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Identifying predictive and resistance biomarkers remains one of the most relevant unmet needs in
clinical cancer research. Artificial Intelligence (Al) represents a powerful tool to develop predictive
algorithms tailored to individual patients. Thanks to its ability to process large quantities of
heterogeneous, patient-level information, the Al-based approach is progressively fostering the growth
of a data-driven paradigm to complement traditional, hypothesis-driven clinical research. However,
the development of reliable Al models requires access to large, high-quality, and continuously
updated datasets. Despite this necessity, no infrastructure currently exists to enable federated, multi-
omic, standardized, prospective, and large-scale collection and analysis of real-world clinical and
biological data in the context of lung cancer. We established the APOLLO11 consortium, a distributed,
nationwide, updated Italian lung cancer network designed to build a decentralized, long-term,
population-based, real-world data repository and a multilevel biobank, locally stored and centrally
annotated. This strategy seeks to lay the foundation for the clinical implementation of data-driven
research, ultimately advancing precision oncology.

With the advent of several innovative therapies, such as immunotherapy  different IO-based therapeutics and targeted treatments radically changed
(IO), target therapies, and other next-generation treatments, the identifi- the treatment landscape of advanced Non-Small Cell Lung Cancer
cation of predictive biomarkers has become the main goal of clinical and  (aNSCLC) and advanced Small Cell Lung Cancer (aSCLC) patients, sig-
translational research in advanced lung cancer'™. Indeed, the approval of nificantly prolonging the overall survival (OS) and also inducing a long-
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term remission for a quote of patients with metastatic disease’*. However,

around half of patients do not benefit from these novel therapies, either due
to primary refractoriness or due to secondary resistance, which occurs after
an initial benefit'"'*"'%. Current biomarkers are inadequate to guide treat-
ment decisions in the context of novel therapeutics. As an example, the role
of Programmed Death Ligand 1 (PD-L1), as evaluated by immunohis-
tochemistry (IHC) on tumor specimens, to predict IO utility remains poorly
defined, and no other biomarkers are currently used to tailor IO-based
treatments (e.g., IO alone vs IO in combination with chemotherapy)'>'""".

Conventional statistical methods are widely used in oncology to find
associations between patient characteristics and outcomes, and to test
whether data provide sufficient support for a specific hypothesis. However,
conventional approaches have limited capacity to comprehensively evaluate
the complexity of cancer biology, and to integrate the vast, heterogeneous,
multi-modal data available from oncological patients*”'. In addition, the
increasing advancement in technology has led to an unprecedented accel-
eration of drug discovery, making the oncology field continuously and
dramatically changing, even in a short timeframe. For this reason, the
hypothesis-driven research, which is based on establishing ad hoc studies to
test just a single or a few hypotheses at the same time, cannot keep pace with
the recent advances in oncology”>”. Artificial Intelligence (AI) frameworks,
which synthesize and correlate information from different data sources, are
a potentially highly efficient instrument to construct algorithms reinforcing
the individual patient prediction. Al also allows the extraction of informa-
tion from unstructured data, such as medical images, digitized slides, and
mobile app monitoring, which can be associated with prognosis or benefit
from treatments and therefore adoptable as potential novel biomarkers.
Through the ability of AI to handle large quantities of single-patient
information at the same time, the data-driven paradigm is increasingly
rising, in parallel to the traditional hypothesis-driven clinical research™*.
This approach allows multiple clinical or scientific questions to be tested
simultaneously using existing data, providing timely insights from open
questions that are constantly arising from clinical practice or translational
research.

The increasing availability of real-world data (RWD) and the appli-
cation of Al are enabling the generation of novel hypotheses and accel-
erating translational insights. However, to achieve this goal, a large amount
of high-quality, updated, and multisource data is mandatory to appro-
priately train AI models and reach satisfactory accuracy to make them
applicable in clinical practice''****. To address the lack of adequate data to
perform the analyses required to address unmet clinical needs, we estab-
lished the APOLLO11 consortium, which is a distributed, nationwide,
continuously updated Italian lung cancer network. It encompasses the
development of a decentralized long-term national database collecting
RWD, settled locally in each center, and a “multilevel” biobank, locally
stored and centrally annotated. The multilevel structure is designed to
maximize the contribution to biological samples collection, including cen-
ters with more limited facilities. APOLLO11 aims to create a large platform
for the collection of data from multiple sources, to accelerate the conduct of
academic research, and to generate knowledge to answer new questions
arising from clinical practice. This strategy aims to become the foundation
for the clinical implementation of data-driven research”.

APOLLO11 will address several clinically-relevant, unsolved scientific
questions”. The first scientific objective of this project is to find a predictive
multi-omic algorithm of IO efficacy in aNSCLC patients. To achieve this
scientific aim, multi-modal data were collected from aNSCLC patients
treated with IO-based therapy across centers participating in the con-
sortium. Machine Learning (ML) and Deep Learning (DL) Al-based models
will be used to generate and synthesize biomarkers to accomplish the highest
performance in prediction using multi-modal data. With the help of
EXplainable trustworthy AI (XAI) methodologies and fairness auditing,
trustworthy, human-readable models will be generated, leading to the
creation of a responsible Al-based tool. This tool aims to support indivi-
dualized treatment decisions about the use of IO in aNSCLC, optimizing
treatment outcomes while minimizing undue toxicity.

In this manuscript, we will describe the rationale, structure, and detail
the early implementation of the APOLLO1 1 nationwide infrastructure, with
the aim of presenting the framework underpinning the collection, harmo-
nization, and integration of clinical, radiomic, and multi-omic data in lung
cancer.

Results

To keep the pace of the drug discovery process, the APOLLO11 consortium
aims to collect updated large-scale data to identify and combine different
types of biomarkers (clinical, radiologic, genetic, molecular, and immuno-
logical) across different lung cancer histological and biological entities and
stages. We expect to identify markers predicting response to therapy at
baseline, markers associated with primary and secondary resistance
mechanisms, markers capable of predicting relapse, and markers associated
with treatment toxicity.

APOLLOL11 aims to become a network model for data collection and
analysis in the data-driven research era, which can be applied to virtually all
fields of oncology and different geographical and territorial contexts™**. To
pursue this objective, different steps are crucial for its implementation,
starting from network building to results generation and application.
APOLLO11 workflow as a model for data-driven research is shown in Fig. 1.

Network establishment

Firstly, we established an Italian network of clinical centers with expertise in
the treatment of lung cancer. The oncological network in Italy, as is often the
case in the field, is characterized by a “hub and spokes” model of organi-
zation, in which local “spokes” centers generally take charge of patients,
referring more complex clinical situations or treatment within clinical trials
to the “hub” centers. The “hub” centers, on the other hand, are specialized in
testing new drugs or new therapeutic approaches, or on treatment of rarer
clinical conditions. This type of healthcare approach has led to a fragmen-
tation of the collection of clinical data and biological materials, which often
remain unused when they are collected at “spokes” centers. The con-
sequence of this model is that RWD and biological material collected in non-
research institutions cannot be used for research purposes, thus excluding
“spokes” from academic research®”.

The APOLLOI11 project is breaking down these logistical and
administrative barriers, enabling even smaller centers to contribute to
research activity and, on the other hand, to channel a large amount of data to
the ‘hub’ centers, making it available for scientific purposes. For this project,
the identification of centers comes from a careful selection of public, aca-
demic, or private hospitals reflecting specific criteria. In particular, aspects
considered crucial for inclusion in the network are: the presence of clinical
oncologists with the experience and motivation to conduct academic
research; software able to support electronic health records (EHRs) on
which patient data and images can be unambiguously traced; one or more
experienced staff dedicated to data collection and data management and
biologists dedicated to the handling of biological samples; experience in the
management of clinical trials, including academic ones. Moreover, to
guarantee a nationwide reproducible data collection reaching the
population-based level, an effort is made to include centers equally dis-
tributed across the national territory, including rural ones, such as those in
the island territories. This will allow patients with diverse demographics,
varying access to healthcare, and different social circumstances and health-
related behaviors. On the other hand, the ‘spokes’ centers are guaranteed the
opportunity to actively participate in data collection and analytic processes,
and access to training and support resources provided by the APOLLOI11
network. Additionally, participating centers benefit from increased visibility
and recognition within the oncology community, as well as the opportunity
to contribute to cutting-edge research and advancements in cancer care.

Infrastructure

Each participating center is collecting data using the secure web-based
REDCap platform™. APOLLOI11 data collection encompasses both retro-
spective and prospective observational phases. During the retrospective
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phase, all participating centers are contributing to the collection of RWD on
lung cancer patients already treated with innovative systemic therapies.
RWD collected includes demographic, epidemiological, treatment-related,
blood-based (e.g., cell blood counts, biochemical), tumor-related (e.g., bio-
logical evaluations performed on tumor specimens as per clinical practice),

as well as treatment details, survival outcomes, radiological response, and
toxicity data. In the prospective phase, the study enrolls lung cancer patients
who are candidates for an innovative systemic therapy, including newly
diagnosed patients not previously exposed to such treatments. For the
purposes of the study, innovative therapy is defined as any medical
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Fig. 1 | APOLLO11 workflow for data-driven research. A Patient enrollment and
data collection; B Biological and sample collection; C Data and sample sharing;

D Model generation. The figure shows the entire process from the enrollment of a
lung cancer patient at the local center, including the annotation of RWD, medical
images and biological samples on REDCap (A), the local collection of biological

material (B), the distribution of samples and data among centers (C) and the final
predictive model generation to accomplish scientific tasks (D). The figure underlines
some of the crucial aspects of data-driven research implemented in the APOLLO11
study: broad inclusion criteria, adoption of one-shot informed consent, central data

annotation, use of federated learning for data sharing, lab manual, and data dic-
tionary to standardize data for the analyses. ADC antibody-drug conjugate. fDNA
cell-free deoxyribonucleic acid. CT computed tomography. eCRF electronic case
report form. HE hematoxylin-eosin. IO immune-oncology treatment. miRNA
micro ribonucleic acid. MRI magnetic resonance imaging. NSCLC non-small cell
lung cancer. PD progressive disease. PD-L1 programmed death ligand 1. PBMC
peripheral blood mononuclear cell. PET positron emission tomography. PMN
polymorphonuclear leukocyte. RWD real-world data. SCLC small cell lung cancer.
SNP single-nucleotide polymorphism. TT targeted therapy.

treatment that has been registered in Italy since the year 2010. Patient
enrollment at each center started from the date of local committee approval,
whereas individual data collection began when patients provided informed
consent for data handling. RWD will be pseudonymized and entered into
thelocal REDCap database, with a continuous update. Data sharing between
participating centers and the coordinating center is governed by a dedicated
Data Management Plan to ensure confidentiality and compliance with
regulatory requirements”. Only the collection, sharing, or analysis of data
with study objectives unrelated to the use of innovative anticancer treatment
in lung cancer will require additional informed consent from patients™.

To harmonize data collection across participating centers, a data dic-
tionary for biological and medical terms included in the database is dis-
cussed, shared with centers, and incorporated in REDCap electronic Case
Report Form (eCRF)*™*. This data dictionary will be periodically updated,
adding new therapeutics or knowledge advances in lung cancer whenever it
reaches the clinical practice, based on the most updated available literature.
The adoption of a data dictionary will allow the use of a common language
among clinical centers, avoiding the use of ambiguous “free text” fields,
which are also poorly handled by Al-based algorithms.

Besides RWD collection, medical images are being collected as an
additional source of information to potentially include in the multi-omic
predictive models, to further boost their performance'**. Both retro-
spective and prospective enrolled patients underwent computed tomo-
graphy (CT), Magnetic Resonance Imaging (MRI), and/or
2-fluorodeoxyglucose positron emission tomography (FAG-PET) scans
according to standard-of-care clinical practice will be included in these
analyses. Digitalized slides of diagnostic biopsy are also collected for the
conduction of Al-based analysis on whole slide images (WSIs). Radiological
imaging will be collected at each innovative treatment’s baseline, first
radiological evaluation, and radiological progression. One coordinating
center will arrange data collection and will assess data quality. Scans from
individuals enrolled in participating centers will be de-identified per GDPR
standards and encrypted before transmission to the server for radiomics
analysis. The identification of the volume of interest (VOI) to conduct
radiomics analysis in the APOLLOL11 study follows a two-step approach: a
fully-automated segmentation methodology (i.e., nnUNet) is adopted as the
first instance to standardize the acquisition of VOI**; for a quote of images,
dedicated radiologists with experience in radiomics also semi-automatically
delineate the 3D target tumor volumes for each patient, to enhance the
reproducibility of extracted features”. The generated radiomics signature
will then be validated and integrated with RWD-based models. Similar
procedures will be applied for the collection, digitalization, and sharing of
digitalized pathology slides".

With the aim of comprehensively characterizing tumor biology of
enrolled patients and finally improving the predictive tool performance
trained on RWD and medical image-data, the APOLLO11 project aims to
establish a national multilevel biobank for lung cancer patients, standar-
dizing sample collection procedures across centers while ensuring ethical
and legal compliance. Biological samples include: archival tumor tissues,
collected for diagnostic purposes at the start of treatment or for re-
characterization after treatment failure, whole blood, plasma, Peripheral
Blood Mononuclear Cells (PBMC), urine, saliva, and feces samples, which
are being collected at specific treatment intervals for prospective patients
starting a new innovative therapy. Detailed information on immune

profiling and spatial transcriptomic analytic process is reported in the
“Methods” section. The samples collected are stored on site, but annotation
will be continuously tracked in a dedicated section of the eCRF. Biological
sample collection is encouraged but not mandatory for center participation
and patient enrollment in the APOLLO11 study. This approach promotes
comprehensive multi-omic data collection, recognizing that not all insti-
tutions may have the logistical or technical capabilities to support biospe-
cimen handling and storage.

These samples will be shared with the center provider of translational
analyses at the time of the exploitation of scientific purposes, with residual
material promptly shipped back where the patient is enrolled for clinical use
or future investigation. Analyses will be performed on specific samples
according to the analyses foreseen by the scientific proposal.

Implementation

Patients who are candidates to participate in the APOLLO11 study will be
enrolled at the individual center level. The master protocol details specific
criteria for patient enrollment, such as the diagnosis of NSCLC or SCLC
confirmed on histological or cytological specimen, and past or present
treatment with at least one innovative systemic treatment in their cancer
history. However, the broad enrollment criteria foresee the inclusion of
subgroups of patients, such as older, fragile, and other neglected population
settings, across all lung cancer stages (I-IV), providing evidence on special
categories not addressed by available literature. Specifically, the introduction
of the term “innovative therapies” includes the vast majority of treatments,
with the exception of standard cytotoxic agents, to allow all clinical scenarios
that have not yet been sufficiently investigated in oncological research to be
studied.

Upon confirmation of eligibility, patients are required to provide
informed consent. In detail, patients will be asked to provide one-shot
consent for the collection of personal data and biological samples. This
uniqueness of the informed consent allows sparing several and redundant
re-consenting when a patient is going to start a new innovative therapy or
when conducting new analyses in the context of the APOLLO11 study.

Each time patients enrolled in the APOLLOI1 study initiate a new
innovative therapy, biological materials, including whole blood, plasma,
stool, and urine, are collected and stored at the center, and the availability of
biological material is annotated on REDCap among clinical data™. Available
histological samples and medical images (i.e., radiological, digital pathology)
are annotated as well.

Data sharing and federated learning

In the era of data-driven research, sharing large amounts of data is essential.
However, this process is characterized by different criticisms, including
issues about the necessity of high-capacity servers to centrally store data and
ethical concerns about data privacy. This aspect is particularly relevant when
the collection includes unstructured data such as radiological scans and
digitized slides.

Federated learning offers a transformative approach to perform multi-
omic analysis in multicenter studies, enabling the integration of diverse
datasets without the need for centralized raw data" ™. It allows each center
to locally train AI models, sharing with the central server only the model
updates, ensuring that sensitive data remains local. This novel approach to
modeling in multicenter studies significantly reduces the risk of data
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Fig. 2 | Data usability for the APOLLO11 study. A Data collection and local
storage; B Scientific queries proposal and discussion, for internal and external
centers; C Queries implementation. Data within the APOLLO11 study are collected
locally at each participating center through site-specific infrastructures and elec-
tronic case report forms, which may vary in terms of data availability, storage
capacity, and processing facilities; this heterogeneity reflects real-world clinical
practice and allows the inclusion of centers with different technological capabilities.

The process of distribution of data collected within the study relies on two different
scenarios based on the center proposing the scientific query: evaluated and approved
proposals from centers already in the APOLLO11 study will be implemented,
analyzing real data collected in study centers, while proposals from external centers
will be accomplished with the use of synthetic data created from the original
APOLLOL11 dataset.

breaches and compliance issues with stringent regulatory requirements for
sensitive data transfer, such as GDPR". To take advantage of the above-
mentioned benefits of federated and swarm learning, ad hoc software based
on open source platforms has been tested in the APOLLO11 consortium for
sharing RWD and radiological images and digital pathology slides between
centers. Instead, the collected biological samples will be physically shared.
To ensure proper functioning, the software will first be implemented in
three Italian centers (the Sponsor institution, a cancer center, and a general
hospital) and will be deployed in all centers of the consortium. The software
is designed to be easy to use, as it does not require in-depth technical and
informatics knowledge, but allows data to be loaded directly into the plat-
form from the center, without the need for manual encoding for local
training.

Resource usability

Data collected within the consortium will be used to answer various sci-
entific questions that will be proposed on the basis of unmet clinical needs
directly arising from clinical practice, or from new preclinical or

translational evidence. On the basis of the specific scientific question, the
most up-to-date version of the APOLLOI11 dataset, including the sub-
population of interest, could be shared after an appropriate query is
proposed.

Proposals for scientific queries, which have to be submitted in an
anonymized way, may be made either by centers already belonging to the
APOLLOL11 consortium or by external institutions.

Internal centers are encouraged to advance new scientific proposals,
based on their centers” professional experience and expertise. To support
this, “General Assembly” meetings will be regularly held to update ongoing
projects and discuss new proposals. The General Assembly is a consortium
organ consisting of one representative from each center, usually the Prin-
cipal Investigator (PI) or his/her delegate. Proposals for new scientific
queries may also come from external centers, whose suitability will be
assessed by the Steering Committee itself.

Another ad hoc decision-making organ, called the “Steering Com-
mittee”, receives, evaluates, and expresses an independent judgment on the
scientific proposal made. The members of the “Steering Committee” body
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Fig. 3 | APOLLO11 metadata at the data cut-off of 1st February 2025. A Status of
data collection; B Status of centers activation; C RWD metadata; D Radiomics
metadata; E FACS analyses. The figure shows the overall status of data collection,
divided by type of data collected (A), flowchart of the clinical center contributing to
the data collection (B), distribution of patients among characteristics subgroups
(Panel C), type of radiological images collected (D), and examples of leukocytes

population distribution obtained from FACS analyses (E). CT: computed tomo-
graphy. eCRF: electronic case report form. IO: immune-oncology treatment. NSCLC
non-small cell lung cancer. FACS fluorescence-activated cell sorting. FAG-PET 2-
fluorodeoxyglucose positron emission tomography. RWD real-world data. SCLC
small cell lung cancer. scRNAseq single-cell ribonucleic acid sequencing. TKI tyr-
osine kinase inhibitor.

are elected by the general assembly through a vote that takes place every
three years. The steering committee will evaluate the projects by expressing
an overall judgment on the proposal, based on 4 criteria: (1) relevance of the
unmet clinical need in cancer care; (2) urgency of the unmet need in clinical
practice; (3) originality of the project based on the available literature; (4)
project feasibility, taking into account already available data and required
additional resources.

Once the project is approved by the Steering Committee, the
implementation phase begins with data extraction, including the
annotation of biological samples locally stored in the biobanks at dif-
ferent centers.

At that point, the process will be different for proposals coming from
internal and external centers. In the case of proposals from patients already
taking part in the APOLLO11 consortium, data and materials are cen-
tralized at those centers or services designated to analyses conduction. All
data are shared in a pseudonymized way, adopting a unique code for all the
sub-analyses. When proposals arise from centers outside the consortium, in
order to minimize the privacy risk, synthesized data will be generated from
the identified dataset containing the population of interest. In this view,
synthetic data already demonstrated to provide sufficient data quality to
conduct statistical and Al-based analysis, while maximizing compliance
with the GDPR. In the context of the APOLLO11 data workflow, the use of
synthetic data, which will be generated through Al-based methodologies
(e.g., variational autoencoders or generative adversarial networks), will
allow to minimize data flow outside the consortium while still allowing

queries from external centers to be addressed. The data usability flow for the
APOLLO11 study is summarized in Fig. 2.

Data analysis methodology

Analyses from blood samples include the identification of Single-Nucleotide
Polymorphisms (SNPs) through germinal sequencing from whole blood
samples; microRNA (miRNA), circulating free DNA (cfDNA), lipidomic
profiles and cytokines analyses from plasma samples; immune profiles and
single-cell transcriptomic analyses from vital PBMCs (Fig. 1). Analyses from
available archival samples will be conducted on tumor DNA through
comprehensive next-generation sequencing (NGS) using extended panels,
such as the Oncomine Comprehensive Assay (~500 genes), and, for a subset
of tumor samples, through whole-genome sequencing (WGS) depending
on the specific clinical or research question. Analyses on RNA will be per-
formed through bulk transcriptomic profiling with standard library pre-
paration protocols. Proteomic and metabolomic analyses will be performed
to characterize amino acid and metabolite profiles, respectively, providing
an integrated multi-omic view of tumor biology. Finally, microbiota ana-
lyses will be conducted on available stool and saliva samples. The choice of
the center where the specific type of analysis is conducted is crucial to ensure
a high quality of results. For this reason, the data and/or biological samples
will be centralized in a designated facility with the highest expertise and
deepest experience in analyzing that specific type of data. As discussed
above, it is unlikely that a single omics is capable of making predictions on a
single patient in a comprehensive manner. Therefore, in order to optimize
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prediction performance and thus to enhance their applicability, the fusion of
various signatures generated by single data modalities into a comprehensive
final predictive model is crucial. Multi-modal integration of different omics
allows the comprehensive analysis and combination of various types of
input to uncover complex interactions between different biological and
molecular layers. Given the real-world, multicenter nature of APOLLO11,
some heterogeneity and missingness across data sources are unavoidable.
Depending on the extent and pattern of missing data, different strategies will
be applied, including variable exclusion, restriction to complete cases,
imputation, or multi-modal integration approaches tolerant to missing
modalities. The final multi-omic model will be tested on an independent
cohort of patients from a consortium center that did not contribute to the
data training, as a validation cohort. This approach allows the generation of
a validated model at the conclusion of each scientific objective, making it
potentially ready for clinical implementation (Fig. 3).

Explainability

Despite the potential of Al to revolutionize cancer care, the adoption of ML/
DL-based technologies in clinical practice is often hindered by the “black
box” nature of many Al models. In fact, the complexity of models generated,
which involve DL and other advanced ML techniques, can make their
decision-making processes opaque. This challenge is especially pertinent in
cancer research, where the integration of diverse sources of data requires a
high degree of transparency and interpretability to understand the rea-
soning behind a model’s predictions to make it trustworthy to clinicians,
patients, and other stakeholders. In this field, the appropriate use of XAI
becomes crucial®.

The systematic inclusion of XAI frameworks in the APOLLO11 sci-
entific projects, including SHapley Additive exPlanations (SHAP)-based
feature attribution visual interpretability plots, will contribute to the sci-
entific rigor by enabling the validation of Al models against established
biological and clinical knowledge. These approaches will be applied once
predictive models become available, enabling clinicians and researchers to
understand the relative contribution of clinical, imaging, and multi-omic
variables to individual predictions. For example, if a model predicts a poor
prognosis based on certain radiomic features, XAI techniques can help
identify which specific features are driving this prediction and how they
correlate with known risk factors or biomarkers. This not only helps in
verifying the accuracy of the model but also in uncovering new insights into
the disease, potentially leading to novel therapeutic targets or diagnostic

markers'®”.

First data collection

At the date of 1st February 2025, 52 Italian oncologic centers were screened
for inclusion in the APOLLO11 network. Of them, 32 centers were selected
and accepted to participate in the consortium. Finally, all these centers
submitted the protocol to the local ethical committee, of which 20 centers
received approval. To date, 7 centers started enrolling patients, collecting
RWD, baseline CT and FAdG-PET scans, and digitizing slides of a total of
2020 patients. Finally, 4 centers started the biological specimen collection.
The different pipelines are being implemented concurrently to ensure
synchronization and interoperability across modalities.

One example of research query within the APOLLOI11 con-
sortium’s aims to identify, through collaborative multi-omic data col-
lection, factors potentially implicated in the response to ICIs in
aNSCLC patients treated with immunotherapy in any line of treatment.
The final aim of this integrated approach is the creation of a predictive
AI model to enhance response customization and prediction. For the
present data collection, part of the samples collected in the context of
the APOLLO study, a single-institutional observational clinical trial
involving the collection of clinical data and blood and tissue samples at
the “Fondazione IRCCS Istituto Nazionale dei Tumori” in NSCLC
patients who had received 10O, have been retrieved'”**. Through these
initiatives, this task of APOLLO11 seeks to advance understanding and
treatment efficacy in NSCLC immunotherapy.

The scientific object of this first scientific aim consists of the devel-
opment of a predictive multi-omic algorithm of IO efficacy in aNSCLC
patients. To pursue this aim, peripheral immune profiling was obtained in
264 fresh blood samples of patients processed at baseline, while longitudinal
immune profiling was available for 197 patients. This characterization
encompasses the assessment of monocytes and neutrophils with specific
markers, including: CD11b, CD66b, HLA-DR, CD14, CD15, CD10, CD16,
CD117, and CD71. In addition, a subgroup of patients (N = 42) underwent
single-cell transcriptomic analysis (scRNAseq) to specifically profile various
immune subpopulations, including T-lymphocytes, B-lymphocytes, plasma
cells, NK cells, monocytes, and neutrophil granulocytes. The association of
the composition of PBMCs, and in particular T cells, with clinical outcomes
(tumor response, PFS, and OS) during IO treatment is currently being
evaluated. Based on the clinical outcome data available to date, the predictive
role of the composition of PBMCs has been preliminarily assessed, con-
firming the positive prognostic role of T cells. As follow-up continues, it will
be possible to identify gene expression patterns predictive of benefit from
immune checkpoint inhibitor therapy.

Discussion

The APOLLOI11 project has established a nationwide, multicenter, con-
tinuously updated collection of data and biological samples from lung
cancer patients treated with innovative systemic therapies. This model
provides a practical framework for data-driven research, which relies on
large, updated, and comprehensive datasets to address clinical and trans-
lational questions arising from clinical practice. The study follows a strict
regulatory framework to ensure compliance with data protection laws,
patient confidentiality, and ethical guidelines, thereby maintaining the
integrity and reliability of the collected data while facilitating collaborative
research efforts. The selected centers are geographically distributed across
Northern, Central, and Southern Italy, and include academic, community,
and research institutions, thereby reflecting the diversity of clinical practice
across the country.

The decentralized structure of data collection and the approach to the
scientific queries ensures research democracy, facilitating the availability of
data among research group either inside or outside the consortium and
supporting sharing hypotheses among researchers; they also guarantees
meritocracy, prioritizing research questions that are more likely to positively
impact cancer care; finally, APOLLO11 structure promotes scientific fair-
ness, supporting centers with lower structural and financial resources. This
comprehensive approach has the potential to enhance disease under-
standing and to support the development of more tailored treatments, with
the aim of ultimately improving lung cancer patients' outcomes. Finally, the
integration of XAI methodologies is expected to increase the transparency
and trustworthiness of these models, facilitating clinicians to make
informed, personalized treatment decisions that optimize outcomes and
minimize toxicity. The widespread collection of tumor samples across
centers will allow us to emphasize the diversity and richness of available
data, encompassing immune circulating profiling, genome, and scRNAseq,
with high versatility of the project in terms of data acquisition and analysis.
The material and pre-analytical data collection pipeline is designed to ensure
the availability of readily usable information, facilitating the initiation of
research activities. In essence, this pipeline serves as a “ball pit of informa-
tion” for translational researchers, providing them with a comprehensive
array of biological samples and associated data, facilitating in-depth inves-
tigations into the molecular mechanisms underlying lung cancer and
potential therapeutic targets. In addition, the APOLLO11 project will enable
collaboration with external centers or existing networks, following a sci-
entific query-centered approach and encompassing the use of synthetic
data, which allows secure data sharing while overcoming ethical barriers.

Other efforts are underway to build multisource data to build pre-
dictive models”~". The I3LUNG project, similarly to APOLLO11, focuses
on personalized medicine through the development of Al tools based on
multi-modal patient data in lung cancer, integrating clinical information
and multi-omics data from international cancer Institutions into a data
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storage and processing platform. Through the use of AI methodology,
IBLUNG aims to improve the clinical decision-making process specifically
for aNSCLC patients receiving IO by tailoring treatments to individual
needs. Another example of data-driven research includes the MOSAIC
project, which is a large European initiative aimed at developing a federated
infrastructure for multi-omics and clinical data integration in oncology,
which aims to support clinicians with an Al-based framework for multi-
modal analysis, classification, and personalized prognostic assessment in
rare cancers. However, while MOSAIC primarily focuses on establishing
technical standards, data interoperability frameworks, and ethical-legal
guidelines to enable cross-border research collaboration, APOLLO11 is a
national, multicenter, disease-specific program that applies an innovative
infrastructural framework to a real-world, clinically integrated setting
in NSCLC.

Similar approaches are ongoing in the literature, including the feder-
ated distribution of digitized slides and the systematic collection of cancer
radiological images**”’. However, APOLLO11 is unique in its decentralized
data collection, multi-modal integration, and federated learning approach.
This holistic strategy addresses previous limitations and provides a com-
prehensive framework for future translational oncology research. In parti-
cular, APOLLO1I’s creation of a biobank and easily accessible data
collection for scientific purposes is a significant innovation. Finally, thanks
to the broad inclusion criteria and one-time consent, APOLLO11 will allow
studies to be conducted based on novel questions arising directly from
unmet clinical or translational needs.

Initial descriptive results from APOLLO11 demonstrate the potential
of this collaborative effort. By identifying factors influencing the response to
ICIs in advanced NSCLC patients, the consortium has started developing
predictive models to guide treatment decisions. This success underscores the
feasibility and effectiveness of the APOLLO11 approach, paving the way for
further advancements in the field.

Despite its promising design and nationwide scope, the implementa-
tion of APOLLO11 is not without challenges. The multicentric nature of the
initiative inevitably introduces heterogeneity in data quality and biospeci-
men handling across participating centers, even with standardized operat-
ing procedures in place. Ensuring long-term sustainability in terms of
funding, infrastructure maintenance, and the continuous engagement of
both hub and spoke centers will be critical to preserve the integrity and
expansion of the network over time. Moreover, while the federated learning
framework mitigates some privacy and data-sharing concerns, regulatory
and legal complexities surrounding data governance may still pose barriers
to broader interoperability and scalability. Proactively addressing these
issues through continuous quality control, transparent governance, and
alignment with European data frameworks will be essential to ensure the
feasibility, scalability, and long-term integration of APOLLO11 within the
evolving landscape of international precision oncology.

In summary, the APOLLO11 consortium aims to provide a shift in
lung cancer research, allowing the implementation of data-driven beside the
traditional hypothesis-driven approaches by enabling new hypotheses to
directly emerge from large-scale RWD. Given the existing ethical and legal
constraints that characterize the actual Italian scenario, the establishment of
robust and transparent federated frameworks at the national level could
facilitate the active participation of Italian centers in European data eco-
systems. The ongoing commitment of participating centers and the con-
tinuous integration of new data and technologies are pivotal for sustaining
progress. Insights gleaned from APOLLO11 have the ambition of directing
future research, signaling a shift towards translational lung cancer research.

Methods

Ethics approval and one-shot consent

During the visit, patients will be thoroughly informed and subsequently
given the opportunity to sign an informed consent form. This decree reg-
ulates the retrospective and prospective collection of clinical data and the
storage of biological samples. In cases where it is not feasible to obtain
consent for the use of data from patients retrospectively included due to

ethical or administrative reasons, the study complies with the guidelines
established by the Data Protection Authority, as specified in the General
Authorization for the processing of personal data for scientific research
purposes and the General Authorization for the processing of genetic data.
The informed consent form will also allow patients to state their preference
regarding whether they wish to be informed about any unexpected findings
related to their health that could have therapeutic implications or influence
their reproductive decisions. Eligibility will be verified using a checklist,
ensuring that only patients diagnosed with SCLC or NSCLC, who have
received or are candidates to receive innovative therapy, are included. Upon
consenting, patients will begin innovative therapy, during which blood,
stool, urine, and histological material, as well as data from CT and PET
scans, will be collected and recorded in REDCap at baseline and/or specific
time points. If consent is given during ongoing innovative therapy or if the
patient has previously received such therapy, data collection will continue in
REDCap. Patients who complete their current therapy and are candidates
for a new innovative therapy will transition to Scenario 1, where samples will
be collected at the start and at predetermined time points for each new line of
therapy.

REDCap is a secure web application designed for data collection and
management in research studies. The activation process involves the engi-
neer from the Coordinating Center transferring data to the engineer at the
Recruiting Center, who will structure the platform’s pages. To access
REDCap, users will receive a link and credentials generated by the IT
engineer at the Recruiting Center. The platform features a registration page
that captures the patient’s basic information and multiple questions with
either multiple-choice or single-choice responses, ensuring a comprehen-
sive and organized data collection process.

Each center will have access only to its own data on the platform, with
oversight provided by the Coordinating Center. Upon signing the consent
form for the study, this data will be stored anonymously and in compliance
with privacy laws. Access to the data will be granted based on various queries
proposed and approved by the consortium, ensuring that all data usage
adheres to the established guidelines and regulations.

This study was conducted in accordance with the principles of the
Declaration of Helsinki. Ethical approval was granted by the Comitato Etico
Territoriale Lombardia 4, which acted as the central ethics committee for the
study. The single national opinion (Parere Unico Nazionale) was issued on
Qctober 10th, 2024, under the reference code INT 128/22, and is valid for all
participating centers involved in the study.

FACS and single-cell transcriptomics methodology
EDTA/Heparin blood samples collected are processed. For each patient/
timepoint, it will be generated: a plasma biobank, stored at -80°C in a
dedicated freezer; a PBMC biobank, stored in nitrogen. For each patient/
timepoint, 5 plasma samples in EDTA, 2 plasma samples in heparin, and 2/3
viable PBMC samples.

For each patient, immediate fresh sample analysis of monocytes and
neutrophils is performed with specific markers including: CD11b, CD66b,
HLA-DR, CD14, CD15, CD10, CD16, CD11,7 and CD71; these results are
reported on a specific updated database, along with the original fcs file
generated by the Celesta cytometer.

For a subgroup of patients, a second PBMC sample is analyzed, from
which CD66+ CD15+ neutrophils are sorted for scRNAseq. For each
scRNAseq analysis, 2 samples are available: 1 sample of FACS-sorted
neutrophils (10,000 cells) and 1 sample of total PBMCs (10,000 cells); these
data are collected on a dedicated database with all original analyses and all
sorting data generated by the FACS Melody cytometer.

The scRNAseq analyses are performed using samples consisting of
50% PBMCs and 50% FACS-sorted neutrophils, in order to produce
transcriptomic data from both the mononuclear and polymorphonuclear
cell components, which are known to be more labile and difficult to handle
in single-cell experiments. The viability of the cells obtained is assessed using
Trypan Blue staining. Subsequently, single-cell suspensions are prepared
with approximately 10,000 cells per sample. SCRNAseq libraries are created

npj Precision Oncology | (2026)10:96


www.nature.com/npjprecisiononcology

https://doi.org/10.1038/s41698-026-01295-3

Article

with the Chromium Next GEM kit (10X Genomics). Cells are washed,
resuspended in a PBS-BSA solution, and encapsulated in droplets to form
gel bead emulsions (GEMs). The GEMs are subjected to reverse tran-
scription in a thermal cycler, then disrupted, and the cDNA is purified and
amplified by PCR. For the TCR-seq library, TCR transcripts are enriched
from the amplified cDNA and then subjected to various preparation steps.
The resulting libraries are purified and assessed for quality and then
sequenced on a NovaSeq 6000 sequencer. Data analysis begins with Cell
Ranger, followed by further analysis in R using the Seurat package to identify
cell types, reduce dimensionality, perform clustering, and visualize data. Cell
identification uses supervised algorithms (SingleR, AUcell) and manual
curation.

Radiomics methodology

A team of four radiologists with experience in CT scan segmentation will
identify the Region Of Interest (ROI) through a semi-automated 3D seg-
mentation process performed with Syngo.via software. The ROI will be
selected to include the whole lesion of interest, and it will also encompass the
peritumoral region. The segmentation process will be performed by two
radiologists and compared with the segmentation performed in an auto-
mated way through the U-Net architecture, to ensure the reproducibility of
the process. After image pre-processing through different techniques (e.g.,
gray discretization, intensity normalization, and voxel resampling), radio-
mic features will be extracted from ROIs and peritumoral areas using the
PyRadiomics library.

Given the multicenter nature of the APOLLOI1 project, inter-center
variability in scanners and acquisition protocols will be systematically
assessed, as it represents a major source of batch effects and a critical barrier
to the clinical reproducibility of radiomics. A preliminary analysis of
acquisition parameters and scanner characteristics will be performed to
guide the selection of the most appropriate harmonization strategy. Among
the approaches considered, ComBat harmonization will be applied, using
the center of image acquisition as the primary batch variable, and, when
appropriate, the scanner model or contrast agent use, depending on
metadata availability and distribution. These harmonization procedures will
be conducted prior to feature selection to minimize technical bias across
centers.

To prevent signature overfitting, the dimensionality of features will be
reduced before signature construction, firstly excluding features with a high
intraclass correlation coefficient and significantly different between the two
outcome groups as assessed by one-way analysis of variance (ANOVA).
Least absolute shrinkage and selection operator (LASSO) regression and/or
Maximum Relevance Minimum Redundancy (MRMR) will then be used
for the selection of features to be included in the final model with 5-fold
cross-validation.

Model generation and other Al analyses

The entire cohort will be splitted in a training (80%) and a testing cohort
(20%), leaving a sample of cases belonging to one of the centers of the
consortium as an external validation cohort. Different standard ML clas-
sifiers, such as Random Forest, Multilayer perceptron, Logistic Regression,
Support Vector Machine, CatBoost, AdaBoost, XGBoost, will be trained and
evaluated for this task. Different metrics will be adopted to evaluate the
performance of the model on training, cross-validation, and testing sets and
on the external validation cohort, such as AUG, sensitivity, or specificity for
classification tasks and c-index for survival tasks.

Data availability

The datasets generated during the current study are not publicly available, as
this manuscript describes the study design of the APOLLO11 consortium,
and the related analyses are still ongoing. However, the data are available
from the corresponding author upon reasonable request.

Code availability

Not applicable, as no analyses are included in the present manuscript.
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