-cells typically express inhibitory signals, such as
PD1 or CTLA4, on their cell surface. These receptors are known as immune checkpoints. If
they bind to their counterparts on the membrane of a tumor cell or an antigen-presenting cell,
T-cell activity is downregulated. For example, PD1 binds to the membrane protein ligand
PDL1. As a result of immune evasion, PDL1 is over-expressed in many cancer cells[20].

ICIs are monoclonal antibodies that block the interactions between these immune check-
points, leading to increased immune cell activity (Figure 1.2). Commonly used ICIs include
the anti-PD1 antibodies pembrolizumab and nivolumab, both of which directly target PD1
proteins. The efficacy of both drugs has been demonstrated in many solid cancer types, in-
cluding metastatic melanoma and non-small cell lung cancer (NSCLC)[21][22]. However, only
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T cell T cell

cancer cell cancer cell

TCR TCR

MHC MHC

PD1 PD1

PDL1

PDL1

Anti-P
D1Downregulation of 

Immune Response
Upregulation of 
Immune Response

Figure 1.2: General molecular mechanisms of cancer treatment using ICIs. Left: A T-cell recognizes a neoantigen
presented on the cancer cell surface using its TCR. However, the concurrent interaction between the immune checkpoints
PD1 and PDL1 downregulates the immune response. Right: An Anti-PD1 antibody is blocking the immune checkpoint,
thereby leading to an increased immune response. This figure was created using Biorender.

a minority of patients with metastatic cancer respond to ICI, although patients are selected
for ICI treatment based on those molecular properties of the tumor that are predictive of ICI
outcomes. This highlights the need to identify novel biomarkers and models that can predict
ICI outcomes with higher accuracy than the currently established metrics.

1.3 Sequencing and ICI Biomarker Extraction

Several such biomarkers have been approved for the selection of ICIs in personalized treatment
strategies, but their accuracy in predicting ICI outcomes is limited. For instance, PDL1
expression is an FDA-approved biomarker for selecting patients with advanced NSCLC for
ICI treatment, but typical objective response rates (ORRs) to pembrolizumab are modest,
with only approximately 25 % in PDL1 -positive versus 14 % in PDL1 -negative patients[23].
In melanoma, tumor mutation burden (TMB) is an FDA-approved biomarker for the selection
of ICIs in patients with metastatic disease. However, ORRs to pembrolizumab of only 29 %
were observed in patients with high TMB versus 6 % in patients with low TMB in a recent
study[24]. These findings underscore the urgent need to identify more robust biomarkers that
can predict ICI outcomes with higher accuracy.

The advent of next-generation sequencing (NGS) in the early 2000s has facilitated the
extraction of both DNA and RNA biomarkers for routine clinical diagnostics. In contrast to
earlier technologies, such as Sanger sequencing, NGS is characterized by a very high through-
put, enabling the low-cost sequencing of an entire human genome at a time[25]. In current
clinical settings, Illumina provides the leading platform for high-throughput sequencing. It
leverages the massively parallel sequencing of short DNA fragments on a flow cell, with char-
acteristic short read lengths of 75 up to 300 base pairs. A typical laboratory protocol for
the Illumina sequencing-by-synthesis approach includes DNA extraction, shearing of DNA,
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adapter ligation, target enrichment, library amplification, and sequencing[26]. In the case of
RNA sequencing, the RNA molecules are first reverse-transcribed into complementary DNA
before the fragmentation step is performed. The final sequencing-by-synthesis step is usually
performed using Illumina sequencers, such as NovaSeq or HiSeq. In the target enrichment
step, certain parts of the genome are selected for sequencing. This is typically achieved using
sequence-specific oligonucleotide probes, also known as “baits,” which selectively hybridize
with the genomic regions of interest. Target enrichment normally selects a specific set of
genes, known as a gene panel, or targets all protein-coding regions of the human genome,
that is, it selects all exons of known genes. Targeted sequencing of all known exonic regions
is called whole exome sequencing (WES)[27]. In contrast, the sequencing of all transcribed
RNA molecules, known as bulk RNA sequencing (RNA-seq), does not require target enrich-
ment[28].

Genomic biomarkers can be easily extracted using WES, whereas RNA-seq can be em-
ployed to extract transcriptomic biomarkers. Data generated by both sequencing technologies
are becoming increasingly available as part of standard cancer diagnostics, enabling person-
alized treatment strategies[29]. However, several steps are necessary in silico to extract and
analyze biomarkers from the raw sequencing data obtained from the sequencers. The basic
steps of a typical clinical bioinformatics data analysis pipeline are outlined in Figure 1.3. The

Quality
Control FastQ

Sequencing

BAM VCF
Raw data Demultiplexing  Alignment Variant Calling

Figure 1.3: Basic steps of a typical bioinformatics sequence analysis pipeline used for the analysis of clinical DNA
samples. The most important steps are quality control, demultiplexing, read alignment, and variant calling. The
downstream extraction of more complex biomarkers is normally based on the outputs of these steps. This figure was
created using Biorender.

first step after sequencing involves quality control, which includes the inspection of base qual-
ity scores at the read level as well as the inspection of the GC content. Corrupted sequencing
runs can heavily damage later biomarker extraction, making quality control crucial before
proceeding with the next steps[30]. For Illumina platforms, this preliminary quality control
step can be performed using the Illumina Sequence Analysis Viewer. If the quality of the
run was good, the raw base calls will be demultiplexed using, for example, bcl2fastq. That is,
the sequencing data of the pooled samples will be separated and converted into FASTQ files.
Subsequently, the sequencing reads stored in the FASTQ files are aligned against a reference
genome, such as GRCh37 or GRCh38. Various algorithms and tools can be used for read
alignment, such as bwa mem for DNA or STAR for RNA short reads[31], [32]. Notably,
the alignment step of many bioinformatics pipelines often includes additional post-alignment
steps, such as insertion and Deletion (inDel) realignment, sorting, and indexing. Variant
calling can be performed once the aligned reads are stored in Binary Alignment Map (BAM)
or compressed reference-specific CRAM files. Widely used variant callers are freebayes and
strelka2, both of which have been used in this dissertation[33], [34]. In germline DNA samples,
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freebayes detects deviations from the reference genome, so-called single nucleotide and inDel
polymorphisms. In tumor DNA samples, strelka2 detects deviations from the corresponding
normal sample, that is, mutations in the form of single nucleotide variants (SNVs) and small
inDels. The analysis of RNA-seq samples normally does not include variant calling. Instead,
the last basic analysis step in RNA-seq is usually the normalization and quantification of
transcripts, giving rough estimates of gene expression[35].

These basic bioinformatics steps convert raw sequencing signals into structured genomic
and transcriptomic outputs that can subsequently be used to extract higher-level biomarkers.
The detected somatic variants in WES are annotated with data from various sources providing
meaningful genomic information. For instance, the impact of a mutation on proteins is an-
notated using the Ensembl Variant Effect Predictor (VEP), whereas the oncogenic relevance
of an SNV can be estimated from the Catalogue of Somatic Mutations in Cancer (COSMIC)
database[36], [37]. Higher-level ICI biomarkers can be derived from these annotated variants.
Examples include TMB, mutations in immune-related pathways, mutational signatures or
predicted neoantigens. Other relevant ICI biomarkers, such as HLA genotypes, can be de-
rived from aligned DNA sequences in the BAM file. Of note, copy number variants (CNVs)
are estimated based on coverage data, which are typically derived from the BAM file. CNV
calls are another source of higher-level biomarkers, for example, loss-of-heterozygosity events
or deletions of tumor suppressor genes[38]. In contrast, the basic output of an RNA-seq
analysis pipeline is gene expression, quantified as transcript counts normalized by sequencing
depth and gene length. While the expression of certain genes, such as PDL1, is a predictive
ICI biomarker, RNA-seq can also be used to derive higher-level biomarkers. For instance,
the cell composition in tumors can be quantified using gene expression values, serving as
a proxy for immune cell infiltration in the tumor sample[39]. Using RNA-seq data, TCR
clones present in the tumor samples can be reconstructed using tools such as TRUST4[40].
These TCR clone counts can be used to calculate the TCR diversity in terms of Shannon
entropy. Importantly, gene fusions are biomarkers in many cancer types, such as ALK fu-
sions in NSCLC, and can be detected using RNA-seq data and various fusion callers such as
Arriba[41], [42].

The biomarkers derived from WES and RNA-seq provide complementary data[43]. For
example, WES can be used to obtain biomarkers describing mutational processes of the tumor,
such as TMB or mutations in known pathways of ICI resistance or response. Conversely,
RNA-seq biomarkers capture transcriptomic data, such as gene expression profiles or immune
cell infiltration. Thus, biomarkers from different omic layers describe distinct aspects of the
anti-tumor immune response. WES is typically performed using paired tumor- and blood
samples, extending the spectrum of available genomic information to germline biomarkers[44].
Manyfold metrics have been described as predictors of ICI outcomes.

To better conceptualize this diversity, biomarkers are often grouped into three categories:
host-related (germline), tumor-intrinsic (somatic), and TME-related[45]. This classification
and typical examples are shown in Figure 1.4. Somatic biomarkers reflect the properties
of cancer cells, with TMB being a prominent example. In contrast, germline biomarkers
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describe the properties of the host, such as HLA genotypes. TME-related metrics cover
aspects of dynamic tumor-host interactions, such as immune cells that infiltrate the tumor
tissue. Biomarkers from each category cover various aspects of tumor biology, and these

Host:
● HLA homozygosity
● HLA supertypes
● Age
● Gut microbiome

Tumor Microenvironment: 
● Immune Cell Infiltration
● PDL1 expression

Tumor-Intrinsic:
● TMB
● Neoantigens
● Microsatellite Instability
● Response mutations
● Resistance mutaions

Tumor
Immunogenicity

Figure 1.4: ICI biomarkers can be grouped into three broad categories covering different aspects of tumor biology;
host, tumor-intrinsic, and TME-related. The superset of all biomarkers describes a model of tumor immunogenicity,
that is, its ability to evoke an immune response. This figure was created using Biorender.

metrics are typically extracted using the different sequencing technologies introduced above.
For instance, most TME-related metrics require RNA-seq, whereas tumor-intrinsic and host-
related biomarkers are derived from WES. Of note, not all potentially relevant biomarkers
can be extracted from NGS data, such as age or smoking status.

Although most single-omics biomarkers from these categories have been shown to correlate
with ICI outcomes, their predictive accuracy remains limited. Therefore, a more accurate
prediction of ICI outcomes is an urgent need[46].

1.4 Multi-Omics Biomarker Integration

The integration of several predictive biomarkers from both WES and RNA-seq into a com-
prehensive multi-omics model could improve the prediction of ICI outcomes, suggesting a po-
tential avenue of escape. Several methods can be used to combine biomarkers from different
sources into one model for the prediction of ICI outcomes, including artificial intelligence (AI)
and machine learning (ML) models. Such algorithms have become very popular tools in many
branches of science, and state-of-the-art AI models have already been applied in biomedical
cancer research[47]. In particular, AI methods have been used to explore ICI treatment.
For example, several recent studies have applied ML models to predict ICI outcomes using
multiple biomarkers. Despite their complexity, most existing studies have used only a single
molecular layer, that is, either clinical variables or single-omics.

For instance, some of these studies have combined simple non-NGS clinical features, such
as age, serum albumin, or sex, to predict ICI outcomes [48], [49], [50]. The models showed
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good predictive performance, but a major limitation is that their predictions may just reflect
the general health status of the patients and the overall stage of their disease. For example,
Yoo et al.[48] used serum albumin and Eastern Cooperative Oncology Group (ECOG) status
as features in their ML model to predict ICI outcomes. Low serum albumin levels were
associated with poor ICI outcomes, whereas a high ECOG status was associated with good
ICI outcomes, as they showed in a feature importance analysis. However, both serum albumin
and ECOG performance status are well-established prognostic factors that reflect the general
well-being of the patient and disease stage[51], [52]. Therefore, both biomarkers may just be
prognostic factors and correlate with survival independently of the actual ICI efficacy. The
same limitation may apply to Benzekry et al.[49]. They found ECOG performance status
and hemoglobin levels to be the most important features in their multivariate models. As a
result of these limitations, the models solely based on blood values may identify patients with
limited life expectancy rather than those whose tumors are biologically unlikely to benefit
from ICI treatment.

Hence, the integration of a more comprehensive set of biomarkers is desirable. Several
other studies have developed ML models predictive of ICI outcomes using either genomic or
transcriptomic NGS-derived biomarkers but did not combine both single-omics layers into a
multi-omics model[53], [54]. For instance, Bigelow et al. developed a random forest classifier
predictive of anti-PD1 ICI outcomes, leveraging an initial set of 92 WES-derived biomark-
ers[53]. Their feature selection reduced the feature count to approximately a dozen genomic
biomarkers. However, the random forest model of Bigelow et al. showed only a moderate
increase in predictive performance compared to TMB alone. The training cohort comprised
only 104 patients, which is relatively small for complex ML models. Furthermore, the pan-
cancer setting of their cohorts may limit the inferences from this model. In contrast, Schina
et al. developed various ML models predictive of ICI outcomes based only on transcriptomics
biomarkers derived from RNA-seq[54]. The features of these models focused on biomarkers
that describe the properties of the TME, such as the TCR repertoire or PDL1 expression.
Similar to the model presented by Bigelow et al., the ML models presented by Schina et al.
only moderately outperformed univariable predictors across several cancer types. However,
neither Bigelow et al. nor Schina et al. developed models that integrated both genomic and
transcriptomic biomarkers.

As of 2026, we found only one study that combined WES and RNA-seq data into a multi-
omics ML model. Litchfield et al. developed an XGBoost model that predicts ICI outcomes
by integrating a total of 11 multi-omics biomarkers[55]. Similar to the aforementioned studies,
their model led to an improved predictive performance compared to TMB alone, which was,
however, only moderate. Another limitation may be that this model was trained using
sequencing data from different cancer types (in a pan-cancer setting). On the other hand,
Litchfield et al. reached a comparatively large size of more than 1000 ICI samples for the
training cohort.

The classification ML algorithms used in the preliminary studies varied widely. Typ-
ical ML models used for ICI outcome prediction included logistic regression[56], random
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forests[57], support vector machines[58], and gradient boosting algorithms[59]. Importantly,
some ML algorithms require an appropriate feature selection before model training. Of note,
the automatic selection an optimal ML algorithm out of several alternatives is possible if the
selection process is performed on the training cohort, as demonstrated by Schina et al.[54].
The existing ML models were usually trained using a binary ICI outcome classification derived
from radiological imaging technologies; ICI-responders and ICI-nonresponders.

In addition to ML-based models, straightforward scoring approaches, such as weighted
sum or product scores, are conceivable for the integration of NGS-based biomarkers. Promi-
nent examples include polygenic risk scores, which are calculated as the weighted sum of
risk alleles in a (poly)genic disease[60]. Another example, the Model for End-stage Liver
Disease (MELD) score, is defined as the weighted sum of laboratory variables for estimating
the severity of liver failure[61]. For such scores, it is necessary to normalize the constituting
biomarkers, for example, using z-standardization. Unlike ML models, such scores do not
require large training datasets and are typically easy to compute and interpret by humans.

1.5 Multi-Omics Model Challenges

While integrating multi-omics biomarkers into models for improved ICI outcome prediction
is a promising approach, their application is accompanied by several challenges. Multi-omic
datasets are normally high-dimensional, that is, there are several features but only a limited
number of available training samples. This imbalance between model biomarker count and
sample count increases the risk of model overfitting[62]. An independent validation cohort
is necessary o show that a model did not overfit and generalizes well to other datasets.
However, this further reduces the effective size of the training cohort, because the cohort is
usually randomly split into training and test datasets[63].

Selecting an appropriate ML model for biological questions is not straightforward. In
addition to the high dimensional features in multi-omics datasets, many biological features
are not independent of each other. As a result of highly interconnected biological processes,
NGS-derived biomarkers are often highly correlated[64]. For example, PDL1 expression and
immune cell infiltration may reflect overlapping biological mechanisms. This multicollinear-
ity in the feature space can affect the performance and stability of the ML model. This
problem must be addressed by proper feature selection and an appropriate choice of the ML
algorithm[65]. For instance, regularized linear models explicitly address multicollinearity and
may be an appropriate choice for ML models. By shrinking the coefficient sizes of correlated
features to zero, such models improve the stability and performance of the model[66].

Another important challenge is the heterogeneity of multi-omics datasets[67]. Biomark-
ers derived from different NGS technologies have different measurement scales and can be
diversely represented as categorical, rank-based, or continuous metrics. For example, alter-
ations in ICI resistance pathway genes may be represented on a binary categorical scale;
altered pathway versus non-altered pathway, whereas gene expression of the same pathway
may be represented as a continuous metric. Therefore, integrating biomarkers defined using
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diverse scales requires a careful normalization of these metrics[68]. Without normalization,
features that were originally defined on a large numerical scale may dominate the model, re-
gardless of their true biological relevance, thus leading to poor predictions. Furthermore, ML
models trained on a specific cancer type may not generalize well to other cohorts, particularly
those representing other cancer types.

A major challenge in multi-omics modeling is the limited number of patients for whom
both WES and RNA-seq data are available, along with annotated clinical ICI outcomes[69].
Although tumor sequencing is nowadays often performed as part of standard care, system-
atic clinical outcome annotation is often unavailable. Additionally, consent restrictions and
privacy regulations further reduce the number of samples available for research purposes.
Hence, sequencing data from different cancer centers and studies are often combined to in-
crease the effective cohort sizes. This can potentially introduce batch effects that arise, for
example, from differences in sample processing and laboratory protocols[70]. Batch effects
are particularly challenging in RNA-seq expression data and require batch correction to elim-
inate biases in downstream analyses. Furthermore, WES enrichment kits used at different
sequencing centers do not fully overlap in their target regions[71]. Therefore, an overlapping
target region must be constructed to avoid batch effects, reducing the effective target size.

Another common problem with ML and AI models is their limited explainability and
interpretability. It is often difficult or impossible to understand how a complex ML model
reaches its conclusions. Although these terms are closely interconnected, there is no broadly
accepted definition for either. In general, explainability can be defined as algorithms that
“explicitly consider human comprehensibility of their decisions as a criteria in their computa-
tions.” This encompasses post-hoc methods and tools to explain the algorithmic predictions
made by black-box AI[72]. In contrast, interpretability normally refers to intrinsic model
properties that can be directly recognized and understood by humans[73]. Clear explainabil-
ity and interpretability of the predictions are crucial prerequisites for the clinical application
of a model in precision oncology[74]. For example, a model that is interpretable-by-design
could apply the weighted sum scoring schemes or product scores mentioned above to integrate
several biomarkers into a single metric. Such a scoring model keeps the predictions of the
model interpretable and explainable according to the aforementioned definitions.

1.6 Thesis Objectives and Results

The overall objective of this thesis is to improve ICI outcome predictions by integrating
genomic and transcriptomic biomarkers into multi-omic models. Thereby, we acquired se-
quencing data from several public ICI cohorts and derived biomarkers from RNA-seq and
WES data. An additional cohort of sequencing data was provided by the local molecular
tumor board (MTB), which comprised several cancer types[75]. Using these datasets, we
investigated ML and scoring models in melanoma and other cancers to enhance ICI out-
come predictions. The candidate’s work resulted in two peer-reviewed publications, which
constitute this cumulative thesis.
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First, we developed Least Absolute Shrinkage and Selection Operator (LASSO) regression
models integrating genomic and transcriptomic biomarkers in melanoma[76]. We carefully
examined and compared three distinct model outcomes: genomic, transcriptomic, and multi-
omic models. As part of the research, we addressed several of the aforementioned problems
and challenges. For instance, we selected the LASSO algorithm because it is a regularized
linear regression model that effectively handles multicollinearities in the input feature space
and that selects the most important biomarkers. Furthermore, our study carefully examined
methodologies to explain the ML predictions. We used techniques like permutation feature
importance for the selection of biomarkers and to estimate biomarker contributions on a
cohort-wide scale. Similarly, we applied SHapley Additive exPlanations (SHAP) values for
explanations on a post-hoc per-sample base[77], [78].

Second, we developed the Multi-Omics Tumor Immunogenicity score (MOTIscore) model
in a subsequent study. This model leveraged a weighted sum scoring scheme to integrate
biomarkers derived from WES and RNA-seq[79]. Using this method, we kept the model
transparent and interpretable by its design. The weights were determined using statistical
significance testing in a melanoma cohort. This study not only investigated ICI outcomes in
terms of binary Response Evaluation Criteria in Solid Tumors (RECIST) outcomes, but also
using Kaplan Meier curves of progression-free survival (PFS) and overall survival (OS) across
several cancer types[80]. The corresponding Cox model revealed significant differences for the
MOTIscore as a predictor of survival. The MOTIscore was also tested for its generalizability
to different cancer types. Using MOTIscore for analysis of differentially expressed genes
(DEGs), we gained insights into general tumor immune biology across cancers[81].

Besides these two core papers, the candidate contributed as a co-author to more than ten
publications that were relevant to the field of oncogenetics.

1.7 Thesis Structure and Scope

The remainder of this cumulative thesis is organized as follows. We explicitly define the
main research goals of this dissertation in Chapter 2. In the following Chapter 3, we list
all scientific works of the candidate, including co-authored publications, talks, teaching, peer
reviewing, and conference contributions. All the scientific findings which were obtained in
the two core publications of this thesis are summarized in Chapter 4. Thereby, we present
each research result with respect to the goals defined earlier in Chapter 2. The overall
discussion can be found in Chapter 5. Full copies of both core papers constituting this thesis
are provided in Appendix A and Appendix B, respectively. Finally, copies of certificates
of courses and scientific activities which the candidate obtained during his dissertation are
provided in Appendix C.
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Chapter 2

Research Objectives

The overall goal of this cumulative thesis is to develop and evaluate models that integrate
several NGS-derived biomarkers to predict ICI outcomes with higher accuracy than that of
currently established individual biomarkers. In particular, we use multi-omics biomarkers
extracted from WES and RNA-seq data and apply ML and statistical scoring models for
biomarker integration. In the following subsections of this chapter, we briefly define and
describe the research objectives of this cumulative thesis as they were addressed in the two
main publications. The results will be summarized with respect to these research goals in
Chapter 4.

results

LASSO

MOTIscore

biomarker
extraction

sequencing data

trainingmulti-omics
biomarkers

WES

RNA-Seq

ICI outcome

Survival

Explainability

Interpretability

Generalizability

evaluation

Independent
cohort

training
cohort

Figure 2.1: Flowchart of the overall goals and objectives of this cumulative thesis. After the curation of a training
cohort, multi-omics biomarkers will be extracted from cancer sequencing data, that is, WES and RNA-seq. Using these
biomarkers, we will train and develop models for the publications constituting this thesis, namely a LASSO regression
model and the MOTIscore model. The results will be evaluated using an independent cohort and according to the
objectives described in Chapter 2.

Figure 2.1 shows a flowchart of our research objectives. After obtaining annotated se-
quencing data, we will use bioinformatics pipelines and tools to extract genomic and tran-
scriptomic biomarkers. Important sources of sequencing data are the database of Genotypes
and Phenotypes (dbGaP), the Sequence Read Archive (SRA), and the local MTB[75], [82],
[83]. The biomarkers extracted from those data sets will then be used for model training or
definition, respectively. Subsequently, the model predictions as primary results will be eval-
uated using independent cohorts and from various perspectives, as described in the following

13
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sections of this chapter.

2.1 ICI Outcome Prediction

The primary objective of this thesis is to improve the prediction of ICI outcomes by integrat-
ing transcriptomic and genomic biomarkers. The predictive accuracy of our models will be
compared with that of already established individual biomarkers, such as TMB and PDL1
expression. To achieve these goals, a consistent categorical ICI outcome classification system
must be established. Given the available data annotations, this outcome classification will be
defined in terms of clinical RECIST criteria[84]. The output of most ML and scoring models
is usually a continuous probability. Thus, we need to find thresholds for the models, defined
as an optimal trade-off between sensitivity and specificity. Furthermore, appropriate model
performance measures are required to evaluate and compare the predictive accuracies of our
models with those of the individual biomarkers.

2.2 Survival Analysis

Categorical response criteria cannot fully capture the clinical outcomes of ICI treatment. For
instance, patients whose RECIST ICI responses were classified as stable disease (SD) may
experience long term survival benefits because the target lesions do not show any progress
for a long time. Conversely, patients with partial response (PR) may not show any clinical
benefit if there is an initial response that turns into tumor progression shortly after[85].
Thus, a further objective of this thesis is to evaluate multi-omics biomarker models in terms
of survival. Kaplan-Meier estimators will be used to inspect the model predictions using PFS
and OS times. This survival analysis includes significance testing and estimation of hazard
ratios (HRs) using the Cox proportional hazards model, thereby complementing the analysis
of the categorical model outcome predictions.

2.3 Models

Several modeling strategies can be applied to integrate biomarkers into a single predictive
score. In this thesis, we aim to investigate at least one ML algorithm in models that combine
genomics, transcriptomics, and multi-omics biomarkers. The ML model should be an algo-
rithm that has not yet been published for the prediction of ICI outcomes using NGS-derived
biomarkers, thereby filling a research gap. As biological and medical features are often highly
correlated, model selection and training must account for biomarker redundancy and multi-
collinearity. Another objective of this work is to develop at least one more straightforward
model that is interpretable by design, such as weighted sum or weighted product scoring
models. For this second approach, it is neccessary to find a statistical method to determine
appropriate weights assigned to each biomarker.
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2.4 Explainability and Interpretability

It is often difficult or even impossible to understand how ML or AI models make predictions.
However, explainability and interpretability are crucial prerequisites for the potential clinical
applications of a model. Therefore, we will establish and evaluate techniques that provide ex-
planations for the model predictions in this cumulative thesis. For the ML models, we will ap-
ply both local and global post hoc explanation techniques. This includes feature permutation
importance sampling, which provides the importance of any model biomarker at the global
level. At the local level, we will apply techniques that provide per-sample biomarker con-
tributions, such as SHAP and Local Interpretable Model-agnostic Explanations (LIME)[78],
[86]. In addition to these explainability methods for ML, we aim to develop scoring models
that are interpretable by design and that do not require explainability techniques. For bi-
nary classifiers, a cutoff of the predictions must be defined and the definition of this threshold
should be comprehensible to clinicians.

2.5 Generalizability

It is of particular interest whether a model is predictive of ICI outcomes in distinct cancer
types. If a model generalizes well to different entities, it may describe the general molecular
mechanisms underlying tumor immunogenicity. Thus, we will test the predictive accuracy of
the models developed in this work as predictors of ICI outcomes in different cancer types and
cohorts. Additionally, it is crucial to test ML models using an independent validation cohort
to ensure that they do not overfit. We will achieve this by randomly splitting the data into
training and validation cohorts.

By analyzing DEGs and performing gene set enrichment analysis (GSEA) using a model
cutoff as a group discriminator, we can identify the underlying molecular mechanisms in a
cohort[87]. If we find the same DEGs and pathways enriched in different cancer types, this
will provide further evidence for the generalizability of the model.



16 CHAPTER 2. RESEARCH OBJECTIVES



Chapter 3

List of Scientific Contributions

In this chapter, we list all scientific contributions of the candidate that are relevant to this
work and the bioinformatics field. The candidate not only wrote the two core publications
of this cumulative thesis but also contributed to more than ten scientific publications as a
co-author. Further scientific contributions included talks, conference posters, peer reviews,
and teaching.

3.1 List of Main Publications

This cumulative dissertation is based on two scientific publications. The candidate is the first
and main author of the following peer-reviewed manuscripts.

1. A. Gschwind and S. Ossowski, “AI Model for Predicting Anti-PD1 Response in Melanoma
Using Multi-Omics Biomarkers”, Cancers, vol. 17, no. 5, p. 714, Feb. 20, 2025. doi:
10.3390/cancers17050714[88]

2. A. Gschwind et al., “Multi-Omics Tumor Immunogenicity Score Predicts Immunother-
apy Outcome and Survival”, Biology, vol. 14, no. 12, p. 1698, Dec. 2025. doi: 10.3390/
biology14121698[89]

Both papers are integral part of this thesis and aim to predict ICI outcomes by combining
multi-omics biomarkers. We refer to [88] as the “first” paper and to [89] as the “second”
paper in the remainder of this thesis. Full copies and a detailed description of the candidate’s
contributions to each paper are provided in Appendix A and Appendix B.

Of note, the first paper was selected by the journal as the cover story for the March 2025
issue. We provide a copy of the cover page in Appendix A.2. For the second project, we
applied for funding. The corresponding process was organized by the candidate and he wrote
the grant application. Applying for grants is a crucial part of a modern scientist’s work, but
it is not a standard experience for an average PhD candidate. Hence, we have included the
grant application in Appendix B.4.
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3.2 List of Other Publications

In addition to the two main publications constituting this dissertation, the candidate con-
tributed to the scientific papers listed in this section. He is a co-author of these publications,
but they are not integral part of this thesis. However, they cover a wide range of topics in
the field of NGS-based cancer diagnostics and some manuscripts investigate ICI treatment
and corresponding biomarkers. The relevance of these co-authored publications for the core
studies will be discussed in Chapter 5.1.

• A. K. Sommer et al., “Mutational Landscape of Colorectal Tumors From Individuals
With Unexplained Adenomatous or Serrated Colorectal Polyposis”, Gastroenterology,
Jan. 12, 2026. doi: 10.1053/j.gastro.2025.10.011[90]

• J. Forschner et al., “Adjuvant anti-PD-1 therapy improves melanoma-specific survival
in stage IIIC-IV melanoma patients with high tumor mutation burden and BRAF V600
mutation”, Frontiers in Oncology, vol. 15, Aug. 12, 2025. doi: 10.3389/fonc.2025.
1618596[91]

• G. M. H. Abdel-Salam et al., “Biallelic MAD2L1BP (p31comet) mutation is associated
with mosaic aneuploidy and juvenile granulosa cell tumors”, JCI Insight, vol. 8, no. 22,
Nov. 22, 2023. doi: 10.1172/jci.insight.170079[92]

• A. Liebmann et al., “UV-radiation and MC1R germline mutations are risk factors for
the development of conventional and spitzoid melanomas in children and adolescents”,
eBioMedicine, vol. 96, Oct. 1, 2023. doi: 10.1016/j.ebiom.2023.104797[93]

• M. Menzel et al., “Multicentric pilot study to standardize clinical whole exome sequenc-
ing (WES) for cancer patients”, npj Precision Oncology, vol. 7, no. 1, p. 106, Oct. 20,
2023. doi: 10.1038/s41698-023-00457-x[94]

• S. Mittelstadt et al., “Detection of circulating cell-free HPV DNA of 13 HPV types for
patients with cervical cancer as potential biomarker to monitor therapy response and to
detect relapse”, British Journal of Cancer, vol. 128, no. 11, pp. 2097–2103, Jun. 2023.
doi: 10.1038/s41416-023-02233-x[95]

• J. Eckardt et al., “TMB and BRAF mutation status are independent predictive factors
in high-risk melanoma patients with adjuvant anti-PD-1 therapy”, Journal of Cancer
Research and Clinical Oncology, vol. 149, no. 2, pp. 833–840, Feb. 1, 2023. doi: 10.
1007/s00432-022-03939-w[96]

• M. Renovanz et al., “Clinical outcome of biomarker-guided therapies in adult patients
with tumors of the nervous system”, Neuro-Oncology Advances, vol. 5, no. 1, vdad012,
Jan. 1, 2023. doi: 10.1093/noajnl/vdad012[97]

• C. Roggia et al., “Germline findings in patients with advanced malignancies screened
with paired blood–tumour testing for personalised treatment approaches”, European

https://doi.org/10.1053/j.gastro.2025.10.011
https://doi.org/10.3389/fonc.2025.1618596
https://doi.org/10.3389/fonc.2025.1618596
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https://doi.org/10.1016/j.ebiom.2023.104797
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https://doi.org/10.1007/s00432-022-03939-w
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Journal of Cancer, vol. 179, pp. 48–55, Jan. 1, 2023. doi: 10.1016/j.ejca.2022.11.
003[98]

• F. J. Hilke et al., “Distinct Mutation Patterns Reveal Melanoma Subtypes and Influence
Immunotherapy Response in Advanced Melanoma Patients”, Cancers, vol. 12, no. 9,
p. 2359, Sep. 2020. doi: 10.3390/cancers12092359[99]

• A. Forschner et al., “MDM2, MDM4 and EGFR Amplifications and Hyperprogression
in Metastatic Acral and Mucosal Melanoma”, Cancers, vol. 12, no. 3, p. 540, Mar. 2020.
doi: 10.3390/cancers12030540[100]

Note that Hilke et al.[99] and Forschner et al.[100] were published before the candidate
enrolled as a PhD student. The candidate is a co-author of the following preprint. The
manuscript was submitted to a scientific journal, but the peer-review process has not yet
been completed.

• D. Boceck et al. “aiDIVA – Diagnostics of Rare Genetic Diseases Using Large Language
Models”, Accessed: Dec. 15, 2025. [Online]. Available: https://www.medrxiv.org/
content/10.1101/2025.09.04.25335099v1 pre-published[101]

Notably, the candidate is the first author of a preliminary publication he has written as part
of his Master thesis in computational soft matter physics. The manuscript was written years
before starting the PhD project, and the topic of that paper is not directly related to the
bioinformatics field.

• A. Gschwind et al., “Isotropic-nematic transition for hard rods on a three-dimensional
cubic lattice”, Physical Review E, vol. 96, no. 1, p. 012 104, Jul. 5, 2017. doi: 10.1103/
PhysRevE.96.012104[102]

3.3 Conference Contributions

The candidate contributed the following poster presentations at international conferences.
The posters covered early results of the same studies as they were later published in the core
publication of this thesis.

• FOG 2026 in London, United Kingdom: Integration of Multi-Omics Tumor Immuno-
genicity Biomarkers for Predicting Immunotherapy Response.

• ISMB/ECCB 2025 in Liverpool, United Kingdom: Multi-Omics Tumor Immunogenicity
Score.

• ECCB 2024 in Turku, Finland: AI model predicts Anti-PD1 response in melanoma
using multiomics biomarkers.

• TüBMI 2024 in Tübingen, Germany: AI model predicts Anti-PD1 response in melanoma
using multiomic biomarkers.

https://doi.org/10.1016/j.ejca.2022.11.003
https://doi.org/10.1016/j.ejca.2022.11.003
https://doi.org/10.3390/cancers12092359
https://doi.org/10.3390/cancers12030540
https://www.medrxiv.org/content/10.1101/2025.09.04.25335099v1
https://www.medrxiv.org/content/10.1101/2025.09.04.25335099v1
https://doi.org/10.1103/PhysRevE.96.012104
https://doi.org/10.1103/PhysRevE.96.012104
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• ISMB/ECCB 2023 in Lyon, France: Machine learning models predicting response to
immune checkpoint inhibitors (ICI) based on DNA and RNA biomarkers.

A scientific talk was given at the TüBMI 2025 conference.

• TüBMI 2025 in Tübingen, Germany: Tumor Immunogenicity Unlocked: Multiomics
and AI Join Forces to Predict Immunotherapy Response.

In 2022 and 2023, the candidate participated in the NGSchool, a summer school covering
topics relevant to modern bioinformatics. The NGSchool was funded by the Visegrád Group
and took place in the Warsaw metropolitan area. The focuses of both schools were on
“Machine Learning in Computational Biology” and “Advances in Computational Biology.”
The corresponding certificates of participation are provided in Appendix C.1 and Appendix
C.2.

3.4 Teaching

The candidate contributed to academic teaching. During his time as a PhD student, he
served as mentor for the following master theses. All of them covered ML techniques applied
to oncology data.

• Supervised machine learning based approach to predict relapse-free survival time in
melanoma patients. Tübingen. 2022.

• MaLiPre – an explorative protoype evaluation of machine-learning based lymphocyte
infiltration prediction. Erfurt. 2023.

• Comprehensive Neoantigen Annotation and Prioritization for Personalized Cancer Im-
munotherapy. Tübingen. 2024.

3.5 Scientific Peer Review

During his doctoral studies, the candidate was asked to review several scientific papers as
a peer reviewer. He accepted the review of three scientific manuscripts in various journals.
Two of the corresponding reviewer certificates can be inspected in Appendix C.3.



Chapter 4

Results Summary

In this chapter, we briefly summarize the main results of this cumulative work, with respect
to our main research objectives defined in Chapter 2. This dissertation resulted in two
main publications. The first paper focused on ICI outcome prediction using ML models
and their explainability. Thereby, the ML models leveraged genomics, transcriptomics, or
multi-omics biomarkers derived from WES and RNA-seq data. All ML models of that study
were developed and evaluated using various datasets of melanoma patients. In contrast, the
second paper developed an interpretable model using a weighted sum scoring method and
multi-omics biomarkers. This publication focused on ICI survival analysis, generalizability
across cancer types, and underlying molecular mechanisms of tumor immunogenicity. Both
works are listed in Chapter 3.1. Full copies and a list of the candidate’s contributions to each
paper are provided in Appendix A and Appendix B.

4.1 ICI Outcome Prediction

The RECIST criteria estimate the size changes of malignant target lesions using imaging
technologies[84]. Therapy responses are grouped into four RECIST categories, providing a
coherent outcome classification: complete response (CR), partial response (PR), stable dis-
ease (SD), and progressive disease (PD). The RECIST criteria are often binarized, with
patients classified as responders or non-responders. CR and PR are categorized as respon-
ders, whereas SD and PD are regarded as non-responders. We used this binary outcome
classification as the primary outcome measure in the main publications of this thesis. In
both core papers, the continuous model predictions were binarized by maximizing Youden’s
index. This ensured an ideal trade-off between sensitivity and specificity[103]. Receiver op-
erating characteristic (ROC) area under the curves (AUCs) were used as the main outcome
performance measure for the models developed in this work[104]. Using ROC AUCs, the
performance of different models can easily be compared.

In the first core paper, three distinct ML models were developed, integrating either ge-
nomic, transcriptomic, or multi-omic biomarkers. All three models outperformed the FDA-
approved individual biomarker TMB in terms of ROC AUCs, with ICI outcomes defined as
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responders and non-responders. The highest ROC AUC was observed in the multi-omics
model, whereas the genomic and transcriptomic models outperformed TMB alone but had
slightly lower ROC AUCs than the multi-omics model. Surprisingly, using either genomic or
transcriptomic biomarkers led to similar predictive performances, although they are usually
considered orthogonal data. In summary, the increase in ROC AUCs of all three ML models
was moderate compared to that of TMB alone.

In the second core paper, we developed the MOTIscore to predict ICI outcomes in several
cancer types and cohorts. Similar to the ML models, the MOTIscore was defined as a multi-
omics model that integrates several transcriptomic and genomic biomarkers predictive of ICI
outcomes. The results showed an improved predictive accuracy of ICI outcomes compared
to individual biomarkers. The overall performance in terms of ROC AUC was comparable
to that of an ML model in melanoma and gastric cancer. In a benchmark comparison,
our MOTIscore outperformed other models that leveraged single-omic RNA-seq strategies in
terms of ROC AUC in a gastric cancer cohort.

In summary, both approaches led to a higher predictive accuracy than that of TMB alone.
Since both models outperformed TMB, the primary research objective of outperforming in-
dividual biomarkers was met (Chapter 2.1).

4.2 Survival Analysis

In the first paper, we developed an ML model and investigated ICI outcomes in terms of
the binary definition we introduced above. However, we did not analyze other possible ICI
outcome measures, because the available data were not consistently annotated with survival
times. This limitation did not apply to the second paper constituting this thesis, in which
we extended the binary outcome definition. The MOTIscore predictions were additionally
analyzed in terms of survival times. PFS and OS were annotated for many cancer patients
in the available cohorts. Accordingly, we plotted Kaplan–Meier curves for different cancer
types and used the MOTIscore model as a group discriminator. We used a Cox proportional
hazards model to test the groups for statistically significant differences in survival times. In
both gastric cancer and melanoma, the MOTIscore was significantly predictive of PFS and
OS. Cancer patients whose tumors had a high MOTIscore exhibited an extended survival
following ICI treatment. Using cohorts from the MTB Tübingen, we defined a ICI-specific
PFS, which describes the overall duration of ICI, that is, the time from initiation until
termination of ICI. The MOTIscore model was predictive of extended ICI-specific PFS in
melanoma and a pan-cancer cohort.

4.3 Models

In the first publication, we chose LASSO regression as model algorithm for the integration of
genomic, transcriptomic, and multi-omic features. During the training of the model, LASSO
can identify correlated features, and keeps only one of both by rejecting the other’s coefficient
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to zero. The same way, LASSO can shrink coefficients of unimportant features to zero. This
way, we addressed the problem of multicollinearity in the input data, a problem that occurs
frequently in biological sequencing data. Most biomarkers derived from NGS data are highly
correlated due to interconnected biological processes. For example, LASSO reduced the initial
feature space of the genomic model from 40 biomarkers to 13 biomarkers by shrinking the
coefficient size of the remaining features to zero. To our knowledge, no LASSO regression
model has been applied for the integration of NGS-based multi-omics biomarkers or the
prediction of ICI outcomes. Hence, we successfully filled a research gap and developed three
distinct LASSO models integrating genomics, transcriptomics, and multi-omics biomarkers
in the first paper.

In the second publication, we developed a weighted sum scoring model, establishing our
own multi-omics MOTIscore. Eight initial transcriptomic and genomic immunogenicity bio-
markers were selected through an expert interview and integrated into the MOTIscore model.
Using this approach, the model became interpretable by design, making it more suitable for
potential clinical use cases. The MOTIscores were highly correlated to the predictions of a
LASSO model using the same set of biomarkers, and the predictive performance was com-
parable to that of the LASSO model. The weights of the MOTIscore were determined by
statistical tests (Fisher’s exact test and Mann-Whitney U test) in the input cohort. Thereby,
we removed insignificant biomarkers. We accounted for multicollinearities in the feature space
by removing correlated features, further reducing the biomarker count. The final MOTIscore
model resulted in four biomarkers: TMB, TCR repertoire, mutations in ICI-response path-
ways, and PDL1 expression.

4.4 Explainability and Interpretability

We implemented several approaches to explain the predictions of our models. In the first
paper, we conducted feature permutation importance analyses to determine the overall sta-
tistical impact of the individual biomarkers onto the LASSO model. However, this approach
only improves the explainability on a global level and does not provide explanations on a
per-sample base. Hence, we conducted a subsequent SHAP value analysis of our LASSO
models. Using this approach, we obtained per-sample explanations, extending potential use
cases of the models to clinical applications. Since SHAP values are a post-hoc method, these
model explanations remain cohort-dependent. In the second paper, we therefore developed
the MOTIscore model, a weighted sum scoring approach that is interpretable by design. The
MOTIscore model explicitly specifies how individual biomarkers contribute to the final score,
ensuring model interpretability.

The models of both studies resulted in continuous predictions and scores, respectively. The
results were binarized using a cutoff determined by maximizing Youden’s index, an approach
that regards specificity and sensitivity with equal importance. Using this technique, the
determination of the cutoffs remained comprehensible.
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4.5 Generalizability

In the first publication, we tested the generalizability of the LASSO model using only
melanoma data, that is, the same cancer entity as we used for model training. However,
the data set was randomly split into training and test cohorts. The comparison showed that
the LASSO models were also predictive of ICI outcomes in the validation cohort, that is, the
model generalized well to previously unseen data and did not overfit. The test data set of
the first paper comprised only 46 samples, underscoring the need for larger datasets in future
studies.

In the second paper, we extended this data analysis to additional cancer entities, mainly
a gastric cancer cohort. The MOTIscore was developed using a melanoma cohort but also
showed good predictive performance in gastric cancer, both in terms of ROC AUC and sur-
vival. Using pan-cancer dataset from the local MTB, we could also show a good predictive
performance of the MOTIscore in terms of ICI-specific survival using this independent co-
hort. Notably, an extended analysis of DEGs revealed the same set of up-regulated immune
system-related genes in both melanoma and gastric cancer. In particular, CXCL9, CXCL10,
and CXCL11 were up-regulated in patients with high MOTIscore. These genes are part of
the C-X-C chemokine ligand pathway, which plays an important role in immune-cell activa-
tion. Similarly, GSEA revealed a common set of immune response-related gene sets in both
melanoma and gastric cancer. Both findings give evidence that the MOTIscore captured
underlying molecular mechanisms that generalized well across cancer types.
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Discussion

Taken together, the findings of this cumulative dissertation showed that integrating multi-
omics biomarkers can improve the accuracy of ICI outcome predictions. In the first core
publication, we demonstrated this for melanoma using a LASSO model predictive of ICI
outcomes according to the RECIST criteria. In the second paper, we confirmed these findings
using the interpretable MOTIscore, which was also predictive of ICI outcomes in terms of PFS
and OS. Both models outperformed established individual biomarkers, particularly TMB,
in terms of ROC AUCs. Moreover, the MOTIscore outperformed RNA-seq-based models in
gastric cancer in a benchmark comparison. For the MOTIscore, we demonstrated a good
generalizability of the score from melanoma to various cancer types. In the second paper,
this was also shown for a multi-omics LASSO model using the same set of biomarkers as
the MOTIscore. Our benchmark showed that it generalized well from melanoma to gastric
cancer. To a lesser extent, we showed the generalizability of the LASSO models in the first
paper. The model predictions generalized well to an independent test cohort, showing that
the LASSO models did not overfit.

In the first paper, we developed two LASSO models predictive of ICI outcomes that used
either genomic or transcriptomic biomarkers. Interestingly, the performance of both models
was comparable, and both models outperformed TMB, although the transcriptomic model
was based exclusively on RNA-seq and did not include TMB. Genomic biomarkers primarily
capture the mutational landscape of tumors, whereas transcriptomic biomarkers reflect in-
formation about the TME. Hence, the similar performance may indicate that both types of
biomarkers capture complementary but converging information about tumor immunogenic-
ity, eventually reflecting the same immune-related processes relevant for ICI success. This
finding underscores the potential of RNA-seq-based biomarkers in predicting ICI outcomes.
This idea is supported by the identification of the expression of C-X-C motif chemokine ligand
pathway genes as independent predictive factors in the second paper.

To our knowledge, no previous study has used LASSO regression to predict ICI outcomes
using NGS-derived biomarkers. The corresponding literature review was presented in the
introduction, Chapter 1.4. Similarly, the MOTIscore is a new approach for the integration
of multi-omics biomarkers into a single interpretable score to predict ICI responses and sur-
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vival. Thus, both studies contributed important and significant new findings to the field of
computational oncology by introducing new methodologies. In the second paper, another
novel finding was the enrichment of genes of the C-X-C motif chemokine ligand pathway as
an independent predictive factor for ICI outcomes in several cancer types.

An important focus of this thesis was to provide explanations for the model predictions
and, alternatively, to design a model that is inherently interpretable. For clinical applications,
these are crucial prerequisites because physicians need to comprehend how the predictions
are made. In the first paper, we achieved explainability by applying SHAP values to the
LASSO predictions. However, the SHAP methodology is cohort-dependent and provides
post-hoc explanations, potentially limiting the clinical usability of these explanations[105].
Therefore, we developed the MOTIscore in the second core publication of this thesis. The
MOTIscore was designed as a tool that is interpretable through design. This way, we provided
a methodology that can be more easily transferred to clinical applications.

5.1 Co-Authored Publications

All studies to which the candidate contributed as a co-author covered important oncogenetic
topics and most of the research was usually performed using NGS data. These contributions
provided important methodological and scientific experience for the candidate, although the
co-authored publications are not integral part of this cumulative thesis. Some findings of the
papers were directly relevant for the core studies of this cumulative thesis. Insights gained
from the publications helped to refine the selection of biomarkers for our models. For ex-
ample, Forschner et al. revealed the role of MDM2, MDM4, and EGFR amplifications as
negative prognostic markers in ICI-treated metastatic melanoma[100]. Patients with amplifi-
cations in these genes were more likely to experience hyperprogression under ICI treatment.
Hence, these alterations can be considered as ICI resistance mutations. Subsequently, we
used amplifications of these three genes as biomarkers for the LASSO model in the first main
paper[88]. Surprisingly, mutations in ICI resistance pathways were not important for the
predictions of the LASSO model in the first publication.

5.2 Limitations

Both studies of the two main publications have several limitations. In this section, we briefly
summarize the main restrictions, see both papers for a more detailed discussion. An im-
portant limitation of our study was that our models only incorporated transcriptomic and
genomic data, whereas we did not include data from other omics layers, such as proteomics or
metabolomics. Likewise, our models did not include non-NGS data, such as serum albumin,
age, or smoker status, even though many of these clinical variables have been described as
strong predictors of ICI outcomes[106].

The overall cohort sizes were limited and the patient cohorts were heterogeneous, that
is, many patients were not treatment-naïve at the start of ICI. However, ICIs are known
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to perform better when given as first-line therapy compared to later treatment lines[107].
Hence, these prior therapies may have affected both treatment efficacy and survival, thereby
introducing a potential bias to the models we have developed as part of this dissertation. In
addition, our cohorts were assembled using data from different sequencing centers, platforms
and library preparation kits. Although we applied several strategies to minimize batch effects,
these factors are a potential source of bias and error[108]. This may limit the reproducibility
of our findings. In particular, gene expression derived from RNA-seq is prone to biases
introduced by such batch effects.

All studies that were included in the patient cohorts used for our models had a retrospec-
tive design, which limits causal inferences[109]. For instance, there could be selection biases,
inconsistent annotation of RECIST outcomes, and confounders that were not measured by
the authors of the original studies. Such sources of bias could affect both model training and
evaluation, thereby limiting the generalizability of our findings.

5.3 Future Directions

Therefore, all findings presented in the publications of this cumulative thesis should be vali-
dated in independent prospective studies in the future. This is particularly important for the
potential clinical applications of our models. Future work may extend the existing models
by incorporating additional biomarkers and omics layers, such as proteomics, methylation
data, and spatial transcriptomics. Recent studies suggest that the immune response to ICI
treatment may be driven by a single or few high-quality neoantigens[110]. As a consequence,
identifying such neoantigens using an appropriate prioritization algorithm is a promising
direction for future ICI biomarker discovery. Such neoantigen-based biomarkers could be
integrated into models that predict ICI outcomes.

5.4 Conclusion

Both core studies of this cumulative work demonstrated that integrating multi-omics bio-
markers can improve ICI outcome predictions. We applied two different methods, a LASSO
model and a weighted sum scoring scheme, to predict ICI outcomes. Using explainability and
interpretability techniques, our models may serve as a clinically applicable tools. Particularly,
if our findings can be validated in prospective studies. Together, our results support the use
of integrative multi-omics models as a promising direction for decision-making in personalized
oncology.
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AI Model for Predicting Anti-PD1
Response in Melanoma Using
Multi-Omics Biomarkers

This manuscript was submitted to MDPI Cancers on January 11, 2025, and was accepted
for publication on February 18, 2025. The study investigated three machine learning models
using NGS-derived genomics, transcriptomics, and multi-omics biomarkers to predict the
outcomes of ICI treatment in melanoma. All models outperformed the current gold-standard
TMB, with the multi-omics model achieving the best performance. In-depth analyses of
SHAP values revealed post-hoc explanations for the model predictions. This publication was
selected as the cover story of the March 2025 issue of MDPI Cancers.
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Simple Summary: Many patients with skin cancer are treated with immune checkpoint
inhibitors. The treatment can trigger an immune response that attacks cancer cells. This is
achieved by inhibiting immune checkpoints, which act as an “off-switch” of the immune
system. To date, medical doctors have selected patients with a high number of DNA
mutations for this kind of therapy, a biomarker called tumor mutation burden (TMB). Still,
only a minority of patients benefit from the treatment, even if they are selected based on
high TMB. In our study, we first collected a large cohort of patients with melanoma treated
with immune checkpoint inhibitors. We then derived additional tumor biomarkers from
the sequencing data of the patients. We combined these new biomarkers into an artificial
intelligence model to better predict whether a patient will respond to the therapy. Our
results showed that combining multiple biomarkers can improve the treatment selection
for patients with melanoma by providing more accurate outcome predictions.

Abstract: Background: Immune checkpoint inhibitors (ICIs) have demonstrated signif-
icantly improved clinical efficacy in a minority of patients with advanced melanoma,
whereas non-responders potentially suffer from severe side effects and delays in other
treatment options. Predicting the response to anti-PD1 treatment in melanoma remains a
challenge because the current FDA-approved gold standard, the nonsynonymous tumor
mutation burden (nsTMB), offers limited accuracy. Methods: In this study, we devel-
oped a multi-omics-based machine learning model that integrates genomic and transcrip-
tomic biomarkers to predict the response to anti-PD1 treatment in patients with advanced
melanoma. We employed least absolute shrinkage and selection operator (LASSO) regres-
sion with 49 biomarkers extracted from tumor–normal whole-exome and RNA sequencing
as input features. The performance of the multi-omics AI model was thoroughly compared
to that of nsTMB alone and to models that use only genomic or transcriptomic biomarkers.
Results: We used publicly available DNA and RNA-seq datasets of melanoma patients
for the training and validation of our model, forming a meta-cohort of 449 patients for
which the outcome was recorded as a RECIST score. The model substantially improved the
prediction of anti-PD1 outcomes compared to nsTMB alone, with an ROC AUC of 0.7 in
the training set and an ROC AUC of 0.64 in the test set. Using SHAP values, we demon-
strated the explainability of the model’s predictions on a per-sample basis. Conclusions:
We demonstrated that models using only RNA-seq or multi-omics biomarkers outper-
formed nsTMB in predicting the response of melanoma patients to ICI. Furthermore, our
machine learning approach improves clinical usability by providing explanations of its
predictions on a per-patient basis. Our findings underscore the utility of multi-omics data
for selecting patients for treatment with anti-PD1 drugs. However, to train clinical-grade
AI models for routine applications, prospective studies collecting larger melanoma cohorts
with consistent application of exome and RNA sequencing are required.
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1. Introduction
Immune checkpoint inhibitors (ICIs) have revolutionized the therapy of solid can-

cers [1]. ICIs targeting the immune checkpoints cytotoxic T-lymphocyte associated protein
(CTLA4) or programmed cell death protein 1/ligand 1 (PD1/PDL1) have become an inte-
gral part of modern cancer treatment. Anti-PD1 drugs like pembrolizumab or nivolumab
have demonstrated clinical efficacy, leading to a substantial clinical benefit for a subset of
patients with advanced melanoma [2,3].

Despite these efforts, the majority of patients selected for ICI treatment do not show any
benefit from the therapy [4]. There is only one FDA-approved biomarker for the selection
of patients for ICI in melanoma: the nonsynonymous tumor mutation burden (nsTMB). A
higher nsTMB is associated with better anti-PD1 response rates, with a commonly applied
threshold of 10 mutations per megabase [5]. However, nsTMB alone is insufficient to predict
therapeutic outcomes accurately. For instance, objective responses to pembrolizumab were
observed in only 29% of patients with high nsTMB compared to 6% of patients with
low nsTMB in a recent study [6]. Moreover, patients undergoing anti-PD1 treatment
could suffer from potentially life-threatening adverse events, highlighting the urgent
need for more reliable prediction methods [7]. Many other non-approved genomic and
transcriptomic biomarkers have been shown to correlate with ICI outcomes in various
cancer types, suggesting a potential avenue for improved outcome prediction [8]. Most of
these biomarkers can be derived from next-generation sequencing (NGS) data, particularly
whole-exome sequencing (WES) and bulk RNA sequencing (RNA-seq) [9,10].

Given the complex tumor–immune system interactions, we hypothesized that a multi-
omics approach might be a more accurate predictor of anti-PD1 response than single
biomarkers. Thus, we developed a comprehensive approach that integrates both genomic
and transcriptomic biomarkers as features of a multi-omics-based machine learning model.

Several recent studies have developed machine learning (ML) models to enhance the
prediction of ICI outcomes. Most models relied on non-NGS features, such as routine
clinical biomarkers, serum parameters, or histopathology, to predict ICI outcomes [11–13].
Other studies focused on integrating either genomic or transcriptomic biomarkers [14–16].
Lichtfield et al. [17] developed a multi-omics ML model trained with data from multiple
cancer types (“pan-cancer analysis”), using various DNA- and RNA-derived biomarkers.
To our knowledge, no multi-omics models specializing in specific cancer types are available
yet. The aforementioned models leveraged various ML algorithms, such as random forests,
multivariate logistic regression, XGBoost, or neural networks.

Although these developments have improved ICI outcome prediction, most models
provide limited clinical explainability of their predictions. To address these challenges, we
developed a least absolute shrinkage and selection operator (LASSO) regression model [18]
combined with SHAP analysis to enhance the accuracy of anti-PD1 outcome predictions
in melanoma, to improve feature selection, and to provide explainable results for specific
patients. We utilized WES to generate genomic biomarkers from paired tumor and normal
tissues, and RNA-seq to generate transcriptomic biomarkers of the tumor tissue. In total,
our LASSO approach initially incorporated 49 multi-omics biomarkers, covering various
aspects of tumor biology, including the well-established nsTMB, neoantigens, resistance
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mechanisms, tumor immune microenvironment (immune cell infiltration), germline factors,
and additional relevant metrics.

We obtained publicly available datasets of anti-PD1-treated melanoma patients to
assemble a meta-cohort combining WES and RNA-seq, which we used to train and test the
machine learning model. We classified patients as therapy responders or non-responders ac-
cording to the well-established Response Evaluation Criteria In Solid Tumors (RECIST) [19].
This binary classification facilitated the comparison of therapeutic outcomes between
different studies.

Finally, we thoroughly evaluated our model using several performance metrics to com-
pare our LASSO approach with the current gold standard nsTMB. Our findings showed that
the integrated multi-omics approach substantially improved ICI prediction by combining
several biomarkers. Notably, a model based on transcriptomic (RNA-seq) biomarkers alone
performed at least as good as or better than the genome-based nsTMB. A complementary
analysis proved the general explainability of the AI predictions in a clinical context.

2. Materials and Methods
2.1. Patient Collective

We compiled a cohort from several previously published independent studies that
investigated the response to anti-PD1 treatment in patients with metastatic melanoma of
different stages. Raw sequencing data (paired tumor–normal WES and RNA-seq) were
obtained from the Sequence Read Archive (SRA) and from the database of Genotypes and
Phenotypes (dbGaP) after approval by the corresponding data access committees [20,21].
We included samples in our meta-cohort both from formalin-fixed paraffin-embedded
(FFPE) and fresh frozen tissue. Normal samples are usually derived from peripheral
blood. We discarded tumor-only DNA sequencing data and only used samples from pre-
treatment biopsies. Patients were classified as responders or non-responders according to
the RECIST criteria. Patients with progressive disease, stable disease, or mixed responses
were classified as non-responders, whereas those with partial or complete responses were
classified as responders.

After quality control, the cohort reached a total size of 449 WES patients, of which 192
were responders and 257 were non-responders. For the RNA-seq samples, we obtained a
cohort size of 308, of which 134 were responders and 174 were non-responders. Intersecting
WES and RNA-seq data were available for 246 patients, of whom 110 were responders
and 136 were non-responders. Figure 1a provides a detailed overview of the cohort. Each
sub-cohort is denoted by the name of the first author of its seminal publication: Amato,
Cristescu, Gide, Hugo, Liu, Pyke, Riaz, and Wolchok [22–29].

AI models require a test dataset that contains data unseen by the model during training.
Thus, we randomly split the data into training and test datasets, resulting in 46 samples in
the test dataset. We randomly selected test samples for which both WES and RNA-seq data
were available. The split was stratified according to overall response and nsTMB. The final
training–test split is illustrated in Figure 1b.

2.2. Machine Learning Model

Here, we used LASSO regression to predict response to anti-PD1 therapy. LASSO per-
forms both regularization and feature selection by setting unimportant features to exactly
zero. An important criterion for choosing LASSO as our ML model is its ability to handle
multicollinearity in the input features, which is crucial for biological data and specifically
for multi-omics data with various dependencies [18]. In contrast, tree-based models, such
as XGBoost or RFs, can struggle with highly correlated input features and require extensive
hyperparameter tuning. Furthermore, feature selection and interpretability as well as clini-
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cal explainability of the predictions were important criteria in this study. While methods
such as XGBoost and RF do not eliminate coefficients of unimportant features [30] and
SVMs do not provide feature selection at all, LASSO automatically selects a subset of the
most predictive features, thereby improving interpretability. In combination with SHAP
analysis (see below), LASSO therefore provided the best clinical explainability of results.
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corresponding sample counts. (a) We integrated sequencing data from eight studies. We denote each
study by the name of the first author of its publication [22–29]. RNA-seq data were not available for
every WES, and vice versa; however, we achieved an overlap of 246 samples. (b) The cohort was
randomly split into training and test datasets.

Figure 2 shows an outline of our model design. To exploit the entire training dataset,
we created one LASSO model exclusively using DNA biomarkers and another using only
RNA-seq features. The contribution of each biomarker was estimated using permutation
feature importance [31]. Every feature from the DNA and the RNA model with non-zero
coefficients and a feature importance of >0.0055 was then used as an input feature for a
multi-omics LASSO model, leading to a total of 10 features for the multi-omics model. This
model combined DNA and RNA features and was trained on the overlap of samples for
which both DNA and RNA-seq data were available.

We used 40 biomarkers as features of the DNA model. The following WES-derived
metrics, describing both somatic and germline properties as well as resistance mechanisms,
were used:

• Somatic features: BRAF:V600E status, tumor purity, nsTMB, insertion and deletion
(indel) burden, frameshift indel (fsIndel) burden, in-frame indel burden, splice burden,
missense burden, synonymous burden, multiple amino acid burden, frameshift mu-
tation proportion, nonsynonymous to synonymous substitution ratio (dN/dS ratio),
copy number variant (CNV) burden, deletion burden, neoantigen burden, maximum
neoantigen-binding affinity, mean differential agretopicity index (DAI), median DAI,
maximum DAI, upper decile DAI, maximum recognition potential, maximum HEX
alignment score, and maximum dissimilarity score.

• Germline features: mean HLA evolutionary divergence (HED), HLA-B27 supertype, HLA-
B44 supertype, HLA-B62 supertype, homozygous HLA-B, and homozygous HLA-C.
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• Mechanisms of ICI resistance (enriched in non-responders): alterations in B2M, al-
terations in TP53, alterations in STK11, alterations in PTEN, alterations in KRAS,
alterations in MDM2, alterations in MDM4, and alterations in EGFR.

• Mechanisms of ICI response (enriched in responders) were sparse in the training
dataset and merged into one biomarker: alterations in JAK1/JAK2, deletions at
chr6p21.3 (this locus contains HLA class I-related genes), and alterations in CTNNB1.
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Figure 2. Flowchart of the AI models. First, we trained both the LASSO model using DNA data
and the LASSO model using RNA data. The biomarkers selected that way were then used to train a
multi-omics model using the overlap between all training samples for which both WES and RNA-seq
data were available. We only used biomarkers with a permutation feature importance of >0.0055 for
the multi-omics model, resulting in 10 features. All three models were then evaluated in the test set
using different performance measures, such as ROC AUC.

The RNA-based ML model was trained using nine input features. We included
lymphocyte infiltration, T cell receptor (TCR) α chain entropy, TCR β chain entropy, im-
munoglobulin heavy chain (IGHG) entropy, interferon-γ to immunosuppression (IFNG-
IMS) ratio, in-frame fusion neoepitope count, gene expression profile (GEP) of HLA class
I genes, GEP of PDL1, and GEP of B2M. The implementation details and a thorough dis-
cussion of every biomarker used as an input feature in both the DNA and RNA model are
provided in Appendix A.

We used LASSO as implemented in LassoCV in the Python library scikit-learn 1.3.2 [32].
We performed z-transformation with StandardScaler and trained each model using five-
fold cross-validation. Receiver operating characteristic (ROC) area under the curve (AUC)
values were used as the main measures of the predictive power of the DNA, RNA, and
multi-omics models. To further analyze model performance, we stratified the predicted
probabilities into predicted responders and non-responders. We determined the threshold
for these binary predictions by maximizing Youden’s index for the training dataset, thereby
ensuring an optimal trade-off between specificity and sensitivity [33]. Using this cutoff, we
classified the model predictions as true positives (TP), true negatives (TN), false positives
(FP), and false negatives (FN).
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Machine learning models often suffer from a lack of explainability, which makes
it difficult to determine the features that influence a specific prediction. Although we
calculated permutation feature importance scores for our models, they are not meaningful
on a per-sample basis, which is, however, crucial in clinical decision-making. Shapley
Additive Explanations (SHAP) is an approach that addresses this issue and provides feature
contributions for predictions on a per-sample basis [34]. Therefore, we applied SHAP to
evaluate the explainability of the three models and thereby their clinical applicability. This
helps clinicians comprehend the model’s prediction based on the biomarkers on which the
model relied the most for a given case.

2.3. Bioinformatics Pipeline
Basic Analysis Pipeline

We used the megSAP pipeline for the basic analysis of both WES and RNA-seq data.
megSAP (commit 2023_04-8-g6e28b110) is publicly available on GitHub https://github.
com/imgag/megSAP (accessed on 2 May 2023). Briefly, read alignment against GRCh38
was performed using BWA mem2 for the WES samples. Subsequently, Manta 1.6.0 and
Strelka 2.9.10 were used to call somatic variants (structural variants (SVs), single nucleotide
variants (SNVs), and small indels) [35]. CNVs were called using ClinCNV 1.18.3 [36].
All variants were annotated using VEP v109 and the COSMIC Cancer Mutation Census
(CMC) v99 [37,38]. For the RNA-seq samples, the reads were aligned against GRCh38
using STAR 2.7.10b. The read counts were then quantified using subread featureCounts
2.0.4 and normalized to transcripts per million (TPM) by megSAP [39]. In-frame and
frameshift gene fusions were identified using Arriba 2.4.0. HLA genotyping was performed
on the germline WES and RNA-seq samples using our in-house Python3 implementation of
hla-genotyper [40]. The results were visually inspected using the clinical decision support
system GSvar (commit 2023_03-23-g5390f8b), available on GitHub https://github.com/
imgag/ngs-bits (accessed on 18 April 2023).

2.4. Target Regions

We constructed intersecting target regions for all studies included in our cohort. In
short, we determined the region covered by at least 20× for every normal sample. Based
on this information, we included a base in the target region if it was covered in at least
half of the samples. The final target region was then constructed by intersecting it with
the exonic coordinates ±2 bases obtained from ensemble v109. These target regions were
used to calculate the coverage files for the CNV calling by ClinCNV and for quality control.
For any other biomarker that required a target region (e.g., TMB calculation), we used the
intersection between the target regions of all sub-cohorts to avoid batch effects.

2.5. Quality Control

For paired tumor–normal WES, we discarded all samples that did not meet the mini-
mum coverage requirements of 60× for the tumor sample and 20× for the normal sample.
Samples were also excluded if known SNPs found in the tumor and the normal samples did
not show a correlation of at least 0.8, indicating that both samples might have originated
from different individuals, that is, sample confusion. Multiple sequenced samples from the
same tumor were available for a few patients in some studies. In these cases, we excluded
all samples except those with the highest SRA number.

On the level of somatic variants (SNVs and small indels), we excluded all variants that
did not fulfill the following quality criteria: (i) depth in tumor and normal sample > 20×,
(ii) tumor variant allele frequency (VAF) ≥ 5%, (iii) normal VAF < 0.17 × tumor VAF, and
(iv) the variant was detected in at least three or more reads. Copy number variants were
discarded if ClinCNV reported a log likelihood of <100.
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Gene expression data derived from RNA-seq generated at different sequencing facili-
ties are prone to batch effects. Hence, we conducted a principal component analysis (PCA)
of gene expression (in TPM) for all genes and all samples. The results revealed batch effects
between samples of different sub-cohorts, as indicated by sub-cohort-based clustering
(Figure S1, left). Subsequently, we corrected these batch effects using pyComBat [41]. PCA
after batch correction did not show any obvious batch effects (Figure S1, right).

3. Results
3.1. AI Model for Prediction of Anti-PD1 Response

We trained a machine learning model predicting therapy response using a meta-cohort
of 449 cases from eight studies, for which response to anti-PD1 was available as a RECIST
classification. Our cohort consists of a total of 449 WES samples and 308 RNA-seq samples.
However, not every WES sample has a paired RNA-seq sample and vice versa. There are
203 cases with only whole-exome sequencing (WES), 62 cases with only RNA-seq data, and
246 cases with both data types available. Considering this heterogeneity in the OMICs data
availability, we trained three models: (1) a DNA biomarker model, (2) an RNA biomarker
model, and (3) a multi-omics model. To use the same sub-cohort to evaluate all three
models, we only chose cases for the test set that had both WES and RNA-seq data available.
This test set consisted of 20% of otherwise randomly selected cases and was not used for
model training. An overview of the cohort and the split of the cohort into training and test
sets is shown in Figure 1.

An overview of the training and testing procedures is shown in Figure 2. Briefly,
49 DNA- or RNA-based biomarkers (see the Materials and Methods section for a full list)
were extracted from short-read NGS data using the NGS analysis platform megSAP (see
the Materials and Methods section for details). Next, we trained the DNA model using all
cases of the training set with available WES data and the RNA model using all cases of
the training set with available RNA data using LASSO. For both models, we performed
feature selection (Figure 3a,b) and trained a LASSO model for cases with both WES and
RNA-seq data using only features with a feature importance of more than 0.0055 in one of
the two single-data models (Figure 3c; see Section 2 for details on model training). Finally,
we compared the performance of the three models on the training and the test set and
compared them with the well-established nsTMB.

3.2. Feature Selection and Feature Importance

First, we trained the DNA and RNA LASSO models on their corresponding biomarkers
and training set using five-fold cross-validation. We obtained moderate LASSO regular-
ization parameters of 0.021 for the DNA model and 0.024 for the RNA model. These
parameters indicate that both models discarded some less important features but retained
important features. As expected, the coefficients (impact on the model) of several biomark-
ers shrunk to zero, such as the BRAF mutation status for the DNA model or mean HLA
expression for the RNA model. Hence, we retained 13 features with non-zero coefficients
for the DNA model and four non-zero coefficients for the RNA model. We then evaluated
the feature permutation importance scores of the non-zero LASSO coefficients (Figure 3a,b).
Every biomarker above the permutation feature importance threshold of 0.0055 was used
as an input feature for the multi-omics model. This further reduced the feature count of the
multi-omics model to seven DNA and three RNA features. The final multi-omics model
incorporated the following 10 initial genomic and transcriptomic biomarkers: response
pathway, nsTMB, HED, fsIndel burden, defects in B2M, HLA-B27 supertype, tumor purity,
TCR α chain entropy, IFNG-IMS ratio, and IGH entropy. The multi-omic model had a small
LASSO regularization parameter of 0.002 after five-fold cross-validation, indicating that
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most of the features were retained. Indeed, the multi-omics model selected all the initial
input features and resulted in ten non-zero (DNA and RNA) coefficients (Figure 3c).
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Figure 3. Feature permutation importance scores of the DNA model (a), the RNA model (b), and the
multi-omics model (c). The dotted lines at 0.0055 indicate the cutoff used to include a feature in the
multi-omics model. The error bars represent the standard deviation for each biomarker. (d–f) ROC
curves for all three models. The red line represents the ROC curve for the LASSO model. The blue
line represents the ROC curve for nsTMB using the FDA-approved threshold of 10 mutations per Mb.
The black dots denote the optimal probability cutoffs.

3.3. Model Performance on Training and Test Set

Next, we calculated the ROC curves using the response probabilities of the models for
the training set, with the actual response data (responders and non-responders) serving as
the ground truth. All three models outperformed the gold-standard nsTMB in terms of ROC
AUC (Figure 3d–f). The DNA model achieved an ROC AUC of 0.70 versus 0.58 (nsTMB),
the RNA model an ROC AUC of 0.68 versus 0.63 (nsTMB), and the multi-omics model an
ROC AUC of 0.70 versus 0.62 (nsTMB) on the training dataset. The ROC AUC for the nsTMB
of the RNA model was calculated using only the subset of samples for which paired WES
data were available. The distribution of the prediction probabilities varied across the three
models (Figure S2), emphasizing the necessity of model-specific probability cutoff values.
By maximizing Youden’s index, we identified optimal probability thresholds of 0.44 for the
DNA model, 0.41 for the RNA model, and 0.42 for the multi-omics model. Subsequently,
these thresholds were used to classify the model predictions as TP, TN, FP, and FN. Next,
we evaluated the DNA, RNA, and multi-omics models using the independent test set.
Figure 4a–c show the performance of the models in the form of ROC curves. All three
models outperformed nsTMB alone in terms of ROC AUCs: 0.63 versus 0.60 for the DNA
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model, 0.62 versus 0.60 for the RNA model, and 0.64 versus 0.60 for the multi-omics model.
These results imply that the model training did not overfit.
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Figure 4. Model performance in the test set. (a–c) ROC curves of the DNA model (a), the RNA model
(b), and the multi-omics model (c). None of the models exhibited overfitting. The ROC AUC of the
LASSO models was higher than the ROC AUC of the nsTMB alone.

3.4. SHAP Values

Subsequently, we applied the SHAP methodology to the complete cohort analyzed
using the multi-omics model to identify typical biomarkers contributing to the predic-
tion of TP (correctly identified responders) and TN (correctly identified non-responders).
SHAP values estimate the impact of each feature on the prediction on a per-sample basis.
Figure 5a,b show summary plots (“bee swarm”) of the SHAP values for the multi-omics
model for true responders and true non-responders. Each dot represents the contribution
of a biomarker to a specific model prediction. Positive SHAP values contribute to the
prediction of responders, whereas negative SHAP values indicate a negative contribution
to the prediction of non-responders. The dot color denotes the original input value of each
feature; high input values are plotted in red, and low input values are plotted in blue. This
allows us to determine the direction in which the features influence a prediction. For some
of the biomarkers, we observed clear differences between the two groups. For instance,
true non-responders had very low or zero TCR α chain entropy values that contributed to
the prediction of TN. On the other hand, high TCR α chain entropy values contributed to
the prediction of TP. To quantify such discriminative biomarkers between TP and TN, we
calculated the differences in mean SHAP value for each feature (Figure 5c). We tested the
significance of the differences using a two-sided Mann–Whitney U test with Bonferroni
correction, resulting in seven statistically significant discriminative biomarkers between
true responders and non-responders: TCR α chain entropy, response pathways, nsTMB,
IFNG-IMG ratio, fsIndel burden, IGH entropy, and HED.

Figure 6 shows representative plots for two patients, a true responder and a true
non-responder, highlighting the model’s ability to explain its predictions on a per-sample
basis. Both genomic and transcriptomic biomarkers have contributed to these predictions.
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4. Discussion
Taken together, our data showed that AI models using multiple DNA- and RNA-seq-

based biomarkers improved the prediction of anti-PD1 outcomes compared to the current
gold standard, nsTMB. All trained ML models, using only genomic or transcriptomic
biomarkers, as well as the multi-omic model, outperformed nsTMB on the training and
the test set in terms of the ROC AUC, suggesting that incorporating additional features
can provide a more accurate prediction of anti-PD1 responses if sufficient training data are
available. However, the availability of homogeneous training data is still unsatisfactory, as
even after combining multiple studies into a meta-cohort, the number of samples with both
WES and RNA-seq remained limited. Therefore, we expect that larger training datasets
will further improve the potential of AI models.

Although the cost of a multi-omics analysis (WES + RNA-seq) is higher than, e.g.,
a small gene panel, this approach provides not only a comprehensive view on tumor
immunogenicity but also various treatment-relevant biomarkers such as fusion gene events,
the overexpression of amplified oncogenes, the depletion of deleted tumor suppressor
genes, as well as an evaluation of splicing defects. As sequencing costs continue to decline,
the wider adoption of combined WES and RNA-seq may become more feasible in routine
clinical practice, where even small improvements in prediction accuracy may have clinical
benefits, particularly in the selection of patients for ICI.

As anti-PD1 treatment is frequently considered the last treatment option, patients
frequently receive ICIs, regardless of the outcome of tumor genome diagnostics. As a
result, the identification of discriminative features between responders (true positives)
and non-responders (true negatives) is of particular interest to increase the explainability
of the results, potentially leading to improved diagnostic interpretation. We achieved
patient-specific explainability of the outcome by using SHAP values (Figure 5c). These
provide clinicians with a detailed breakdown of the biomarkers that contributed most to
the classification of a patient. Patients showing strong indicators of non-respondents could
receive another type of therapy, such as BRAF inhibitors, or could be spared from the side
effects of the treatment.

Surprisingly, the pure RNA model (without DNA-based features) achieved a better
overall performance than the well-established gold standard nsTMB alone in both the test
and training datasets, although it did not include nsTMB or any other TMB-related metric.
This emphasizes the potential of RNA-based features in modeling ICI responses, mostly
based on features reflecting immune cell infiltration (quantified as TCR composition)
and interferon signatures. Integrating DNA- and RNA-based biomarkers into a multi-
omics model resulted in higher overall performance, despite the substantially reduced
training dataset for which both WES and RNA-seq were available. Feature selection for the
multi-omics model indicated that RNA-derived biomarkers were mostly independent of
DNA-derived biomarkers, contributing equally to the top four most influential features.
Indeed, we did not detect strong correlations between the genomic and transcriptomic
biomarkers in the training dataset (Figure S3). However, we observed correlations between
RNA-seq-based biomarkers and tumor purity. Hence, models that include RNA biomarkers
may underperform in low-purity samples.

The features preferentially selected by the DNA and RNA models were highly bi-
ologically relevant (Figure 3a,b). The DNA model favored, for example, in addition to
nsTMB, the related metric fsIndel burden. Frameshift mutations are a rich source of highly
immunogenic neoepitopes that are recognized by the immune system [42]. In addition,
the DNA model benefitted strongly from information about genetic variants in response
pathways and resistance mechanisms, with changes in response pathways (CTNNB1 alter-
ations, JAK1/JAK2 alterations, and defects at chr6p21.3) being the most important feature.
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Alterations in B2M are the most influential feature representing mutated resistance mech-
anisms. B2M alterations can lead to a dysfunctional MHC complex. This mechanism is
crucial for antigen presentation by cancer cells [43]. Notably, no biomarker related to the
predicted neoantigens exceeded the feature permutation importance threshold of 0.0055.
Therefore, we assume that nsTMB is a comprehensive proxy for most neoantigen-related
biomarkers. In contrast, the RNA model favored immune-related features, such as TCR α

chain entropy, IFNG-IMS ratio, and IGH chain entropy, with TCR α chain entropy being by
far the most important biomarker. These features capture many aspects of the tumor im-
mune microenvironment [44]. TCR α and IGH chain entropy reflect information regarding
immune cell infiltration and diversity in tumors of both T cells and B cells. With IFNG-IMS,
the RNA model also selected an important marker of immune balance because it combines
transcriptomic signals of immune response and immunosuppression [45]. All features
selected by the DNA and RNA model retained non-zero coefficients in the multi-omics
model. However, the permutation feature importance scores differed for some features in
the multi-omics models compared with those in the DNA and RNA models. For example,
tumor purity had a moderate feature importance score in the DNA model but was almost
zero in the multi-omics model. This can be attributed to the correlation between tumor
purity and TCR α chain entropy (Figure S3). Tumors with low purity often have higher
immune cell infiltration, leading to higher TCR α chain entropy.

The SHAP analysis of true responders and true non-responders in the multi-omics
model confirmed the importance of the DNA and RNA features that were originally
selected by feature permutation importance (Figure 5a–c). Remarkably, the SHAP method-
ology allowed us to directly determine the direction in which biomarkers influenced the
predictions. For example, it became evident that high TCR α chain entropy or a high
nsTMB and fsInDel burden contributed to positive predictions as responders. The SHAP
analysis confirmed that patients with mutated response pathways were more likely to
respond to immunotherapy, whereas patients with defects in B2M were less likely to be
classified as responders. More importantly, the application of SHAP values demonstrated
the ability of our model to explain the biomarker contribution on a single-sample basis, i.e.,
the classification of a specific patient. In Figure 6, we showed two representative SHAP
examples of single-sample predictions from the multi-omics model, providing further
evidence for the per-patient interpretability of our predictions. This is an important step
towards the clinical usability of machine learning models because the selection of a patient
for anti-PD1 therapy requires individual explainability and assessment of the classification.

Despite showing promising results, the overall improvements in treatment response
prediction of the three models over nsTMB are still unsatisfactory. One reason could be
the exclusion of non-NGS patient data in our models, such as data on the gut microbiome,
comorbidities, age, alcohol consumption, or serum albumin. Some of these factors, such as
the gut microbiome [46], or serum albumin level [47], have been shown to correlate with
ICI outcomes in various cancer types. Some studies have used AI models to investigate
the interplay between clinical non-NGS features and ICI [48]. However, we did not find
sufficient data in available melanoma studies capturing a comprehensive selection of such
biomarkers together with genomic and transcriptomic data in melanoma. Future studies
should aim to collect a broader range of clinical non-NGS biomarkers, in combination with
NGS data.

Another limitation of our study is that it combined data from different treatment
centers into a meta-cohort. Although we applied several strategies to exclude batch effects
(see Figure S1), we cannot rule them out. Moreover, we did not consider information
regarding prior treatments or alternative treatment options for the patients, as it was
generally not available. Interestingly, only 128 (28%) of the 449 WES samples in our meta-
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cohort had a BRAF:V600 alteration, while the expected prevalence of such a mutation is
approximately 50% in cutaneous melanoma [49]. This discrepancy suggests that around
half the tumors with a BRAF alteration may have been treated with BRAF inhibitors and
not with ICIs, potentially introducing a selection bias. As a result, our findings may not be
fully generalizable to the entire melanoma spectrum, particularly for patients harboring
BRAF mutations (although 128 BRAF:V600 cases are a sufficient number to inform model
training). Finally, consistent staging information was not available for all studies. As
melanoma stage may influence treatment selection and response to anti-PD1 treatment,
this limits the assessment of our models regarding specific stages.

The limited size of the meta-cohort, especially the number of samples with both WES
and RNA-seq, was the main constraint. Therefore, using a larger cohort would likely
improve model training and evaluation. It should also be noted that RECIST, as an outcome
measure, is a commonly used but not universally robust metric [50]. Patients with stable
disease may have survival benefits, whereas partial responders may progress to a later
stage. However, response measures other than the RECIST are often unavailable for public
studies. Collecting more comprehensive response data could be a starting point for future
trials to address this issue. Despite these limitations, we demonstrated the general usability
and interpretability of multi-omics LASSO models for ICI outcome prediction in cancer.

5. Conclusions
In this study, we combined genomic and transcriptomic biomarkers of a large,

melanoma-specific meta-cohort to train a multi-omics LASSO model to predict the response
to ICI. Multiple biomarkers derived from both whole-exome sequencing and RNA-seq
were selected as influential features of the multi-omics model. They showed promising
improvements in predicting anti-PD1 outcomes compared with nsTMB alone. The final
feature selection revealed that biomarkers describing the tumor immune microenviron-
ment should be considered together with tumor cell-intrinsic mutation-based metrics. By
applying the SHAP technique, the model predictions in this study were easier to interpret
and explainable on a per-patient basis, making them more applicable in clinical decision-
making. Although our study demonstrated the general applicability and explainability of
multi-omics LASSO models for ICI outcome prediction, the predictions are not yet fully
satisfactory. The main limitations of our study were the limited size of our meta-cohort and
limited homogeneity. Future research should therefore aim at collecting large homogeneous
ICI cohorts analyzed by WES and RNA-seq for AI model training.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/cancers17050714/s1, Figure S1. Principal Component Analysis
(PCA) of the expression of all genes and samples (in TPM). Each dot color represents one sub-cohort
constituting our meta-cohort. We plotted the principal components with the highest explained
variances. Left: PCA before batch correction. Batch effects were clearly visible. Right: PCA after
batch correction using pyComBat. Batch effects were no longer visible. Figure S2. Distribution of
the predicted response probabilities of the models in the training datasets. The probability density is
different in every model, emphasizing the necessity of model-specific probability cutoff values. The
vertical lines represent these thresholds, which were determined by maximizing Youden’s indices.
Figure S3. Correlation heatmap of the biomarkers in the multi-omics model. We observed only weak
correlations between the transcriptomic and genomic biomarkers. However, we can clearly recognize
a cluster of transcriptomic biomarkers. We used Pearson’s ρ and applied hierarchical clustering to
arrange all features into clusters. Only the data from the training set of the multi-omics model were
used to generate this plot. Table S1. Resistance mechanisms.
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Appendix A.
Appendix A.1. DNA Biomarkers

Tumor Mutational Burden and Related Mutation Count Metrics

To calculate nsTMB, we considered only nonsynonymous variants that occurred in
the overlapping target region of all studies. nsTMB was calculated as the number of
nonsynonymous variants divided by the size of the target region in megabases. In addition
to the classical nsTMB, we derived related burden metrics using different mutation types,
normalized by the size of the common target region. We determined the different burdens
using the following mutation types: (i) indels, (ii) frameshift indels, (iii) in-frame indels,
(iv) splice variants, (v) missense variants, (vi) synonymous variants, and (vii) variants
that cause changes in multiple amino acids (i.e., splice and frameshift). The frameshift
mutation proportion, another TMB-related biomarker, was also calculated. It is defined
as the proportion of frameshift mutations among all the mutation types. Its predictive
potential for anti-PD1 therapy has recently been described in a different cancer entity [51].
In addition to these TMB-related metrics, we included the ratio of all nonsynonymous
mutations to all synonymous mutations, known as the dN/dS ratio [52].

Appendix A.2. Neoantigen and Neoepitope Analysis

The binding affinities to major histocompatibility complex (MHC) class I molecules
were predicted using pVACseq 4.0.1 for all nonsynonymous somatic variants that lie
in the common target region [53]. This pipeline was executed for all possible peptides
with lengths of 8, 9, and 10, reflecting the most common MHC class I peptide-binding
lengths [54]. We executed pVACseq using the neopeptide-binding prediction algorithms
MHCflurry, MHCnuggetsI, NNalign, NetMHC, NetMHCpan, and NetMHCpanEL. We
used local instances of the IEDB MHC class I-binding prediction tools 3.1.2 and MHCflurry
2.0.6 for the pVACseq predictions. We then filtered neoantigen candidates using a binding
affinity cutoff of IC50 < 50 nM. After filtering, neoantigen counts were normalized to
the size of the target in megabases, resulting in a TMB-like biomarker called neoantigen
burden. To account for neoantigen quality, we used the binding affinity of the biomarker
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with the highest binding affinity as a feature. Another neoantigen metric, the differential
agretopicity index (DAI), describes the difference between the predicted binding affinities
of wild-type and mutated alleles [55]. Values < 0 indicate a higher binding affinity for the
mutated peptide than for the wild-type peptide. We calculated the mean, median, upper
decile, and maximum values of all DAIs as biomarkers, reflecting both neoantigen quantity
and quality [56].

We passed any neoepitope candidate with a median binding affinity cutoff of
IC50 < 500 nM to the neoantigen annotation tool NeoFox 1.1.0 to obtain further neoantigen
features [57]. Three metrics predicted by NeoFox were integrated into our model. They
describe various properties of the neoepitope candidates:

• HEX alignment score: This score describes the similarity of tumor peptides to known
viral-derived peptides [58]. High scores reflect a high similarity of the neopeptide
with viral pathogens and could be more likely recognized by the immune system. We
used the maximum HEX score in the sample as a biomarker.

• Recognition potential: A fitness model that uses binding affinities and sequence
similarity of neoantigens to known pathogens of human infectious diseases to estimate
the likelihood of a neoantigen interacting with the immune system [59]. Its maximum
value was used as a biomarker for our model.

• Dissimilarity score: This score compares the mutated peptide to the non-mutated
self-proteome [60]. Neopeptides with higher dissimilarity scores are more likely to be
recognized by the immune system. Therefore, we used the maximum dissimilarity
score as the biomarker.

Appendix A.3. Resistance Mechanisms

Resistance mechanisms are those by which cancer cells evade cancer treatment. In
ICI, these mechanisms are typical ways in which tumors can escape immune responses.
Following a literature review, we included several such biomarkers in our model. Resistance
mechanisms are usually described as deleterious mutations in genes of certain pathways.

Frequent mechanisms include defects in the HLA antigen presentation pathway,
which prevents T cells from recognizing cancer cells [61]. Most genes that form MHC
class I molecules reside at chr6p21.3. Thus, we defined a biomarker that describes
deleterious events at this locus: any deletion or loss of heterozygosity (LOH) event at
chr6:29941259-33314212. This region contains all HLA class I genes and genes necessary
for antigen processing, such as the transporter proteins TAP1/TAP2 and TAPBP. Due to
the highly polymorphic nature of this locus, we did not include potentially deleterious
SNVs and small indels [62]. However, we included deleterious SNVs and indels in B2M as
independent biomarkers. We assumed a dysfunctional B2M protein if we detected LOH
events, heterozygous deletions, mutations with a high VEP effect annotation, or variants
with an annotation of COSMIC CMC tiers 1, 2, and 3. In addition to these two HLA-related
mechanisms, a complete list of all the resistance mechanisms integrated into our models
can be found in Table A1.

Some of the mechanisms affected only a small proportion of our training dataset.
Thus, we merged the mechanisms affecting less than 20% of the training dataset into one
biomarker. This resulted in the union of defects at the HLA locus, CTNNB1 alterations,
and JAK/JAK2 alterations as one biomarker. An analysis of odds ratio revealed that these
biomarkers were more enriched in responders than in non-responders. That is why we
call the resulting merged biomarker a “response pathway”. Further details are provided in
Supplementary Table S1.
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Table A1. Resistance mechanisms. Each mechanism represents a binary biomarker (true or false). If
one of the described alterations was detected, the biomarker was set as true. If none of the described
alterations were found, the corresponding biomarker was set as false. Mechanisms marked by an
asterisk (*) affected less than 20% of the training cohort and were merged into one biomarker.

Mechanism Description Sources

Defects at the HLA locus *
Any deletion or LOH event that overlaps chr6p21.3,
chr6:29941259-33314212. This locus contains the majority of HLA
class I-related genes.

[61]

Defects in B2M

B2M is an integral part of both MHC class I and II complexes.
Dysfunctional B2M proteins lead to the formation of dysfunctional
MHC complexes. However, the loss of both functional alleles is
uncommon since such cancer clones are eradicated by NK cells.
Hence, we counted heterozygous deletions; LOH events; mutations
with a high VEP effect; or COSMIC tiers 1, 2, and 3 as defects in B2M.

[63]

JAK1/JAK2 alteration *

Homozygous deletions; VEP-high; or CMC tier 1,2, and 3 somatic
variants of JAK1 and JAK2. Other genes of the JAK-STAT pathway
were not included because JAK3 is not expressed in solid tissue and
alterations in most STAT genes are difficult to interpret because
STATs are, at the same time, both TSG and oncogenes.

[64]

CTNNB1 pathway alteration *

CTNNB1 is an oncogene. Its pathway includes the negative
regulators APC, AXIN1, and HNF1A, which are present in our
intersecting target region. Thus, we counted the COSMIC tier 1, 2,
and 3 mutations of CTNNB1. For its negative regulators, which act as
TSG, we considered any somatic mutation with a high VEP effect or
COSMIC tiers 1, 2, and 3 as well as homozygous deletions.

[65]

TP53 alteration

TP53 is frequently mutated in many tumors. Defects in this TSG have
manifold effects on cancer cells, including immunosuppression and
evasion. Thus, we considered any deletion; LOH; mutation with a
high VEP effect; or COSMIC tiers 1, 2, and 3 in TP53.

[66]

PTEN alteration

Deleterious events in the TSG PTEN were described as a resistance
mechanism previously. Thus, we considered any deletion; LOH;
mutations with a high VEP effect; or COSMIC tiers 1, 2, and 3 in
PTEN as deleterious.

[67,68]

STK11 alteration

STK11 is a tumor suppressor gene. It was predictive of anti-PD1
resistance in a study on another cancer entity. Hence, we counted any
deletions; mutations with a high VEP effect; or COSMIC tiers 1, 2,
and 3 in STK11.

[69]

KRAS alteration

KRAS is an oncogene. The predictive potential of KRAS mutations in
anti-PD1 treatment has been previously described in another cancer
entity. Thus, we considered any amplification ≥ 4 and mutations
with COSMIC tiers 1, 2, and 3 in KRAS deleterious.

[70]

MDM2 alteration

MDM2 is an oncogene. Activating mutations led to the
hyperprogression of melanoma in a previous study. Thus, we
counted any amplification ≥ 4 and COSMIC tiers 1, 2, and 3 in
MDM2 as resistance mechanisms.

[71]

MDM4 alteration

MDM4 is an oncogene. Activating mutations led to the
hyperprogression of melanoma in a previous study. Thus, we
counted any amplification ≥ 4 and COSMIC tiers 1, 2, and 3 in
MDM4 as resistance mechanisms.

[71]

EGFR alteration

EGFR is an oncogene. Activating mutations led to the
hyperprogression of melanoma in a previous study. Thus, we
counted any amplification ≥ 4 and COSMIC tiers 1, 2, and 3 in EGFR
as resistance mechanisms.

[71]

Appendix A.4. HLA-Related Biomarkers (Germline)

Carriers of homozygous HLA alleles are thought to be at a considerable disadvantage
because their MHC complexes bind to a significantly smaller neopeptide repertoire than that
of heterozygous individuals. Indeed, some studies have shown that patients homozygous
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for HLA-B and HLA-C are less likely to respond to ICI [72]. Therefore, we included both
HLA-B and HLA-C homozygosity as binary biomarkers.

HLA evolutionary divergence (HED) is a measure of the evolutionary protein distance
between HLA alleles in an individual [73]. It has been described as a predictive biomarker
for anti-PD1 therapy outcomes in patients with melanoma [74]. In this study, we used
HED, quantified as the Grantham distance between both alleles. We included the mean
HED of all three classical HLA loci (HLA-A, HLA-B, and HLA-C) as germline biomarkers
in the model. We used an in-house tool to calculate HED, available at GitHub https:
//github.com/axelgschwind/hlaDivergence (commit 37bd5fc, accessed on 17 April 2023).

HLA alleles can be grouped into several supertypes based on their similar physic-
ochemical properties. The three HLA-B supertypes HLA-B27, HLA-B44, and HLA-B62
have been described as predictors of ICI outcomes in melanoma and are thus included as
HLA-related binary biomarkers [72,75].

Appendix A.5. Tumor Purity and Heterogeneity

Tumor purity was defined as the percentage of cancer cells in a tumor sample. It has
been described as a predictor of ICI outcomes in various types of cancer [76]. In this study,
we defined tumor purity as the highest value of tumor clonality determined by ClinCNV.
No CNVs were detected in very few samples. In these cases, we used the median VAF of
the 15 SNVs with the highest VAF as an estimate of purity.

Appendix A.6. CNV Burden

We defined the CNV burden as the proportion of the genome that carries a CNV
to the total size of the genome. We only considered CNVs that passed quality control
and autosomal CNVs. The deletion burden is a related biomarker and is defined as the
proportion of the genome that carries a heterozygous or homozygous deletion.

Appendix A.7. RNA Biomarkers

TCR and BCR Repertoires

We used TRUST4 to reconstruct TCR and BCR clones from RNA-seq data [77]. We
obtained clones of the TCR α, TCR β, and BCR IGH chains. Clones with fewer than two
reads were excluded from analysis. We then calculated the Shannon entropy based on the
counts of distinct clones for each chain in each sample. This metric integrates both richness
(number of distinct clones) and evenness (diversity index and distribution of clone counts)
into a single, continuous biomarker.

Appendix A.8. Immune Cell Infiltration

We estimated the composition of immune cell types from RNA-seq expression data
using the deconvolution algorithm quanTIseq, as implemented by the wrapper pipeline
immunedeconv 2.1.0 [78,79]. Using this approach, we can directly interpret the results
as cell proportions in the RNA sample. In our work, we used the sum of the original
quanTIseq cell types “B cell”, “T cell CD4+ (non-regulatory)”, “T cell CD8+”, “T cell
regulatory (Tregs)”, and “NK cell” as a rough estimate for the lymphocyte infiltration of
the sample.

Appendix A.9. IFNG-IMS Ratio

We used the ratio of two immune-related gene expression signatures as a biomarker.
The impact of this ratio has previously been described as a predictor of ICI outcomes
in melanoma [80]. The first signature contained interferon-γ-related genes. The second
signature described patterns of immunosuppression, originally obtained by comparing ICI
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responders with non-responders. Using the ratio of the signatures, both inflammatory and
immunosuppressive elements were combined to predict the ICI outcomes more precisely.
Following [80,81], the IFNG signature was calculated as the arithmetic mean of the read
counts of IFNG, STAT1, IDO1, CXCL9, CXCL10, and HLA-DRA. The immunosuppression
signature was defined as the mean expression values of ADAM12, AXL, BCAT1, CCL13,
CCL2, CCL8, CD163, COL6A3, FAP, IL10, INHBA, ISG15, OLFML2B, PDGFRB, SIGLEC1,
STC1, TWIST2, and VCAN [80].

Appendix A.10. Gene Expression Profiles

Loss of HLA class I expression is a well-described mechanism of immune evasion and
affects anti-PD1 treatment in melanoma [82]. Thus, we calculated the mean gene expression
values (in TPM) of the three classical HLA class I loci, HLA-A, HLA-B, and HLA-C, as
GEP biomarkers. B2M is also crucial for the formation of MHC complexes, and loss of its
expression has been associated with anti-PD1 outcomes in a recent study of another cancer
entity [83]. For our model, we used the gene expression of B2M, which was quantified as
TPM. Additionally, the expression of the PD1 ligand PDL1 in terms of TPM was utilized as
another GEP biomarker. It was included because it serves as an “official” indication for
anti-PD1 treatment in other cancer entities.
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Supplementary Figures 
 

 
Figure S1. Principal Component Analysis (PCA) of the expression of all genes and samples (in TPM). Each dot color represents 
one sub-cohort constituting our meta-cohort. We plotted the principal components with the highest explained variances. 
Left: PCA before batch correction. Batch effects were clearly visible. Right: PCA after batch correction using pyComBat. Batch 
effects were no longer visible. 

 
Figure S2. Distribution of the predicted response probabilities of the models in the training datasets. The probability density is 
different in every model, emphasizing the necessity of model-specific probability cutoff values. The vertical lines represent 
these thresholds, which were determined by maximizing Youden’s indices. 
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Figure S3. Correlation heatmap of the biomarkers in the multi-omics model. We observed only weak correlations between the 
transcriptomic and genomic biomarkers. However, we can clearly recognize a cluster of transcriptomic biomarkers. We used 
Pearson’s ρ and applied hierarchical clustering to arrange all features into clusters. Only the data from the training set of the 
multi-omics model were used to generate this plot. 
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Supplementary Tables 
 

Resistance Mechanism Odds 
Ratio 

p-value 
(Fisher) 

total 
affected 

% affected # responders # non-
responders 

defects at the HLA locus* 2.18 0.72% 61 15.14% 36 25 

CTNNB1 alteration* 2.08 6.15% 32 7.94% 19 13 

JAK1/JAK2 alteration* 4.86 4.13% 9 2.23% 7 2 

B2M alteration 0.70 10.56% 128 31.76% 47 81 

PTEN alteration 1.13 58.66% 123 30.52% 55 68 

TP53 alteration 1.38 13.07% 197 48.88% 92 105 

STK11 alteration 0.87 57.00% 107 26.55% 43 64 

MDM2 alteration 0.86 61.87% 83 20.60% 33 50 

MDM4 alteration 0.81 35.00% 152 37.72% 60 92 

EGFR alteration 0.88 60.84% 164 40.69% 67 97 

KRAS alteration 1.10 71.94% 92 22.83% 41 51 

merged: response 
pathway  

2.34 0.07% 90 22.33% 53 37 

Supplementary Table S1. Resistance Mechanisms. 
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Appendix B

Multi-Omics Tumor
Immunogenicity Score Predicts
Immunotherapy Outcome and
Survival

This paper was submitted to MDPI Biology on November 3, 2025, and was accepted for
publication on November 27, 2025. In this study, we developed the MOTIscore to predict
the outcomes of ICI treatment and survival rates. Similar to the LASSO machine learning
model studied in the first paper (Appendix A), the MOTIscore integrates various biomarkers
derived from WES and RNA-seq data. It leverages a straightforward weighted sum scoring
scheme, the predictions of which are explainable and interpretable by design. This work not
only explored ICI predictions in melanoma in terms of ROC AUCs, but also in terms of OS
and PFS across various cancer types. Using GSEA, we discovered the role of highly expressed
C-X-C motif chemokine ligands as independent predictors of ICI outcomes and survival. Of
note, we applied for funding of this project in a similar form at the Bundesministerium für
Bildung und Forschung, under the program “Nationale Dekade Gegen Krebs.” See Appendix
B.4 for the study protocol we used for the application, describing the MOTIscore project in
a similar form. However, our funding application was rejected by the Bundesministerium in
2024.

B.1 Author Contributions

Prof. Dr. Sorin Armeanu-Ebinger (co-)supervised this project, curated the initial set of
immunogenicity biomarkers, and inspected and corrected the CNVs baselines. Prof. Dr.
Stephan Ossowski (co-)supervised this project and helped with data acquisition from the
MTB. Dr. Markus Reitmajer and Prof. Dr. Andrea Forschner extracted the PFS of ICI-
treated patients with melanoma from the MTB cohort. Amelie Knapp conducted the manual
inspection of the clinical data of the false-positive MTB and gastric cancer samples. Alexan-
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der Ott developed and maintained parts of the megSAP pipeline. Nadja Ballin and Dr.
Christopher Schroeder helped designing the project. Prof. Dr. Michael Bitzer, Prof. Dr.
Ghazaleh Tabatabai, Prof. Dr. Andreas Hartkopf, Dr. Thorben Groß provided pan-cancer
samples of the MTB Tübingen. Öznur Öner developed and maintained the MTB infrastruc-
ture.

The candidate designed the project and performed the vast majority of the scientific
research in this study. In detail, the candidate

• Designed the project,

• Managed the project,

• Applied for its funding and wrote the corresponding study protocol,

• Applied for approval of this project by the local institutional review board,

• Organized data acquisition from dbGaP and the local MTB,

• Processed all raw sequencing data, and conducted all necessary bioinformatics steps to
extract biomarkers,

• Wrote the code for all data analyses,

• Wrote the manuscript,

• Created all figures in the manuscript,

• Submitted the manuscript, and

• Organized the editing of the paper during the review process.
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Simple Summary

Tumor immunogenicity is the ability of cancer cells to evoke an immune response. Sev-
eral tumor properties have been associated with immunogenicity. However, only a few
single biomarkers are used for clinical decision making, providing a fragmented view of
the complex tumor-immune interactions. In this study, we propose a multi-omics tumor
immunogenicity score (MOTIscore) that combines multiple biomarkers to improve the char-
acterization of tumor immunogenicity. It integrates several biomarkers extracted from DNA
and RNA sequencing data and applies weighted sum scoring. The MOTIscore integrates
various biomarkers, including tumor mutation burden and immune cell infiltration. We
evaluated MOTIscore as a predictor of the outcomes of state-of-the-art cancer immunother-
apy. It was predictive of therapeutic success in both skin and gastric cancers, thereby
outperforming the well-established tumor mutation burden and a machine learning model.
The MOTIscore may help consider immunotherapy approaches for patients discussed in
molecular tumor boards.

Abstract

Background: Tumor immunogenicity is a concept for modeling the susceptibility of tumors
to immune checkpoint inhibitors (ICIs) and other immunotherapies. Single biomarkers,
such as tumor mutation burden (TMB) or PDL1 expression, have been shown to correlate
with ICI outcomes but are poor predictors of overall and progression-free survival (OS,
PFS). Complex machine learning models that integrate multiple biomarkers have shown
improved predictions but often lack clear a priori interpretability. In this study, we devel-
oped a coherent Multi-Omics Tumor Immunogenicity score (MOTIscore) that combines
immunogenicity biomarkers derived from genomic and transcriptomic data and demon-
strated its generalizability across multiple cancer types. Methods: Several immunogenicity
biomarkers, including TMB, neoantigen burden, T-cell receptor repertoire, PDL1 expression,
B2M expression, and variants in pathways of ICI response and resistance, were integrated
using a weighted sum scoring scheme. The weights were determined using statistical tests
in a large melanoma ICI cohort. We compared the MOTIscore with a machine learning (ML)
model trained using the same biomarkers and evaluated the model using melanoma, gastric
cancer, and pan-cancer datasets. Results: MOTIscore achieved results similar to those of
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the ML model in predicting ICI in melanoma and gastric cancer, with both outperforming
TMB. Gastric cancer and melanoma patients with high MOTIscores had a significantly
extended overall and progression-free survival. Gene set enrichment analysis revealed
the enrichment of immune-related pathways in patients with high MOTIscores. Differen-
tial expression analysis between patients with high and low immunogenicity identified
highly expressed C-X-C motif chemokine ligands as important characteristics associated
with successful ICI therapy and significantly improved PFS. MOTIscores varied widely
across cancers treated in the molecular tumor board at our hospital and showed distinct
distributions between non-immunogenic and immunogenic cancer types. Conclusions:
MOTIscore demonstrated improved ICI outcome predictions compared to single-omics
biomarkers. Patients with higher tumor immunogenicity also show significantly improved
OS and PFS in melanoma and gastric cancer. The results demonstrate the potential use of
the MOTIscore to prioritize ICI in personalized cancer treatment. However, ICI outcomes
and survival should be investigated in prospective studies, and additional cancer types
and larger patient cohorts are needed.

Keywords: tumor immunogenicity; immune checkpoint inhibitors; immunotherapy;
anti-PD1; multi-omics; next-generation sequencing; whole exome sequencing; bulk
RNA sequencing

1. Introduction
Tumor immunogenicity plays an important role in state-of-the-art cancer treatment

using immune checkpoint inhibitors (ICIs). Immunogenicity reflects the ability of cancer
cells to be recognized and attacked by the immune system [1]. Various biomarkers, such as
tumor mutation burden (TMB) and immune cell infiltration, are associated with tumor im-
munogenicity but provide only a fragmented view of the tumor immune microenvironment.
The complex nature of the immune-tumor interface cannot be fully captured by a single
biomarker and requires a holistic approach that takes biomarkers from multiple sources
into consideration [2]. In line with this, most single-omics biomarkers have shown poor
efficacy in predicting ICI treatment outcomes in several cancer types. For example, PDL1
expression, quantified as Combined Positive Score (CPS) or Tumor Proportion Score (TPS),
is an approved and commonly used immunohistochemical biomarker for the selection of
patients for ICI. However, neither score is sufficiently selective for ICI [3,4]. Thus, many
patients with low CPS or TPS respond well to ICI, whereas many patients with high CPS
or TPS do not respond. This underscores the urgent need for the identification of more
reliable ICI biomarkers and composite immunogenicity models to predict therapy response
with higher accuracy [5].

Next-generation sequencing (NGS) of both tumor DNA and RNA can be employed to
extract a diverse set of genomic and transcriptomic biomarkers that characterize immuno-
genicity [6]. Such biomarkers include, in addition to TMB and immune cell infiltration,
several tumor genome-intrinsic factors, such as HLA genotypes or mutations in genes
associated with ICI resistance. Biomarkers derived from whole-exome sequencing (WES)
and bulk RNA sequencing (RNA-Seq) are thought to provide orthogonal and complemen-
tary information [7]. For example, information about mutational processes generating
neoantigens can be retrieved from WES data, whereas RNA-Seq captures orthogonal tran-
scriptional data, such as B- and T-cell repertoire and immune cell infiltration. Integrating
several such biomarkers into a multi-omics immunogenicity model has the potential to
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improve our understanding of the complex tumor-immune interface, thereby improving
ICI outcome prediction [8].

Several methods have been proposed to combine multi-omics biomarkers for a com-
prehensive description of tumor immunogenicity, including statistical models and machine
learning algorithms [9,10]. However, machine learning models often lack explainability
and interpretability, which are important criteria for clinical usability [11]. The utilization of
advanced algorithms as black boxes makes it difficult for clinicians to trust and understand
how these algorithms reach their conclusions. Popular explainability techniques, such as
Shapley Additive exPlanations (SHAP) or Local Interpretable Model-Agnostic Explanations
(LIME), provide post hoc interpretations of the models [12]. However, these explanations
can vary widely among patient cohorts, limiting their reproducibility and potential use in
clinical settings.

Here, we propose a straightforward Multi-Omics Tumor Immunogenicity score (MO-
TIscore) that integrates several biomarkers derived from WES and RNA-Seq data. Both
types of sequencing data are becoming increasingly available as part of routine personal-
ized cancer treatment strategies. The MOTIscore model has a transparent design and can
be interpreted a priori by providing the exact impact of each feature on the immunogenicity
estimate. These are crucial prerequisites for potential clinical applications [13]. The MOTIs-
core leverages several biologically meaningful immunogenicity biomarkers, the selection
of which was manually curated. It includes a comprehensive list of eight initial biomarkers:
TMB [14], neoantigen burden [15], T-cell receptor (TCR) repertoire [16], ICI-resistance mech-
anisms [17,18], ICI-response mechanisms [19], HLA evolutionary divergence (HED) [20],
PDL1 expression [21], and B2M expression [18]. The model applies a weighted sum scoring
scheme and determines the weights assigned to each biomarker using basic statistical
techniques, such as Fisher’s exact test or the Mann–Whitney U test [22].

While MOTIscore was designed as an interpretable methodology for integrating
multi-omics biomarkers, this work also investigates its practical oncological relevance.
We developed and validated the MOTIscore using publicly available cohorts of cancer
patients who received ICI treatment, including those with melanoma and gastric cancer.
The sequencing and clinical data provided by these studies were well-documented and
all cases were annotated with ICI outcomes. An additional validation cohort comprised
real-world patients with various cancers from the local molecular tumor board (MTB)
of the University Hospital Tübingen in Germany [23]. The MTB patients were treated
with various anti-cancer strategies, of which immunotherapy was rare due to a lack of
robust biomarkers for the selection of patients for ICI. Hence, by introducing MOTIscore
into MTB diagnostics, we aim to identify immunogenic tumors that are likely to benefit
from ICI therapy. The use of multiple cohorts for evaluation allowed us to explore the
generalizability of the MOTIscore model across various cancer types.

The evaluation of the MOTIscore proved its general ability to discriminate ICI re-
sponders from non-responders, thereby outperforming the traditional biomarker TMB.
ICI-treated patients with high MOTIscores showed improved survival both in terms of
progression-free survival (PFS) and overall survival (OS) in gastric cancer and melanoma.
This suggests that the MOTIscore could facilitate improved selection of patients for ICI
treatment. To compare the performance of the MOTIscore with a machine learning (ML) ap-
proach, we trained a multivariable least absolute shrinkage and selection operator (LASSO)
regression model using the same set of input biomarkers. Both models achieved similar
predictive performances. Furthermore, a gene set enrichment analysis (GSEA) revealed
the role of highly expressed C-X-C motif chemokine ligands as predictive biomarkers
for ICI outcomes and survival, thereby increasing the number of impactful features for
immunogenicity models.
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2. Materials and Methods
Our multi-omics model integrates multiple immunogenicity biomarkers derived from

WES and RNA-Seq data into a weighted sum score. A flowchart of the model is provided
in Supplementary Figure S1.

2.1. Initial Biomarkers

We derived genomic and transcriptomic biomarkers from paired tumor-normal WES
and corresponding RNA-Seq tumor samples. All biomarkers have been associated with
tumor immunogenicity and ICI response in previous studies. In detail, we curated the
following initial list of immunogenicity biomarkers:

• Tumor Mutation Burden (TMB) [14]
• Neoantigen burden [15]
• T-cell receptor (TCR) repertoire [16]
• ICI-resistance mechanisms: B2M mutations and defects of the antigen processing

machinery (APM), which includes the genes TAP1, TAP2, TAPBP, CIITA, CALR, and
CALX [17,18]

• ICI-response mechanisms: mutations in LRP1B [19]
• HLA evolutionary divergence (HED) [20]
• PDL1 expression (in counts per million (CPM)) [21]
• B2M expression (in CPM) [18]

We provide bioinformatic implementation details for each biomarker in Section 2.5.

2.2. Biomarker Selection and Weight Determination

We selected biomarkers and determined the weights for the MOTIscore using a cohort
of melanoma samples for which both ICI treatment outcomes and sequencing data were
available. The melanoma discovery cohort was assembled from six previously published
melanoma studies. We defined binary outcomes as responders and non-responders ac-
cording to the Response Evaluation Criteria in Solid Tumors (RECIST) [24]. Patients with
complete and partial responses were classified as responders, whereas those with stable
and progressive disease were considered non-responders.

To test whether a biomarker was significantly enriched in one of the outcome groups,
we used Fisher’s exact test for categorical biomarkers, and Mann–Whitney U test for contin-
uous biomarkers. Biomarkers that did not show a significance level of at least p < 0.05 were
excluded from MOTIscore. We then checked all biomarkers for mutual correlations using
Spearman’s correlation coefficient ρ. If two biomarkers showed a correlation coefficient of
ρ > 0.5, the biomarker with the smallest effect size was excluded.

The weights assigned to each biomarker were calculated as log10 p-values, which
were normalized by the sum of all weights of the biomarkers that were selected for the
MOTIscore. Finally, we calculated the score as the weighted sum of the z-scores of the
selected biomarkers.

2.3. Bioinformatics Pipeline

All tumor-normal WES and RNA-Seq samples were analyzed using the megSAP
pipeline, available at GitHub https://github.com/imgag/megSAP (commit b148ff9, ac-
cessed on 12 September 2024). For the WES samples, the reads were aligned with Illumina
DRAGEN 4.2.4 against GRCh38 [25]. Subsequently, DRAGEN was used as a somatic vari-
ant caller. All detected somatic variants were annotated using various tools and databases,
including ensemble variant effect predictor (VEP) v112 and the Catalogue of Somatic Muta-
tions in Cancer (COSMIC) v99 [26,27]. ClinCNV was used to identify somatic CNVs [28].
For the RNA-Seq samples, megSAP utilized STAR 2.7.11b for the alignment of the reads [29].
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Read counts were estimated using subread featureCounts 2.0.6 and normalized to CPM [30].
After executing the basic analysis steps of megSAP, we derived additional biomarkers. For
Implementation details, see that section.

For subsequent analyses of gene expression, we used the R package DESeq2 1.46.0
to detect differentially expressed genes (DEGs) and clusterProfiler 4.14.6 for gene set
enrichment analysis (GSEA) [31,32].

2.4. Quality Control

We excluded every sample in this study that did not meet a minimum coverage of
60× for the tumor and 20× for the normal sample. In addition, we discarded all samples
that showed an insufficient correlation of <80% between the SNPs of the tumor and normal
samples, indicating potential sample confusion. If more than 70% of a sample’s somatic
variants appeared in gnomAD, we assumed sample contamination and excluded these
samples from the cohort. As an additional quality filter, all samples with a tumor content
of <30% were excluded from the study. The tumor content was determined using ClinCNV,
and if no CNVs were detected using the median of the 15 highest variant allele frequencies
(VAFs). Samples with zero detected somatic variants were visually inspected in IGV and
discarded if the tumor content was below 30%.

At the level of SNVs and small indels, we required a minimum read depth of 20× for
both the tumor- and normal samples. Only somatic variants with a VAF > 5%, which were
present in at least three distinct sequencing reads, were considered. For somatic CNVs, we
specified a minimum loglikelihood of >100. All CNV calls were inspected manually and
the ClinCNV baselines were corrected if necessary.

2.5. Implementation Details
2.5.1. Target Region

The results presented in this study originated from different sequencing centers and
enrichment kits. A common intersecting target region was constructed to avoid batch
effects. In short, we determined the region that was covered at least 20× for each normal
sample and cohort. We included every base with a coverage of 20× in at least half of
the samples in the target region of a specific cohort. This study-specific region was then
intersected with the coordinates of all exons (±2 bases). Subsequently, the common target
region was obtained by intersecting all study-specific target regions. This intersection
was used for the analysis of all samples and subsequent biomarker extraction, with the
exception of CNV calling, which required cohort-specific target regions.

2.5.2. Tumor Mutation Burden

We calculated TMB as the total number of nonsynonymous somatic variants, nor-
malized by the size of the target region in megabases. To avoid batch effects, we only
considered somatic variants that lied in the intersecting exome target region. All variants
with a predicted VEP impact higher than “protein altering variant” were considered as
nonsynonymous.

2.5.3. Neoantigen Burden

We used pVACseq 4.4.1, a wrapper pipeline integrating several neoantigen prediction
algorithms, for the prediction of neoantigens [33]. The pipeline was executed using three
algorithms: NetMHCpan, NetMHC, and MHCflurry. Every predicted neoantigen candidate
with a predicted median binding affinity of <500 nM was subsequently considered for
the calculation of the neoantigen burden. As an additional filtering step, we excluded
all neoantigen candidates that were not expressed in at least one sequencing read of the
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RNA-Seq data. If deletions of HLA alleles were detected in a sample (see Section 2.5.7, we
considered only those neoantigen candidates that bound to the remaining allele.

2.5.4. TCR Repertoire

TCR clones were extracted from the RNA-Seq data using TRUST4 v1.1.4 [34]. For
further analysis, we included only clones that were detected at least twice in a sample.
Subsequently, we used the number of distinct TCR α chain clones to calculate the Shannon
entropy H:

H = −∑N
i=1 pilog pi

where pi represents the relative frequency of the TCR clone i. N is the total count of the
detected TCR clones. The TCR Shannon entropy serves as an indicator of TCR diversity
in the sample. Therefore, it can be used as a proxy for the TCR repertoire and tumor
infiltrating lymphocytes.

2.5.5. ICI-Resistance Mechanisms

We defined a binary biomarker that describes alterations in known ICI resistance
genes. This biomarker was set to −1 if any deleterious variant occurred in the resistance
mechanisms and 0 otherwise. The negative sign reflects the direction of the mutated
resistance mechanism, as it leads to lower immunogenicity. We included any deleterious
alterations that affected the antigen processing machinery genes, TAP1, TAP2, TAPBP,
CIITA, CALR, CALX. In addition, we considered deleterious alterations of B2M [35].

Only homozygous deletions and variants with a high VEP impact or annotated COS-
MIC Cancer Mutation Census (CMC) levels in any of these seven genes were considered
deleterious. For any alterations, we also required that they affected the main clone. For
CNVs, we determined this directly from the ClinCNV calls. For the SNVs and indels, this
was achieved by filtering out any variant with a variant allele frequency of less than 80% of
the tumor clonality.

2.5.6. ICI-Response Mechanisms

LRP1B mutations are associated with higher immune cell infiltration and have recently
been shown to improve ICI outcome [19]. We considered any somatic alteration in LRP1B
with high VEP impact and CMC annotation as deleterious, as well as any homozygous
deletion. That is, we excluded variants of unclear significance. We considered all mutations
regardless of their clonality. If a mutation was present, this biomarker was set to 1, and
0 otherwise.

2.5.7. HLA Evolutionary Divergence

HLA evolutionary divergence (HED) measures the evolutionary protein distance
between two HLA alleles [36]. In this study, we first determined HLA genotypes using
our in-house implementation of hla-genotyper, available at GitHub https://github.com/
axelgschwind/hla-genotyper (release tag 2022_05, accessed on 24 April 2025) [37]. We then
examined whether there was an overlapping CNV that led to the loss of one HLA allele with
a CNV clonality of at least 25%. As an additional check, we examined the ratio of assigned
hla-genotyper read counts between the tumor and normal samples. We also assumed that
an HLA allele was lost if there was a deviation of >40% in the read count ratios of the
tumor and normal samples. If one HLA allele was lost, similar to homozygosity, HED
was set to 0. HED between the two detected alleles was then measured using Grantham
distance, a protein distance measure that integrates several physicochemical properties [38].
We determined HED only for the HLA binding grooves and not for the whole amino
acid chain.
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2.5.8. Gene Expression

Read counts were quantified using the RNA-Seq megSAP pipeline. Subsequently,
the expression of the immune-related genes PDL1 and B2M was quantified as counts
per million (CPM) [18,21]. For the assembled ICI melanoma cohort, we corrected gene
expression for batch effects using pyCOMBAT 0.3.3 [39].

3. Results
In this study, we integrated several immunogenicity biomarkers derived from WES

and RNA-Seq data into a weighted sum score model. The weights assigned to each
biomarker were determined using statistical tests (Fisher’s exact test and Mann–Whitney
U test) comparing two groups (RECIST responders vs. non-responders) of the melanoma
meta-cohort with available ICI outcome data. Biomarkers that did not meet the minimum
significance threshold of p < 0.05 were excluded. Features with high mutual correlation
coefficients were filtered to avoid bias in the score weights. Subsequently, we calculated
the MOTIscore using z-standardized biomarkers. The score was then evaluated using three
distinct cohorts, two of which had annotated ICI response data. Supplementary Figure
S1 shows an outline of the proposed approach. MOTIscore was benchmarked against a
LASSO model using the same set of biomarkers. The methodology of the LASSO model
has been described elsewhere [9].

3.1. Cohorts

We developed and evaluated MOTIscore using three distinct datasets. Two of these
cohorts, melanoma (n = 225) and gastric cancer (n = 33), were assembled from public studies
and evaluated using ICI outcome data. The third, pan-cancer MTB cohort (n = 559), had
only partially annotated ICI outcome data and represents heterogeneous cancer patients
from the local molecular tumor board of the University Hospital Tübingen, Germany. In
the MTB cohort, we identified samples with very high MOTIscore to consider patients with
highly immunogenic tumors who could potentially benefit from ICI therapy.

In detail, the melanoma cohort (n = 225) was assembled from six studies for which
pre-ICI-treatment sequencing data (WES and RNA-Seq) were publicly available: Amato
et al., Hugo et al., Liu et al., Pyke et al., Riaz et al., and Wolchok et al. [40–45]. A total of
27 samples were excluded based on our quality control criteria. This resulted in a discovery
cohort of 225 ICI-treated melanoma patients for whom paired tumor-normal WES and bulk
RNA-Seq data were available. According to the RECIST classification, 98 patients were
classified as responders and 127 as non-responders, respectively.

The ICI gastric cancer dataset (n = 45) was published by Kim et al. with publicly
available pre-ICI-treatment sequencing data [46]. After quality control with 12 removed
samples, this dataset resulted in 33 ICI-treated patients with gastric cancer, of whom seven
were responders and 26 were non-responders.

The MTB cohort consisted of patients who sought medical advice at the MTB in Tübin-
gen between 2020 and 2024 and who provided informed consent to use their sequencing
data for clinical research. After quality control, which removed 91 samples, the MTB cohort
comprised 559 patients. It contains several cancer types, with brain tumors and melanomas
being the most frequent. It comprises sequencing data at various time points, that is, pre-
and post-treatment samples. The patients included in the MTB cohort received various
anti-cancer drugs, including ICIs. An overview of the MTB cohort and cancer types is
provided in Supplementary Table S1.
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3.2. Selection of Biomarkers and Weight Determination

We determined the weights for the MOTIscore weighted sum scoring model using
the ICI melanoma cohort of 225 patients, of whom 98 were responders and 127 were non-
responders. Five biomarkers remained after filtering out features that did not meet the
minimum significance level of p < 0.05 for discriminating responders from non-responders.
TMB, neoantigen burden, mutations in response pathways, TCR repertoire, and PDL1
expression were retained as biomarkers for the MOTIscore. A subsequent correlation
analysis revealed that TMB and neoantigen burden were highly correlated biomarkers,
with a correlation coefficient of ρ > 0.5 (Supplementary Figure S2a,b). TMB had a larger
effect size than the neoantigen burden. Hence, neoantigen burden was removed as a
biomarker from the MOTIscore. Thus, our final list included the following four biomarkers
and their corresponding normalized weights:

• TMB: 0.345
• ICI-Response pathways: 0.208
• TCR repertoire: 0.320
• PDL1 expression: 0.127

3.3. ICI Outcome Prediction and Survival Analysis

We evaluated MOTIscore as a predictor of ICI outcome in the melanoma (n = 225) and
gastric cancer (n = 33) cohorts. First, we determined the performance of MOTIscore using
receiver operating characteristic (ROC) curves. In Figure 1a,b, we show the ROCs for both
cohorts, with the outcome defined as responders and non-responders. For comparison, we
also show the ROC curves of the current gold standard TMB with the FDA-approved cutoff
of 10 mutations per megabase [47]. For both cancer types, MOTIscore achieved higher ROC
areas under the curve (AUCs) than TMB alone. For melanoma samples, our score achieved
an ROC AUC of 0.66 versus 0.63 (TMB), whereas it reached an ROC AUC of 0.93 versus
0.79 (TMB) for gastric cancer patients.

Next, we benchmarked the performance of MOTIscore against a machine learning
LASSO model, the methodology of which has recently been described [9]. The LASSO
model was trained on the melanoma cohort (n = 225) using the same set of biomarkers
as used for MOTIscore. The scores of both models were highly correlated in both the ICI
melanoma and ICI gastric cancer cohorts (Supplementary Figure S3). The ROC curves of
the LASSO model are shown in green in Figure 1a,b for the melanoma (n = 225) and gastric
cancer (n = 33) cohorts, respectively. With ROC AUCs of 0.70 for melanoma and 0.87 for
gastric cancer, both the LASSO model and the MOTIscore achieved similar results. However,
the MOTIscore achieved a higher ROC AUC in the gastric cancer cohort, indicating good
generalizability from melanoma to gastric cancer. It is important to note that the LASSO
and MOTIscore ROC AUCs for melanoma were calculated using their training cohorts,
likely leading to an overestimation of the ROC AUCs in melanoma due to overfitting.

Next, we determined a cutoff for the MOTIscore in the melanoma cohort by maxi-
mizing Youden’s index, ensuring an ideal tradeoff between sensitivity and specificity [48].
The cutoff was found to be 0.540, as indicated by the black dot in Figure 1a. Subsequently,
we used this threshold to stratify our data for the analysis of PFS and OS. OS data were
available for the Liu et al. sub-cohort of melanoma (n = 111), and PFS data were avail-
able for the Kim et al. gastric cancer cohort (n = 33). MOTIscore clearly discriminated
responders from non-responders, with a 12-month OS rate of 85% versus 61% in the Liu
et al. melanoma cohort, and a 12-month PFS rate of 56% versus 0% in the gastric cancer
cohort. The corresponding Kaplan–Meier estimators are shown in Figure 1c,d. A Cox
model analysis revealed hazard ratios (HR) of 0.48 (p = 0.0193) for melanoma, and of 0.14
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(p = 0.0017) for gastric cancer, indicating a much lower relapse risk for patients with high
MOTIscores.

(a) (b) 

 

(c) (d) 

Figure 1. Performance of the MOTIscore and LASSO as predictors of ICI outcomes in (a) melanoma
and (b) gastric cancer. The MOTIscore achieved a higher ROC AUC performance in both groups
than TMB alone. The black dot in (a) denotes the optimal cutoff, determined using Youden’s index.
(c) Kaplan–Meier curves of OS in the Liu et al. melanoma cohort. Patients with high MOTIscores
experienced better OS, with an HR of 0.48 (95% CI: 0.26–0.89, p = 0.0193). (d) Kaplan–Meier curves
of PFS in the Kim et al. gastric cancer samples. Patients with high MOTIscores clearly exhibited an
extended PFS, with an HR of 0.14 (95% CI: 0.04–0.47, p = 0.0017).

A subsequent analysis of the maximum tumor size reduction in gastric cancer patients
(n = 33) after treatment showed additional predictive value of the MOTIscore, Figure 2a.
MOTIscores and the corresponding molecular and clinical features are provided in Supple-
mentary Table S2 for the Kim et al. gastric cancer cohort. Of the nine gastric cancer patients
with high MOTIscores, eight patients experienced a reduction in tumor size, although
not all were classified as responders according to the RECIST cutoffs. MOTIscore was
significantly inversely correlated with the change in tumor size after treatment, with a
Spearman correlation coefficient of ρ = −0.51 and p = 0.0026 (Figure 2b). This underscores
the predictive power of our score beyond the “official” RECIST cutoffs.
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(a) 

 
(b) (c) 

 

Figure 2. (a) Maximal tumor size changes in gastric cancer patients visualized as a waterfall plot.
The dotted lines indicate the RECIST classification cutoff values. Bars in orange indicate patients
with high MOTIscores whereas blue bars denote patients with low scores. (b) Scatter plot of the
MOTIscore against the changes in tumor size. The score was inversely correlated with the change in
tumor size (Pearson ρ = −0.51 and p = 0.0026). The data used to generate this figure were extracted
from [46]. (c) ROC AUCs of different models predicting ICI outcomes in the Kim et al. gastric cancer
cohort. The MOTIscore (red) and the LASSO model (green) exhibited a higher performance than the
RNA-based single-omics studies we found (blue).

3.4. Benchmarking MOTIscore Against Existing Scores

The gastric cancer cohort (n = 33) was used for method benchmarking in various
publications. Several authors have evaluated their models using ROC AUC curves, mak-
ing their results comparable to those of our MOTIscore benchmark. We conducted a
paper search using Google Scholar with the search term ‘“PRJEB25780” and “ROC”’
(http://scholar.google.com, accessed on 12 March 2025) to find existing works. After
reviewing the search results, we identified six studies that used the Kim et al. gastric
cancer cohort and evaluated their models using ROC AUCs, with the outcome defined
in terms of RECIST [49–54]. In contrast to our multi-omics approach, all other models
were based on single-omics RNA-Seq data. The methodologies used in the existing studies
varied widely. Two models were designed to leverage expression of immunogenicity genes,
one model was based on the expression of senescence genes, and one model on the expres-
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sion of ferroptosis genes. One study made predictions based on MEF2C expression. Finally,
one study made predictions using a long non-coding RNA (lncRNA) signature.

Figure 2c shows a bar plot comparing the ROC AUCs of these studies with MOTIscore.
ROC AUCs of RNA-based models ranged from 0.67 to 0.84, with a median value of 0.72.
MOTIscore outperformed the RNA-based models with an ROC AUC of 0.93. Note that
the effective cohort size of the benchmark tests varies, as the quality control filters of the
studies may vary, and because we could only utilize cases having both DNA and RNA-Seq.

3.5. Gene Set Enrichment Analysis

Next, we conducted an analysis using DESeq2 to identify differentially expressed
genes (DEGs) and pathways enriched for DEGs in the RNA-Seq samples. We stratified
patients into two groups with high and low MOTIscores. Based on the detected DEGs,
we performed GSEA for the Kim et al. gastric cancer cohort (n = 33) using the MSigDB
Hallmark gene sets [55]. This analysis revealed several enriched immune-related gene sets
in the group with high MOTIscores (Figure 3a). After applying significance thresholds
(adjusted p < 0.001 and normalized enrichment score (NES) ≥ 2), the following six Hallmark
gene sets were enriched in gastric cancer: interferon gamma response, interferon alpha
response, allograft rejection, inflammatory response, IL6 JAK STAT3 signaling, and TNFA
signaling via NF-κB. All enriched gene sets describe immune system related processes.

For melanoma, we performed another GSEA using the Liu et al. melanoma ICI sub-
cohort (n = 111). Six significantly enriched Hallmark gene sets were identified in the
group with high MOTIscores: interferon gamma response, allograft rejection, inflammatory
response, interferon alpha response, IL6 JAK STAT3 signaling, and complement system
(Figure 3b). Similar to gastric cancer, all enriched pathways describe processes of the
immune system. The gene sets found in melanoma corresponded to those identified in
patients with gastric cancer, with an overlap of four pathways.

3.6. C-X-C Motif Chemokine Ligands Predict ICI Outcome and Survival

Many immune-related genes were significantly up-regulated in the group with high
MOTIscores, as indicated by the small triangles in the volcano plots for gastric cancer
(n = 33) and the Liu et al. melanoma cohort (n = 111), Figure 3c,d. We defined a gene as
immune-related if it occurred in one of the MSigDB Hallmark gene sets describing immune
system processes. Importantly, the C-X-C motif chemokine ligands CXCL9, CXCL10,
and CXCL11 were significantly up-regulated in patients with high MOTIscores in both
cancer types, suggesting the presence and activation of immune cells in these tumors. To
confirm these findings, we conducted an additional analysis of DEGs in the MTB cohort
(n = 559), using the MOTIscore as the group discriminator. At least two-fold upregulation
of CXCL9, CXCL10, and CXCL11 was observed in all cancer types including melanoma
(n = 77), breast cancer (n = 40), brain cancer (n = 198), and lung cancer when comparing
samples with high to low MOTIscores (Figure S4), with significance for melanoma and
breast cancer. Figure 3f shows box plots of the expression distribution of CXCL9, CXCL10,
and CXCL11 in MTB brain, lung, breast, and melanoma samples, with the samples stratified
into MOTIscore-high and MOTIscore-low groups. The median expression of all three genes
was lowest in brain and lung cancers, whereas higher expression values were detected in
melanoma and breast cancer. We used the Mann–Whitney U test with Benjamini–Hochberg
correction to detect significant differences in the distribution between samples with low
and high MOTIscores. Significant differences were observed in melanoma, breast, and
brain malignancies, whereas no significant differences were observed in lung cancer.
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Figure 3. (a,b) GSEA results for the gastric cancer (n = 33) and the Liu et al. melanoma (n = 111) cohorts
using the Hallmark gene sets. Immune-related pathways were enriched in the MOTIscore-high group,
with significance thresholds of NES ≥ 2 and of adjusted p < 0.001. Enriched pathways are indicated
in red, whereas depleted pathways are blue. (c,d) Volcano plots of the gastric cancer cohort and the
Liu et al. melanoma cohort, with the MOTIscore as the group discriminator. Many immune-related
genes (indicated by triangles (▲)) were significantly up-regulated. We used significance cutoffs of
p < 0.001 and a log2 fc ≥ 1. Up-regulated genes are denoted in red, down-regulated genes in blue,
and non-significant genes in gray. (e) The combined expression of CXCL9, CXCL10, and CXCL11 was
predictive of ICI outcomes in gastric cancer (n = 33), with an ROC AUC of 0.80. (f) Distribution of the
C-X-C motif chemokine ligands expression across cancer types in the MTB cohort. Significance levels
are denoted with asterisks (ns: non-significant, *: p < 0.05, **: p < 0.01, ***: p < 0.001), and outliers are
represented with black dots. (g) Kaplan–Meier curves for this combined biomarker. Patients with
high levels exhibited a significantly extended PFS in gastric cancer, with an HR of 0.17 (p = 0.0164).

The genes CXCL9, CXCL10, and CXCL11 are a crucial components of the C-X-C
motif chemokine family, which plays an important role in the attraction and activation of
immune cells [56]. Recent studies have suggested predictive relevance of these genes for ICI
treatment [57]. Thus, we conducted an exploratory analysis to investigate their effects on
treatment outcome in the cohorts used in this study. To investigate the predictive value of
CXCL9, CXCL10, and CXCL11 for ICI outcomes, we first evaluated each gene individually.

80 APPENDIX B. MULTI-OMICS TUMOR IMMUNOGENICITY SCORE



Biology 2025, 14, 1698 13 of 22

We found that the expression of each gene was a modest predictor of ICI outcomes in
the ICI melanoma (n = 225) and gastric cancer cohorts (n = 33), with ROC AUCs ranging
from 0.53 to 0.79 (Supplementary Figure S5a,b). We then merged the genes into a single
biomarker using the mean value of their log2 fc gene expression. This combined C-X-C
motif chemokine expression marker was predictive of ICI outcomes in terms of both ROC
AUCs and survival. In gastric cancer (n = 33), the combined biomarker achieved an ROC
AUC of 0.80, thereby outperforming TMB (Figure 3e). In the ICI melanoma cohort (n = 225),
we observed an ROC AUC of 0.57, which was better than random but was outperformed
by TMB (Supplementary Figure S5c).

We determined a cutoff value of this combined biomarker by maximizing Youden’s
index in the melanoma ICI cohort (n = 225). The ICI cohorts were then stratified into
two groups based on high and low C-X-C- motif chemokine ligand expression. Figure 3g
shows the corresponding Kaplan–Meier curve for the gastric cancer cohort (n = 33). Cox
model analysis revealed a significantly (HR = 0.17, p = 0.0164) extended PFS in patients
with highly expressed C-X-C motif chemokine ligands. The Kaplan–Meier curves for the
Liu et al. melanoma cohort (n = 111) suggest an extended OS in melanoma (HR = 0.72), but
this was non-significant (p = 0.2240), Supplementary Figure S5d.

3.7. MOTIscore Distribution Across Cancer Types and Clinical Significance in MTB Cohort

In this section, we investigate the distribution of the MOTIscore within the heteroge-
neous pan-cancer MTB cohort (n = 559). All patients were sequenced between 2020 and
2024 at the local MTB and received various anti-cancer drugs [23]. This MTB cohort was
highly heterogeneous; most tumors were advanced, and patients had received multiple
diverse cancer therapies. The most abundant cancer types were malignancies affecting the
brain (n = 198, ICD10 C70 and C71), melanoma (n = 77, ICD10 C43), breast (n = 40, ICD10
C50), and lung (n = 29, ICD10 C34). All other cancer types present in the MTB cohort had
<25 samples and were summarized as “other” (n = 215). A complete description of the
cohort is provided in Supplementary Table S1.

Figure 4a shows boxplots of the MOTIscore for the most abundant cancer types in
the MTB cohort. The distribution of the scores varied widely across cancer types. The
highest median MOTIscores were found in melanoma and lung cancer, whereas brain and
breast cancers showed a very low median score. A Kruskal–Wallis test revealed significant
differences in the MOTIscore distributions between melanoma and lung (higher scores)
versus brain and breast (lower scores), Figure 4a. Moreover, brain cancer showed the
lowest overall distribution of scores (lowest 75% quantile). The median MOTIscores of
all cancer types were below Youden’s cutoff of 0.540, highlighting the potential use of the
MOTIscore in identifying few patients who may benefit from ICI. In both melanoma and
lung cancer, approximately 45% of patients had a high MOTIscore, matching previously
published estimates of patients potentially responsive to ICI in these cancer types [58]. In
breast cancer, less than a quarter of patients showed a high MOTIscore. However, these
patients might be of particular interest for the selection of ICIs, even if immunotherapy
is not part of the standard treatment for this cancer entity (Figure 4a and Supplementary
Table S1). For brain cancer, we only observed a few outliers above the threshold, which
was expected, as brain has low immunogenicity. We speculate that in the outlier patients,
with sometimes very high MOTIscore, the blood–brain barrier is compromised, allowing
immune cells to enter in large amounts. Furthermore, glioblastomas pre-treated with a
chemotherapy often exhibit hypermutation, leading to a very high TMB [59].

A total of 52 patients in the MTB cohort received ICI treatment. ICI treatments were
usually stopped due to disease progression, but it remains unclear whether these endpoints
were censored or whether progression occurred. Thus, we termed this duration the ICI-
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specific PFS. ICI-specific PFS in melanoma (n = 39) and other cancer types (n = 12) was
extended in patients with high MOTIscores, Figure 4b. The effect was large, with effect
sizes of 0.8 in melanoma and of 1.7 in the other cancer entities, as was determined using
Cohen’s d. The extended ICI-specific PFS was significant (p < 0.05), as proven using the
Mann–Whitney U test with Benjamini–Hochberg correction for multiple hypothesis testing.

(a) (b) 

  
(c) (d) 

Figure 4. (a) Distribution of MOTIscores in cancer entities with more than 25 samples in the MTB
cohort. Kruskal–Wallis test followed by Dunn’s test with Benjamini–Hochberg correction revealed
significant differences in the score distributions. The dashed line depicts the cutoff value of 0.540,
which was determined using Youden’s index. (b) ICI-specific PFS of MTB melanoma (n = 39) and
other cancer types (n = 12) for which ICI duration was available. Patients with high MOTIscores
exhibited significantly higher ICI-specific PFS than those with low MOTIscores did. The asterisks
denote significance levels (*: p < 0.05, **: p < 0.01, ****: p < 0.0001) (c) Scatter plot of TCR repertoire
versus TMB in the pan-cancer MTB cohort (n = 559). Orange symbols indicate samples with high
MOTIscores, whereas blue symbols represent samples with low MOTIscores. The cancer type is
denoted by shape. (d) TCR repertoire versus TMB in the ICI melanoma cohort (n = 225). Responders
are denoted with ▲, and non-responders with ▼.

3.8. Clinical Significance of the TCR Repertoire Biomarker

The two main contributing biomarkers to the MOTIscore (highest weights) were TCR
repertoire and TMB. Samples with high TCR repertoire were likely classified as MOTIscore-
high. In contrast, high TMB values with low TCR entropy did not necessarily lead to high
MOTIscores in the MTB pan-cancer and melanoma cohorts. In Figure 4c,d, we show scatter
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plots of TMB versus TCR repertoire in the MTB pan-cancer (n = 559) and the ICI melanoma
cohorts (n = 225). MOTIscore-high samples are shown in orange, whereas MOTIscore-low
samples are denoted in blue. Figure 4c revealed mainly melanoma, but also brain, lung,
and other types of tumor samples showing concomitant MOTIscore-high and high TCR
repertoire in the MTB cohort (n = 559). These patients may benefit from and should be
considered for ICI therapy as part of a personalized treatment strategy. Indeed, most
responders in the ICI melanoma cohort (n = 225), Figure 4d, had concomitant high TCR
entropy and MOTIscore.

Using the ICI melanoma cohort (n = 225), we analyzed the proportion of responders
depending on the TCR repertoire and TMB. The samples were stratified into four groups
based on high and low TCR repertoires, and high and low TMB statuses (Table 1). The
fewest responders (25.7%) were found in the group with low TCR repertoire and low TMB.
Conversely, the highest proportion of responders (67.9%) was found in the group with
both high TMB and TCR repertoire. Interestingly, the group with high TCR repertoire but
low TMB also showed an increase in responders (41.7% compared to 25.7%), supporting
our suggestion to use TCR repertoire as part of the MOTIscore and as an independent
biomarker for selecting patients for ICI, even at low TMB status. Hence, our findings
provide further evidence that integrating RNA- and DNA biomarkers can help identify
patients who may benefit from ICI treatment.

Table 1. We stratified the patients in the ICI melanoma cohort (n = 225) into four groups depending
on their TMB and TCR repertoire levels. Both biomarkers were predictive of the outcomes. However,
most responders were found in the group with both a high TMB and TCR repertoire. Conversely, the
response rate was the lowest in patients with low levels of both biomarkers.

TCR Repertoire TMB Non-Responders Responders Response Rate

Low Low 55 19 25.7%

High Low 35 25 41.7%

Low High 18 20 52.6%

High High 17 36 67.9%

4. Discussion
The multi-omics tumor immunogenicity score outperformed TMB in both melanoma

and gastric cancers, as demonstrated by better ROC AUCs, Figure 1a,b. Furthermore, we
showed that RNA-derived biomarkers, such as TCR repertoire and C-X-C- motif chemokine
ligand expression, discriminate between responders and non-responders and are predictive
of PFS and OS in some cancer types. These findings confirm the hypothesis that integrating
multiple predictive biomarkers derived from both DNA and RNA sequencing can lead to
improved overall predictions compared with the use of single biomarkers as predictors.
This was also evident in our analysis of the ICI melanoma cohort, in which the proportion of
responders was highest in patients with high TMB and TCR repertoire (Table 1). However,
MOTIscore only moderately improved predictions in terms of ROC AUCs. Nonetheless,
additional analyses (Figures 1c,d and 4b) showed that patients with high MOTIscore
had significantly longer PFS and a higher chance of strong shrinkage of the tumor size.
Moreover, our analysis demonstrated that MOTIscore generalizes well to different cancer
types. In patients with melanoma, those with high MOTIscores exhibited improved OS and
ICI-specific PFS. Similarly, in patients with gastric cancer, high MOTIscores were associated
with an extended PFS and high probability of tumor shrinkage. These results underscore
the potential use of MOTIscore as a decision support tool for ICI therapy in clinical settings.
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The MOTIscore is straightforward to calculate and provides transparent results by
design. As WES and RNA-Seq data become increasingly available in routine clinical
oncology, our score can be calculated as part of standard genetic tumor diagnostics. No
additional diagnostic tests are necessary because the MOTIscore only leverages molecular
biomarkers derived from NGS data. However, potential clinical applications will require
validation studies in prospective studies with separate cancer entities. The MOTIscore
could help to select patients with high chances of success for ICI treatment. Our approach
can easily be extended by simply adding and reweighting additional molecular features
if additional biomarkers are of interest or are discovered. For instance, the expression
of C-X-C chemokine ligands discovered in this study could be added as a feature to the
MOTIscore in a prospective study.

The GSEAs of melanoma and gastric cancer revealed intersecting immunogenicity
gene sets that were enriched in both cancers, Figure 3a,b. This overlap might indicate that
the MOTIscore captures the general underlying molecular tumor properties, leading to
the aforementioned good generalizability of the score. The C-X-C motif chemokine ligand
genes CXCL9, CXCL10, and CXCL11 were up-regulated in patients with high MOTIscores
in gastric cancer and melanoma (Figure 3c,d), and we confirmed this finding for different
cancer types in the independent MTB cohort (Figure 3f). Consistent with the role of the
C-X-C motif pathway in immune cell activation and attraction [56], we showed that the
expression of these three genes was a good predictor of ICI outcomes and survival in both
melanoma and gastric cancer (Figure 3e,g and Supplementary Figure S4).

For gastric cancer, we compared the predictions of MOTIscore with those of existing
models (Figure 2c). All benchmark studies we identified by the literature search applied
single-omics models based only on RNA-Seq, whereas MOTIscore and our LASSO model
were based on both WES and RNA-Seq. Both multi-omics models outperformed single-
omics models in predicting ICI outcomes. This finding suggests that integrating various
multi-omics biomarkers provides a more holistic characterization of tumor immunogenicity,
thereby leading to better ICI outcome predictions [60,61]. However, we could only compare
the outcomes with respect to RECIST, but not survival (PFS or OS), as survival analysis was
not available for the other studies.

Our pan-cancer analysis using the local MTB cohort revealed distinct MOTIscore
distributions across cancer types, particularly between immunogenic tumors and tumors
that are normally considered to have low immunogenicity (Figure 4a). This showed
that the MOTIscore also reflects molecular immunogenic properties at the level of cancer
types, reflecting cancer type-specific treatment strategies. The variation in the MOTIscore
distributions aligns well with the immunologic classification of tumors as “hot” (e.g.,
melanoma, lung and gastric cancer) and “cold” (e.g., glioblastoma, meningioma, and breast
cancer) [62]. MOTIscore may help identify hot tumors, even in typically “cold” cancer
types, because it integrates several properties frequently used to distinguish hot and cold
tumors, such as TMB and tumor-infiltrating lymphocytes. For instance, 13 of 40 of the MTB
breast cancer patients had high MOTIscores (>0.54), suggesting a potential clinical benefit
for these patients from ICI, although breast cancer is normally considered a cold tumor
type [63].

We conducted a separate analysis of the TCR repertoire and TMB, Figure 4c,d and
Table 1, because these two biomarkers contributed the most to the MOTIscore with
weights > 0.3. Our in-depth analysis showed that both biomarkers were predictive of
ICI outcomes in melanoma, Table 1. The poorest outcomes were observed in patients with
both a low TCR repertoire and TMB, but interestingly, the group of patients with low TMB
but high TCR repertoire had a strongly increased fraction of responders. Hence, TCR
repertoire should be used in addition to TMB as a criterion for selecting patients for ICI
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therapy. Other recent studies have similarly demonstrated the independent predictive
performance of genomic and transcriptomic biomarkers in melanoma [9].

The neoantigen burden was highly correlated with TMB and was subsequently ex-
cluded from the MOTIscore (Supplementary Figure S2). This finding confirms that TMB
can be used as a proxy for neoantigen burden [64]. However, recent studies have suggested
that the immune response is mostly driven by very few or a single high-quality neoanti-
gens [65]. Thus, the contribution of individual neoantigens could be a better predictor of
anti-tumor immunogenicity than neoantigen burden or TMB. By focusing only on TMB, we
might underestimate the immunogenicity of tumors with low TMB, in which only a few
highly potent neoantigens drive anti-tumor immunogenicity. Conversely, we could easily
overestimate immunogenicity in tumors with high TMB in which no immunogenic antigens
were present. Future studies should include features describing neoantigen quality rather
than quantity, with an appropriate neoantigen prioritization algorithm [66].

Our study had several other limitations. First, some biomarkers were sparsely enriched
in the melanoma discovery cohort. For instance, we detected only two cases with alterations
in the ICI-resistance pathways. These two melanoma cases exhibited homozygous deletions
in B2M, a strong predictor of ICI-resistance, and both were indeed non-responders with
progressive disease. However, ICI-resistance mutations were rejected as biomarkers be-
cause they were not significantly associated with ICI outcomes due to their rarity. Hence, a
larger discovery cohort would likely lead to a higher number of significant biomarkers that
could be included in MOTIscore. An important limitation was our restriction to samples
with a tumor purity >30%, although purity is also a molecular tumor property relevant
for ICI efficacy [67]. Therefore, this filter may have led to bias. Apart from molecular
genetic data, we did not incorporate additional clinical data into MOTIscore, limiting its
applicability to certain patients. For example, patients with brain metastases may not
benefit from ICI despite high MOTIscores, as we observed in one MTB melanoma patient
with brain metastasis. Given the nature of the available data, it remains unclear whether
MOTIscore was predictive of ICI treatment or whether it was just a general prognostic
marker. However, this problem can only be addressed using a specific prospective study
design that involves a non-ICI control group before data acquisition.

5. Conclusions
In summary, we showed that multi-omics biomarkers derived from exome and tran-

scriptome sequencing can be integrated into a unified score, leading to improved charac-
terization of tumor immunogenicity. Comparative analyses of samples with high versus
low MOTIscores revealed enrichment of pathways implicated in the immune regulation of
tumors, such as the C-X-C chemokine signaling pathway. The predictive performance of
the MOTIscore was comparable to that of several other models. MOTIscore demonstrated
robust accuracy in forecasting immune checkpoint inhibitor (ICI) responses according
to the RECIST criteria, outperforming single-biomarker approaches. High MOTIscores,
particularly in cases in which both TCR diversity and TMB were high, were associated
with prolonged overall and progression-free survival in patients with melanoma and gas-
tric cancer who were treated with ICIs, as well as with an increased chance of a strongly
reduced tumor size in gastric cancer. These findings suggest that the MOTIscore may
serve as a clinically useful tool for identifying patients who are likely to benefit from ICI
therapy. Hence, it potentially supports treatment prioritization in molecular tumor boards,
especially after validating the findings presented here in a prospective study. Thereby,
MOTIscore advances personalized oncology.
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Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/biology14121698/s1, Figure S1: Outline of the study. First, we
determined the weights using a cohort of ICI-treated melanoma patients, who were classified as
responders and non-responders. Statistical tests (Mann Whitney U and Fisher’s exact test) provided
p-values that served as weights for our MOTIscore. Biomarkers that exhibited high mutual correlation
coefficients were removed. The MOTIscore was subsequently calculated using z-scores for each
biomarker. Finally, the results were evaluated using three distinct cohorts; Figure S2: (a) Heatmap
of Spearman’s rank correlation coefficients between all biomarkers that were discriminative for ICI
outcomes in the melanoma cohort, with significance levels p < 0.05. (b) Only TMB and Neoantigen
Burden were highly correlated, with a Spearman’s rank correlation coefficient of > 0.5. Consequently,
we removed the Neoantigen Burden as a biomarker for our score. The correlations were calculated
using the melanoma discovery cohort, which was used to determine the weights for the MOTIscore;
Figure S3: Correlation of MOTIscore and LASSO regression scores in (a) melanoma (n = 225) and
(b) gastric cancer (n = 33). Both scores were highly correlated, with Pearson’s correlation coefficients
close to 1 in both cohorts; Figure S4: Volcano plots for the (a) MTB melanoma (n = 77), (b) MTB
brain cancer (n = 198), (c) MTB lung cancer (n = 29), and (d) MTB breast cancer (n = 40) cohorts. All
three C-X-C motif chemokine ligands CXCL9, CXCL10, and CXCL11 were significantly enriched in
melanoma, and CXCL9 was up-regulated in brain cancer. However, none of these genes was enriched
in lung or breast cancer; Figure S5: ROC AUCs of CXCL9, CXCL10, and CXCL11 expression in
(a) the ICI melanoma cohort (n = 225) and (b) the gastric cancer cohort (n = 33). All three genes were
predictive of ICI outcomes in both cancer types. In gastric cancer, they achieved performance similar
to that of TMB. (c) The combination of the log2 fc of these three genes was better than random in the
ICI melanoma cohort (n = 225) but was outperformed by TMB. (d) The Kaplan-Meier curves did not
show significant differences in terms of OS in the Liu et al. melanoma cohort (n = 111); Table S1: MTB
Cohort Overview; Table S2: MOTIscores Gastric Cancer.
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Supplementary Figures 

 

Figure S1. Outline of the study. First, we determined the weights using a cohort of ICI-treated melanoma paƟents, who were 
classified as responders and non-responders. StaƟsƟcal tests (Mann Whitney U and Fisher’s exact test) provided p-values that 
served as weights for our MOTIscore. Biomarkers that exhibited high mutual correlaƟon coefficients were removed. The 
MOTIscore was subsequently calculated using z-scores for each biomarker. Finally, the results were evaluated using three 
disƟnct cohorts. 

 

(a) (b) 

 

  

Figure S2. (a) Heatmap of Spearman’s rank correlaƟon coefficients between all biomarkers that were discriminaƟve for ICI 
outcomes in the melanoma cohort, with significance levels p < 0.05. (b) Only TMB and NeoanƟgen Burden were highly 
correlated, with a Spearman’s rank correlaƟon coefficient of > 0.5. Consequently, we removed the NeoanƟgen Burden as a 
biomarker for our score. The correlaƟons were calculated using the melanoma discovery cohort, which was used to determine 
the weights for the MOTIscore. 
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Figure S3. CorrelaƟon of MOTIscore and LASSO regression scores in (a) melanoma (n = 225) and (b) gastric cancer (n = 33). 
Both scores were highly correlated, with Pearson’s correlaƟon coefficients close to 1 in both cohorts. 

 

(a) (b) 

  

(c) (d) 

  

Figure S4. Volcano plots for the (a) MTB melanoma (n = 77), (b) MTB brain cancer (n = 198), (c) MTB lung cancer (n = 29), and 
(d) MTB breast cancer (n = 40) cohorts. All three C-X-C moƟf chemokine ligands CXCL9, CXCL10, and CXCL11 were significantly 
enriched in melanoma, and CXCL9 was up-regulated in brain cancer. However, none of these genes was enriched in lung or 
breast cancer. 
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Figure S5. ROC AUCs of CXCL9, CXCL10, and CXCL11 expression in (a) the ICI melanoma cohort (n = 225) and (b) the gastric 
cancer cohort (n = 33). All three genes were predicƟve of ICI outcomes in both cancer types. In gastric cancer, they achieved 
performance similar to that of TMB. (c) The combinaƟon of the log2 fc of these three genes was beƩer than random in the ICI 
melanoma cohort (n = 225) but was outperformed by TMB. (d) The Kaplan-Meier curves did not show significant differences 
in terms of OS in the Liu et al. melanoma cohort (n = 111). 
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PROJECT DESCRIPTION 

1 LAY PROJECT SUMMARY  

Modern state-of-the-art cancer therapies include immunotherapies. Such treatments trigger the 

patient’s immune system to attack cancer cells. Clinicians need to know whether tumor cells can 

cause an immune reaction to select patients for therapy. This property of the tumor is also known as 

immunogenicity. The current standards to describe the immunogenicity of a tumor are not very 

comprehensive and are frequently unreliable. Our project aims to design a more accurate score to 

describe tumor immunogenicity, which would be beneficial for personalized cancer treatment. 

To achieve this goal, we will retrieve and combine information about the tumor and the immune 

system from two different sources: sequencing of the DNA, and sequencing of the RNA of the tumor. 

DNA sequencing will provide details about molecular mechanisms within the tumor cells, whereas 

RNA sequencing will inform us not only about certain molecular mechanisms in the tumor cells, but 

also about the tumor environment, such as immune cells that infiltrated the tumor tissue.  

We will then use the information from DNA and RNA to train a machine learning model. In this model, 

we will use the data of a cohort of skin cancer patients who were previously treated with 

immunotherapy. The machine learning model will predict the success of the treatment. Then, the 

results of this model will be used to design a new immunogenicity score, which we termed the 

MIMoRScore. This MIMoRScore combines RNA and DNA and will describe the immunogenicity of 

tumors more comprehensively. It will be evaluated in a second, in-house cohort of more than 1100 

cancer patients, covering a various range of different cancer types. 

2  SCIENTIFIC CONCEPT OF THE PROJECT 

Scientific Objectives 

Next-generation sequencing (NGS) has revolutionized genetic testing and is one of the central 

elements of personalized oncology. As of 2024, in general, two different sequencing techniques are 

the most relevant for tumor profiles: targeted sequencing of panels or whole exomes (WES) and bulk 

RNA sequencing (RNA-Seq). The information derived from both techniques is usually very distinct. 

For example, RNA-Seq can be used to obtain transcriptomic data, including gene expression, gene 

fusions, immune cell infiltration, and other immunological biomarkers. On the other hand, genomic 

information can be derived from WES, providing tumor-intrinsic biomarkers such as the tumor 

mutation burden (TMB), neoantigens, deleterious mutations in tumor suppressor genes, or mutated 

resistance mechanisms. However, in a typical clinical setting, genomic and transcriptomic 

biomarkers are normally not combined to assess and describe tumor immunogenicity. 

Modern anti-cancer drugs, such as immune checkpoint inhibitors (ICIs), require a precise 

assessment of tumor immunogenicity for the selection of patients for this kind of therapy. 

Nevertheless, the current gold standards, such as TMB for melanoma or PDL1 expression for lung 

cancer, are not satisfactory predictors and descriptors of immunogenicity. Our idea is to integrate 

both genomic and transcriptomic biomarkers into a score that captures more properties of the tumor 

to describe its immunogenicity more comprehensively. Therefore, we will apply a combined 

multiomics approach that uses both transcriptomic and genomic biomarkers. We will combine state-

of-the-art machine learning (ML) and weighted rank sum models to generate a reliable 

immunogenicity score, termed MIMoRScore. 
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Methodological Approach 

First, we will train an ML model using a cohort of ICI-treated melanoma patients for which therapy 

outcome data are available. We will specify a binary target variable (responders and non-

responders) using the Response Evaluation Criteria in Solid Tumors (RECIST). Patients with 

complete or partial responses are classified as responders, whereas patients with mixed responses, 

stable or progressive disease are considered as non-responders. We will utilize a Least Absolute 

Shrinkage and Selection Operator (LASSO) regression model using biomarkers derived from both 

RNA-Seq and WES. LASSO regression has the ability to deal with correlated features as well as the 

ability to effectively perform feature selection by shrinking coefficients of unimportant features to 

zero. Following model training, we will estimate the impact of each biomarker by permutation feature 

importance. The non-zero feature importance scores determined in this way will then be used as 

weights for a weighted rank sum model. The resulting score is the MIMoRScore, which we will 

evaluate by estimating tumor immunogenicity in another cohort. This independent pan-cancer 

clinical cohort contains data on more than 1100 tumors and has been generated for the local 

molecular tumor board. For every tumor sample, paired tumor-normal WES and RNA-Seq data are 

available, and the cohort covers a wide range of solid tumor types. ML models often lack the 

explainability of their predictions, which is, however, crucial in clinical practice. To overcome this 

problem, we will apply the relatively new technique of Shapley Additive exPlanations (SHAP) values, 

which provides additional per-sample feature importance estimates for the LASSO model. 

We will use various biomarkers for both the ML model and the weighted rank sum scoring. For the 

transcriptomic biomarkers, we will focus on metrics describing the tumor immune microenvironment 

(TIME), such as immune cell infiltration or the T cell receptor (TCR) / B cell receptor (BCR) repertoire. 

These metrics are either already annotated to our cohorts or can be easily computed from RNA-Seq 

data using tools such as quanTIseq or TRUST4. For the WES data, we will focus on genomic 

biomarkers that describe tumor-intrinsic properties. Besides the well-established TMB, we are 

particularly interested in tumor neoantigens, predicted in silico by algorithms like netMHC or 

netMHCpan. Predicted neoantigens will be filtered for sufficient binding affinities and annotated with 

NeoFox, a tool that calculates neoantigen features to assess their immunogenicity. Furthermore, 

variants in ICI-resistance genes and HLA genotypes will be considered. Since our project aims to 

integrate both WES and RNA-Seq data, we will correlate neoantigen features with transcriptomic 

biomarkers describing the TIME. In this way, we will assess whether certain neoantigens will lead to 

an immune response, indicating the immunogenicity of the neoantigen and thus the tumor. It is also 

of particular interest how strongly neoantigens are expressed, which is another information we can 

only obtain by combining WES and RNA-Seq. 

Quality Assurance, Data Sets and Data Management 

We will use two distinct cohorts for our study. For the ML model, we will use a cohort that has been 

assembled from sequencing data of eight previously published melanoma studies in which patients 

received anti-PD1 treatment. This meta-cohort includes more than 300 combined WES and RNA-

Seq samples. Notably, the therapy outcomes for every sample in this meta-cohort are available in 

accordance with the RECIST criteria (responder and non-responder). For the weighted rank sum 

scoring, we will use a large in-house cohort. It contains sequencing data from more than 1100 cancer 

patients. Each tumor was sequenced using RNA-Seq and tumor-normal WES. This cohort includes 

various cancer types, such as melanoma, colorectal carcinoma, breast cancer, and glioblastoma. 

The basic analysis and annotation of the data sets of both cohorts have already been conducted 

using an in-house bioinformatics sequence analysis pipeline. The analysis steps for the RNA-Seq 
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samples included read alignment against GRCh38, read quantification, and fusion detection, among 

others. For the corresponding tumor-normal WES pairs, the basic analysis included read alignment 

against GRCh38, somatic variant calling including single nucleotide variants (SNVs), small insertion 

and deletions (indels) as well as copy number variants (CNVs), and structural variants (SVs). The 

results from both RNA-Seq and WES were annotated using various tools and databases, such as 

the variant effect predictor (VEP) and the Catalogue of Somatic Mutations in Cancer (COSMIC). Our 

bioinformatics system applies several advanced quality control parameters (e.g., read coverage, 

minimum read count, and contamination detection). This allows discarding all samples that do not 

meet the minimum quality standards. 

The raw sequencing data, as well as the analysis results, have been stored in an organized manner 

in the high-performance computation cluster of our institution. Our computational infrastructure 

provides more than 500 computer cores and several petabytes of storage, demonstrating its 

capability to perform high-throughput analyses of NGS data. Data safety and privacy are ensured by 

the IT department, e.g., by using a strict firewall. We have applied appropriate clinical safety 

standards for all samples to prevent unauthorized access. We emphasize that patient credentials 

(e.g., family name or given name) are stored in a different system to guarantee anonymization. 

Every patient included in our in-house cohort signed a broad consent form for research, which allows 

the use of anonymized patient data for scientific research after approval by the ethical review 

committee. For the melanoma meta-cohort, patients have given informed consent for research use 

and publication of their sequencing data. The ethical review committee of our institution ensures that 

the ethical standards of our study are in accordance with the Declaration of Helsinki. Our analyses 

will primarily rely on bioinformatics tools, libraries, and databases. As is customary in this field, most 

computational tools and databases are published as open-source (e.g., VEP was published under 

the Apache 2.0 license) or are at least free to use for non-commercial research purposes (e.g., 

COSMIC). Therefore, we do not expect any legal constraints for any of the bioinformatics tools or 

databases that we will use. 

Innovation and Exploitation Strategies, Impact and Output 

Here, we presented a new approach that integrates data and biomarkers from different sequencing 

technologies (RNA-Seq and WES). By integrating genomic and transcriptomic biomarkers, our 

approach aims to provide a more comprehensive view of tumor immunogenicity. This is highly 

relevant for the correct selection of the most beneficial treatment options for cancer patients in 

precision oncology, such as state-of-the-art immunotherapy. Our MIMoRScore score reflects both 

tumor-intrinsic properties and TIME. This will very likely help improve predictions of the therapeutic 

outcome for cancer patients treated with ICIs, an urgent need given the poor predictive power of 

TMB or PDL1 expression alone. For example, the anti-PD1 agent pembrolizumab has an objective 

response rate of only 29% in TMB-high melanoma patients versus 6% in TMB-low patients, 

highlighting the necessity of better ICI predictors. 

ML models are often not feasible for clinical applications because their predictions cannot be easily 
explained and interpreted. Applying SHapley Additive exPlanations (SHAP) values is a potential 
avenue for this problem, with SHAP providing per-sample feature importance scores for all 
predictions. 
Our project will make use of an unpublished cohort of more than 1100 combined RNA-Seq and WES 

samples, plus a second meta-cohort of more than 300 samples, exploiting a huge transcriptomic and 

genomic data source across multiple cancer types. As of 2024, we did not find any other published 

clinical cohort that reached a similarly high count of integrated RNA-Seq and WES tumor samples.  

Looking ahead, the results of this project could be used for follow-up research questions after the 

project ends. With the MIMoRScore describing the immunogenicity of tumors, we could assess its 
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performance as a predictor in prospective studies. For example, it could be of interest how well the 

score performs as a predictor for immunotherapy outcome in a future cohort. 

3 LIST OF WORK PACKAGES AND DELIVERABLES 

We will start with the study on October 1st and will finish by March 31st. All work packages will be 
performed within this timeframe. Our proposed work packages (WPs) are as follows: 

- WP1 Quality Control: We will define uniform quality standards. Samples that do not meet 

the minimum quality requirements will be excluded from the study. Deliverables: Quality-

controlled cohorts and a statistical report on the quality metrics. 

- WP2 Selection and derivation of biomarkers: We will define a comprehensive list of 

biomarkers that will be considered in the models of this study. We will focus on the 

aforementioned immune system-related biomarkers and neoantigens. We will check whether 

every sample is annotated with every biomarker and, if necessary, missing biomarkers will 

be derived. Deliverables: Final list of biomarkers and complete derivation of these 

biomarkers from RNA-Seq and WES for every sample. 

- WP3 Implementation and Training of LASSO: We will implement and train a LASSO model 

using the outcome data of the ICI meta-cohort. Permutation feature importance will be 

performed to obtain weights for the weighted rank sum model. The SHAP values will be 

determined as a proof of concept for the explainability of the model. Deliverables: Feature 

importance scores as weights and explainable SHAP values. 

- WP4 Weighted Rank Sum Scoring: Using data of more than 1100 cancer patients, we will 

use the weights determined in WP3 to conduct a weighted rank sum scoring, resulting in our 

MIMoRScore score. We will thoroughly examine the resulting score, comparing it with other 

metrics that describe tumor immunogenicity, such as the TMB or PDL1 expression. 

Deliverables: MIMoRScore score for every sample, MIMoRScore statistics and a statistical 

comparison of the score with other already established metrics.  

- WP5 Wrapping up results: As a last step, we will write a publication manuscript. We will 

aim for publication in an open-access, peer-reviewed journal. The publication fees can later 

be covered by the budget of our faculty. Deliverables: Draft of a paper and submission of 

the manuscript after project end. 

We request funding of 41.666 € plus 20% project flat rate (“Projektpauschale”), 8.333 €. The 
requested sum reaches in total 49.999 €, in words forty-nine thousand nine hundred ninety-nine 
euro. We plan to use this funding as follows: 

Expenses Description Requested 

Staff A scientific employee will be released of their other duties at our 
institute for the duration of the project. They will be assigned full-time 
to exclusively work on this project. We apply for six months of a TV-
L E13/4 position and calculated staff costs using the employer’s 
gross, including a “VBL Klassik” obligatory company pension. 

41.666 € 

Project flat 

rate 

We request 20% of the project expenditure. 8.333 € 

Sum  49.999 € 

4 CONFIRMATION 

A request for funding this project has not been submitted to any other addressee. In case I submit 

such a request, I will inform the Federal Ministry of Education and Research immediately. 
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