From Department of Oncology and Pathology
Karolinska Institutet, Stockholm, Sweden

AT THE INTERSECTION OF PROTEOMICS
AND PATHOLOGY: APPLICATION OF
MASS SPECTROMETRY-BASED PROTEIN
QUANTIFICATION TO HISTOPATHOLOGY
AND ANTIBODY VALIDATION
Fabio Socciarelli

Stockholm 2021

All previously published papers were reproduced with permission from the publisher.
Published by Karolinska Institutet.
Printed by Universitetsservice US-AB, 2021
© Fabio Socciarelli, 2021
ISBN 978-91-8016-401-6 Cover illustration: Multiplex immunohistochemistry of usual ductal
hyperplasia (UDH) and surrounding invasive carcinoma of the breast (blue Hoechst dye,
green MET, red EGFR)

At the intersection of proteomics and pathology:
application of mass spectrometry-based protein
quantification to histopathology and antibody validation
THESIS FOR DOCTORAL DEGREE (Ph.D.)
By

Fabio Socciarelli, M.D.
The thesis will be defended in public at Samuelssonsalen,Tomtebodavägen 6, Karolinska
Institutet Campus Solna, 10th December 2021 at 9:00 am
Principal Supervisor:
Dr. Henrik J. Johansson, PhD
Karolinska Institutet
Department of Oncology and Pathology
Laboratory of Cancer Proteomics Mass
Spectrometry
Co-supervisor(s):
Prof. Janne Lehtiö, PhD
Karolinska Institutet
Department of Oncology and Pathology
Laboratory of Cancer Proteomics Mass
Spectrometry
Prof. Johan Hartman, MD PhD
Karolinska Institutet
Department of Oncology and Pathology
Laboratory of Precision Pathology and Tumor
Heterogeneity

Opponent:
Dr. William Howat, PhD
Abcam
Department of Validation and Technical Quality
Examination Board:
Dr. Anna Klemm, PhD
Uppsala University
Department of Information Technology
Laboratory of Quantitative Microscopy
Prof. Per Karlsson, MD PhD
University of Gothenburg
Department of Oncology
Division of Oncology
Prof. Bernd Thiede, PhD
University of Oslo
Department of Biosciences
Section for Biochemistry and Molecular Biology

To my wife Angela and my little daughter Olivia, thanks for every moment together and for
supporting me through this journey

POPULAR SCIENCE SUMMARY OF THE THESIS
My name is Fabio Socciarelli and I work in the research lab of Prof. Janne Lehtiö, at
Karolinska Institutet, SciLifeLab, in Stockholm. The main topic of work is to investigate
proteins and their changes in cancer. Proteins can be defined as the “little bricks” of life, since
these molecules participate in every aspect of life: proteins constitute tissues, are involved in
energy production for the cell, they participate in cell proliferation, etc. Due to their
enormous importance for life, we expect them to be altered if there is a disease in a human
body, for example, a cancer. Cancer can be simply defined as a disease of human tissues that
have ceased to follow the rules they have been assigned. In fact, instead of being finely
regulated and strictly localized, cancer tissue proliferates and moves from its normal
structure, invading the surrounding tissues and localizing even away from the original
position. In this thesis we have adopted a particular technique to study the proteins called
“mass spectrometry based protemics”. Such technique makes it possible to identify proteins
by breaking them in little pieces that are more simple to analyze and identify. Thanks to this
approach we have been able to study the protein composition of many tumors, even if in this
thesis I will focus only on breast and lung cancer.
In the first project my group and I studied the proteins of breast cancer, the most common
cancer in women. Using the mass spectrometry based proteomics method we have identified
around 10’000 proteins common in 45 tumors. We have found that breast cancer is not
homogeneous, but there are 6 distinct types of breast cancer that show different groups of
proteins with differing functions. We then searched for proteins that could be the co-target of
anti-cancer drugs and found that some tumors were presenting 2 of them together, called
MET and EGFR. This couple of proteins is clinically important, since therapies based on 2 or
more drugs are expected to be more effective than therapies based just on a single drug. We
have found that this couple is present in 2 different subtypes of breast cancer: basal-like and
normal-like. In the so-called “normal-like” subtype this couple was expressed in the socalled “in situ tumor”, a portion of tumor that has not invaded the breast tissue and is still
confined to the normal breast structures. This is a great advantage, since a cancer therapy
based on that couple could be used to kill cancer cells when they are still localized and less
dangerous.
In the second project we investigated the proteins present in lung cancer, the most deadly
human tumor. We isolated around 10’000 proteins across 141 tumors and we have found that
there are 6 different types of lung cancer. Such protein-based classification has given results
somewhat similar to a microscopy-based classification and has pointed out important
differences between specific classes based on the proteins of the immune system. This
finding is interesting: the immune system is the apparatus that helps us not only defeat
infections, but also to get tumors under control before they spread. Looking more into such
classes of tumors we have discovered that one of the two, the so-called “subtype 2” contains
high levels of a protein called PD-L1, a well-known target of a drug that is commonly used
for cancer immunotherapy. Such high content of PD-L1 is promising, since it is indicative

that a high percentage of subtype 2 patients will respond to the immunotherapy. Another
important subtype investigated is “subtype 3”, since it contains some particular structures
called “tertiary lymphoid tissue”. This class of tumors seems to have a better survival rate
than other types of lung cancer, indifferent to the kind of therapy is given to the patient.
Finally, subtypes 2 and 3 appeared to differ at the microscopy level, confirming a strong
difference in growth.
The third project concerns a tool for evaluating the quality of reagents used in diagnostic and
research called antibodies. Antibodies are molecules with the shape of a “Y” that are
produced by every vertebrate and they have the property of binding to a well-defined area
(“epitope”) of a specific target protein. Due to this property, antibodies are used to detect
proteins for diagnostics in different kinds of human body fluids and tissues. Unfortunately
many antibodies, instead of recognizing solely the epitope of the target protein, bind also
other proteins that are not the target protein, working in an unselective way and making it
difficult to quantify the expected protein. In our lab we decided to create a method to evaluate
antibodies that is based on mass spectrometry based proteomics. The method relies on the
measuring the target protein by mass spectrometry, and comparing its signal to the antibody
based signal in an in-vitro model of diverse cell lines. As a result of this model we assessed
45 antibodies that showed differing degrees of specificity for the target protein, from highly
specific to unspecific. We also observed that antibodies used for diagnostic use generally are
of better quality than the ones used for research only, making evident how concerning the use
of such reagents without evaluating their performance is.
In summary, in this thesis I have explored the potential of studying proteins with mass
spectrometry and relating them to immunohistochemistry in models system and breast and
lung cancer tissue structure. Based on the findings within this thesis, I believe that mass
spectrometry can contribute to medicine in substantial way by detecting cancer proteins that
can be drug targets, help to distinguish distinct types of tumors with different behaviours as
well as be a reference to assess how diagnostic reagents work.

ABSTRACT
The paradigm of Precision Medicine relies on the molecular stratification of patients to select
“the right patient for the right drug”. The genomic approach has tried to answer this question,
but large genomic studies have raised more questions than given answers. It has become
fundamental to investigate the biological consequences of genetic mutations and how they
influence the proteome. The recent development of LC-MS/MS has helped to address this
task, giving the possibility of classifying tumors based on their molecular phenotype and the
impact of the genome on the proteome. Among this background, the relationship between
tumor histology and the proteomic (or molecular classification) is a recently recognized field
that has seen its development in the last 6 years. Thanks to the availability of in-situ
multiplexing techniques and deep learning tools for histology, it is now easier to connect a
molecular aspect to a histological pattern.
One of the main causes for scarce reproducibility in biomedicine is the problem of
insufficient antibody validation, especially for FFPE IHC. Many techniques are available for
assessing specificity and selectivity of antibodies, showing different advantages and
disadvantages, but only orthogonal approaches can give an antibody-free measurement of a
specific protein.
The main aims of this thesis have been 1) to investigate the relationship between histology
and molecular classification in breast and lung tumors; 2) Develop a proteomic orthogonal
validation technique to be used with FFPE IF, based on a dataset of 18 cell lines.
The paper I investigated a cohort of 45 breast carcinomas through proteomics, CNA, SNP,
mRNA microarray and metabolomics1. The comparison of a proteomic-based classification
with the mRNA-based PAM50 subtyping showed good agreement between the two
approaches. A consensus clustering performed on a subset of highly variant proteins divided
the cohort into 6 different clusters, dividing basal-like tumors in 2 groups and fusing some
luminal-B with Her2-enriched tumors. A correlation matrix performed to identify the coexpression of drug target showed how MET and EGFR were present together in basal-like
and normal-like tumors. An immunohistochemical study confirmed the co-expression of the
two proteins in both basal- and normal-like, but with important differences. While the basallike expressed the two molecules in the invasive component, the normal-like showed the coexpression confined to the DCIS component. A super-resolution microscopy study of both
subtypes showed differences in subcellular localization and colocalization between the two.
The paper II described the phenotype of NSCLC in terms of molecular classification,
proteogenomics, immunology of cancer and differences between different subtypes2. A
cohort of 141 NSCLC was sampled for LC-MS proteomics, DNA panel sequencing, DNA
methylation and RNA-seq. The proteomic classification of the tumors divided the lung cohort
in 6 subtypes, largely correlated with the histological aspect (subtypes 1-4 were mostly
LUAD, the subtype 5 was mostly composed of LNELCC and the subtype 6 almost
exclusively of SqCC). A network analysis of the MS data showed that subtypes 2 and 3 were

mostly enriched in immune-related proteins and there were important differences between
them (expression of CD3, CD8 and PD-L1 in the subtype 2, enriched in CD20 the subtype 3
and suggestive for TLSs). A histopathological examination confirmed the presence of TLSs
in subtype 3 and IHC analysis showed high levels of PD-L1 in the subtype 2. Moreover, such
immunological differences were matched with differences in histological growth pattern
(solid for subtype 2, mixed for subtype 3).
The paper III illustrated a new method for antibody validation on FFPE IF, based on MSbased orthogonal validation3. An 18 cell lines dataset was created that could cover an ample
part of the human proteome (diversity cell line set), and the dataset was submitted for LC-MS
labelled DDA and for FFPE cell block microarray, with 3 biological replicates for each cell
line. As an output of the analysis, we evaluated the reproducibility of both MS and IF data,
the correlation between proteomic and AB-based signals. Additionally, we correlated the IF
intensities of the 18 cell lines with the entire proteome and then ranked the distribution of
correlation coefficients in relation to the target protein, as an estimate measure of specificity
and selectivity of the antibody. The analysis of 45 different antibodies showed that the
ranking position and the corrispective correlation coefficient were highly related to each
other; majority of clones used for IVD showed higher levels of MS-AB correlation if
compared to RUO, reflecting a better selection of antibodies used for diagnostic purposes.
The results described above show how a better integration of the two approaches could be
useful for improving the diagnostic stratification of patients with cancer, first. The availability
of molecular classification, together with a morphological evaluation, will expand the
pathologist’s toolbox for diagnostics. Secondary, MS-based proteomics can be used for
providing a high-throughput way to validate antibodies for IHC diagnostic use and help to
develop new biomarkers, in increased demand for PM.
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1 INTRODUCTION
1.1

THE ENCOUNTER OF TWO WORLDS: PROTEOGENOMICS AND
PATHOLOGY
The introduction of proteomics in the medical field (and more specifically in pathology)
should be considered as an integral component of the paradigm shift in the contemporary
medicine: the change from an Evidence-based Medicine (EBM) to a Precision Medicine
(PM) platform. The difference is very simple and equally remarkable: from testing (and then
treating with) a drug on a heterogeneous population, without knowing who is going to
respond to it, to the pre-therapy stratification of patients that will receive the drug, in the
attempt of giving “the right medicine to the right patient” (to paraphrase a famous nursing
principle4 that is now considered a precision medicine mantra5, citing the words of Edward
Abrahams), minimizing the inclusion of non-responding patients and trying to divert them to
a different therapy6.
The extraordinary biological knowledge accumulated since the completion of the Human
Genome Project, together with major and ongoing technological improvements, have made
the development of the contemporary tools for precision medicine possible: first DNA and
RNA microarray, then Next Generation Sequencing (NGS) technology for both DNA and
RNA and for DNA methylation. Availability of such techniques have paved the way for
projects like TCGA, in the attempt to translate into diagnostic and therapeutic strategies the
genomic alterations found in cancer. Unfortunately, the TCGA and similar consortia have not
been decisive in this aim as expected: in a highly cited paper7, the Clinical Proteomics Tumor
Analysis Consortium (CPTAC) pointed out how such studies generated more questions than
answers, given the objective difficulty to connect a majority of the mutations found in TCGA
studies into a phenotype, a biological or biochemical function.
Mass spectrometry-based proteomics is among the most important techniques of choice for
narrowing the gap between genotype and phenotype, given the possibility of studying the
“final product” of genomic and transcriptomic alterations, including mutated proteins that can
act as drug targets or neoantigens. This proteomic approach, called proteogenomics, has the
possibility of being used as a diagnostic and predictive tool for clinical use, and thus presents
itself as an important component of the PM approach8. In the next paragraphs I will describe
several cancer proteomics examples and their integration with genomic and transcriptomic
analysis in a multi-layer fashion, while below in the paragraph 1.2.2 I will discuss LC-MS
proteomics.
1.1.1 Breast cancer: from the TNM to multi-omics classification
Breast cancer is the most common neoplasia in women and both sexes, according to
GLOBOCAN 2020 statistics9. “Breast cancer” is a definition that collects different
histological and clinical entities under the same name: this heterogeneity has been wellknown from the clinical and histological side for many decades and has been the objective of
multiple studies attempting to stratify patients by prognosis or response to therapy10,11. Age,
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dimension of the tumor12, positivity for metastasis to lymph- nodes13, histological grading of
the neoplasm14, positivity for Estrogen Receptor alpha or Progesterone receptor (HR+)15,
amplification of HER2/neu receptor16 and expression of KI67 protein17 on IHC have been
and are still used to prognosticate patients and guide therapy decisions.
A new level of knowledge came during the 2000s with mRNA microarray studies, in which
cohorts of breast cancer patients were studied through unsupervised clustering and identified
differences between clinical subgroups18-20. Such studies, even if performed in various
laboratories, on different patients and with different methodologies (RNA microarray in the
beginning, RNA-sequencing after) showed relatively similar results, identifying a so-called
basal-like cluster (mostly negative for HR and HER2 [so-called triple negative], high Ki67),
two or more “luminal” clusters (generally with expression of HR+, variable KI67 and HER2),
one normal-like subgroup and a HER2-enriched cluster (often high HER2 and Ki67)21.
The molecular classification of breast cancer brought two important consequences: a better
understanding of tumor biology and an important contribution to patient stratification21. In
fact, some multigene tests, derived from these microarray and RNA-sequencing studies, can
divide patients by prognosis better than traditional prognostic factors in node-negative HR+
patients, a subgroup already well-known for being difficult to predict and manage22.
Among the several FDA-cleared tests, Oncotype Dx has been approved for use in HR+,
HER2 negative, node-negative breast cancer patients and is the only tool suggested by
ASCO23 to predict response to chemotherapy in this subgroup24-26. Based on the assignment
of a Recurrence Score (RS), it can assign these patients to three risk groups (low,
intermediate and high risk), as demonstrated in the TAILORx trial and previous studies26-28.
Moreover, the RS can discern patients that will respond to chemotherapy (high risk) and
patients that will have little benefit (low and intermediate risk in women beyond 50 years)29.
The test seems to prognosticate the survival in patients with limited lymph-node involvement,
but not with extensive nodal metastasis27,30.
As elucidated in the precedent paragraphs, the TCGA and CPTAC consortia have performed
important studies in the attempt to investigate the mutational landscape and establish
connections between the genome expression and its impact on the proteome, before adopting
an affinity proteomics approach and then employing the LC-MS based analysis.
The first TCGA paper described the presence of genomic alterations and their distributions
across different PAM50 subtypes, the impact of copy number alterations (CNA) on the
transcriptome in cis and trans, the clustering based on DNA and its relationship with mRNA
data, the classification based on reverse phase protein array (RPPA) in 2 different clusters and
the multi-modal classification in 4 subtypes31. This TCGA study confirmed the 4-cluster
based molecular classification of breast cancer, as had been already proposed in the mRNAbased subtyping studies cited above.

4

Changing perspective and consortium of study, in 2016 Philipp Mertins and collaborators32
published the first CPTAC study of breast cancer proteogenomics, analyzing with LC-MS the
proteome and the phosphoproteome of a subset of a TCGA breast cancer cohort. Among the
voluminous amount of data produced, the researchers performed an unsupervised clustering
of the proteomic data and defined 3 different clusters (“basal-enriched”, “luminal-enriched”
and “stromal-enriched”). In contrast, they were able to recapitulate the PAM50 classification
with proteomic quantification. The same consortium published a new article after 4 years
with a different cohort of 122 patients including whole exome sequencing (WES), CNA,
RNA-seq, proteomics, phosphoproteomics and acetylproteomics33. Among the numerous
contributions this paper provides, the multi-omics classification using Non-negative Matrix
Factorization (NMF) showed good agreement with the PAM50 classification and, comparing
to PAM50 itself, highlighted a subgroup of Luminal-A tumors with more aggressive
behaviour. Among other important results, the investigation of proteomics of tumor immunity
and the proteogenomics of ERBB2+ tumors, clarifying some aspects related to the PAM50
HER2-enriched tumors.
Besides the TCGA and CPTAC projects, many other groups have tried to explore the
mutational landscape of breast cancer and the consequences on its phenotype34,35: among
them, our laboratory has contributed to this topic in a significant way, as described in the
Results section of the present thesis.
1.1.2 Lung cancer targeted therapy and LC-MS proteomics
Non-Small Cell Lung Cancer (NSCLC) is among the most common neoplasms and it is
considered the second deadliest tumor according to the GLOBOCAN 2020 statistical report9.
Remarkable progresses have been achieved over the last 20 years in improving the diagnosis
and therapy of this disease36, but the 5-year survival rate is still among the lowest in the
oncological field (25% for all stages37). Smoking is by far the principal causative agent and it
influences the histological and genomic characteristics of lung tumors38.
NSCLC is a heterogeneous group of diseases that show differences in terms of histology,
molecular classification and clinical behavior. The three main histological subtypes of
NSCLC are adenocarcinoma (LUAD), squamous cell carcinoma (SqCC) and large cell
carcinomas (LCC)39, with neuroendocrine large cell carcinoma (LNELCC) to be considered
as an intermediate form between a NSCLC and a SCLC.
The actual use of tissue-based biomarkers is mainly limited to the metastatic setting (stage
IV) in the daily clinical experience40, with the exception of EGFR and PD-L1 testing for the
drugs osimertinib and atezolizumab, that recently received the authorization for use in earlier
stages41,42. Below I have summarized the biomarker testing recommendations for SqCC and
LUAD, as expressed by the ASCO NSCLC molecular testing guidelines for TKI43 and ASCO
and OH (CCO) joint Guidelines of therapy for stage IV NSCLC44,45:
• EGFR mutation assessment on NSCLC, important for tyrosine kinase inhibitors (TKIs)
therapy. Several alterations can induce the constitutive activation of its catalytic domain,
5

including deletions of exon 19, a missense mutation on exon 21 (L858R) and a substitution
on exon 20 T790M (typical as the patients had therapy already with some TKIs)46. Around
27% of adenocarcinomas (and less than 9% of squamous tumors) harbor some EGFR
mutation47,48.
• KRAS mutations on 32% of adenocarcinomas (3% in squamous carcinomas), mutually
exclusive with EGFR mutations; when they coexist, KRAS mutation confers resistance to
EGFR TKIs49.
• ROS1 and ALK mutations in lung adenocarcinoma account together for 10% of cases.
These mutations are sensitive to second and third generation TKIs (like crizotinib)50,51.
• Other mutated genes in adenocarcinoma like BRAF, MET (exon 14 skipping mutation),
RET and NTKR gene fusions44,52-56. HER2 is still under investigation in order to understand
its role in NSCLC.
• PD-L1 IHC testing in the context of immune checkpoint inhibitors. Even if several drugs
have been proved to be effective in NSCLC, the first-line drugs approved for NSCLC are
pembrolizumab (anti-PD-1)57 and atezolizumab58(anti-PD-L1), indicated for NSCLC without
driver mutation (LUAD and SqCC pembrolizumab, LUAD only atezolizumab) with any PDL1 IHC result45.
The TCGA consortium studied the somatic mutations of NSCLC, performing different
studies on SqCC and LUAD. The SqCC paper, published in 2012 described the mutational
landscape of a cohort of 178 SqCC samples, highlighting some recurrent mutations in TP53
and other proteins, alterations of pathways like squamous differentiation,
phosphatydilinositol-3-OH kinase, NFE2L2 and KEAPI, CDKN2A RB1, and proposing a
transcriptomic subtyping into 4 classes59. A second article published in 2014 performed a
similar study involving 230 LUADs describing important gene mutations (some well-known
like EGFR and KRAS, other like STK11, NF1, KEAP1), describing aberrant RNA
transcripts, individuating candidate driver genes and pathways like RTK/RAS/RAF pathway
and identified 3 subtypes based on unsupervised clustering using mRNA47. A third paper
studied the differences between LUAD and SqCC in terms of somatic mutations, driver
alterations and neoantigen expression, highlighting new differential mutations for both
subtypes (PPP3CA, DOT1L, and FTSJD1 for LUAD, RASA1 for SqCC) and finding
neoepitopes in around 50% of both histotypes60.
The CPTAC performed 2 different studies for SqCC and LUAD, in which they collected
samples for DNA, RNA-seq, microRNA, DNA methylation, proteomics, phospho- and
acetylproteomics (ubiquitinomics for SqCC, too). In the LUAD study they performed NMF
analysis based on 4 different data layers and identified 4 different subtypes of LUAD in a
cohort of 110 samples, overlapping with the mRNA-based classification and showing
different somatic mutations in different subtypes61. Moreover, they investigated the impact of
CNA and mutations on the proteome and phosphoproteome, identified already known and
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putative therapeutic targets (like PTPN11 protein) and investigated the immunology of
LUAD. For the SqCC article62 the authors performed unsupervised clustering on CNA, RNA,
protein, phosphoproteome and acetylproteome, clustering the tumor in 5 subtypes. Some of
thesubtypes showed correlation with different histological aspects (see the paragraph below
dedicated to this topic) and all had specific differences in pathways and mutations. The
investigation of the impact of CNA on mRNA and proteins in trans pointed out the effects of
chromosome 3q, especially the amplification of TP63 and SOX2, on the genome. Among the
important observations, the identification of Np63-low tumors as potential targets for
surviving inhibition and the study of drug targets in the SOX2 pathway. Finally, a consensus
clustering based on immune signatures showed 3 different immune clusters (hot, warm and
cold), with differences in immune pathways and signaling.
1.1.3 High multiplexing approaches for molecular and proteomic spatial/insitu analysis
The relationship between the histopathological spatial organization of a tumor or tissue and
its molecular correlates is a field that has started to be explored only in the last 10 years.
Depending on the chosen target molecule several technologies are available, giving
researchers the possibility to recognized mRNAs, drugs, small metabolites, proteins, lipids,
etc. I will briefly give a overview on the most interesting techniques that researchers have at
their disposal:
•

•

•

•

In the field of transcriptomics an increasingly popular approach is spatial
transcriptomics63,64, developed by Joakim Lundeberg and collaborators and applied to
many biological models, including plants65. Such approach consists in capturing insitu RNA, performing a reverse transcription and sequencing the cDNA with an
Illumina dye sequencing. Another frequently used approach is the in-situ RNA
sequencing developed by Mats Nilsson and collaborators, a parallel targeted RNA
analysis that can be performed on preserved cells and tissues66.
Non-proteomic MALDI mass spectrometry imaging (MSI) is a technique used for in
situ detection of small molecules, neurotransmitters, drug metabolites and lipids,
making important contributions in the field of pharmacology and neurobiology67.
Proteomic MALDI mass spectrometry imaging, as stated by the name is performing a
label-free proteomic analysis, extracting proteins directly from the tissue. Despite the
interesting technological development of the last 5 years, it is still characterized by
poor spatial resolution (around 100 µm pixel dimension) and a shallow depth of
analysis68.
Antibody-based multiplex protein detection, with both fluorescent and MS-based
detection system. IHC and mIHC are described in the Method section of this thesis, in
this paragraph I am going to discuss high-multiplexing approaches. In the first case
the most employed version is the CODEX commercialized by Akoya Biosciences, a
platform for multiplex immunofluorescence that makes use of DNA-barcoded
primary antibodies that are sequencially detected, the signal acquired and finally
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bleached through sequential cycles69. Among the MS-based detection, important to
mention the MIBI instrument of Michael Angelo70 and the Hyperion Imaging Mass
Cytometry (commercialized by Fluidigm). Both are based on the detection of metalconjugated primary antibodies, conveying great sensitivity, negligible bleed-through
and background and expanding the dynamic range of detection if compared to
fluorescence71.
1.1.4 Connecting the molecular and histopathological phenotype
The connection between the proteome of a tumor and its histopathological picture is an
unexplored area of research, leaving many biologically and interesting questions unanswered,
such as how different histotypes, morphological patterns and degree of differentiation are
reflected in the proteome, what kind of neoantigens can be found, what kind of pathway is
differentially activated, etc. The connection of morphology with genomic, transcriptomic, or
proteomic characterization has been investigated in different ways, for example employing
artificial intelligence for classifying tumors according to different mutations, microsatellite
instability or molecular subtypes, as described by several studies72-76. There is no doubt that
the growth of this field in the last 5 years has been also facilitated by the developments of
deep learning in histopathology, considered the main “precision medicine” tool of the future
pathologist. The capacity of detecting tumor cells, classifying them in different subtypes,
estimating the grading of a tumor, evaluating tumor biomarkers and predicting prognosis has
greatly improved, becoming close to the requirements for clinical implementation77,78.
Some interesting questions concerning the connection between the molecular and pathology
phenotype have been addressed in both breast and lung cancer, by CPTAC/TCGA studies
and projects carried out in the Lehtiö lab. While the results coming from the Breast Cancer
Landscape and the Lung cancer study will be discussed in the Results section of this thesis, I
am going to highlight some examples from other studies.
A good example of correlation histopathology – genomic alterations is the TCGA study79 that
has focused on breast invasive lobular carcinoma (ILC), a histotype of breast cancer
characterized by discohesive neoplastic cells that have a low grade appearance, Indian file
pattern of growth and have a negative expression of E-cadherin80. This study shows how 63%
of ILC harbor a somatic mutation (often truncating) of the CDH1 gene (E-cadherin), vs 2% of
the rest of the breast tumors. However, if considering DNA, RNA and protein data together,
almost every ILC had an alteration of CDH1, co-occurring very often with a chromosome
16q loss. Other genes were found differentially expressed between ILC and IDC Luminal-A
(since great majority of ILC are Luminal-A PAM50 subtype), were FOXA1, TBX3, RUNX1,
GATA3 and PIK3CA.
In lung cancer, STK11-mutated LUAD are connected to the morphological pattern of the
neoplastic tissue, as described in the CPTAC study62. The authors trained a Convoluted
Neural Network (CNN) for distinguishing tumors with STK11 mutation vs STK11 wild type,
using images from The Cancer Imaging Archive81 of 110 patients. This model shows how
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STK11-mutated tumors were enriched in tumor epithelium and deprived of immune cells,
while the STK11 WT showed mostly an abundant inflammatory component. Another
interesting example from the CPTAC lung SqCC study, where multi-omics unsupervised
clustering which divided the 108 samples into 5 different molecular subtypes. Of these 5
subtypes, 3 showed connection with tumor morphology, specifically a basaloid connection
for “basal-inclusive” tumors, a myxoid connection and fibroblast infiltration for the
“epithelial to mesenchymal transition-enriched” subtype and a more typical squamous
connection for the “classical” cluster62.

1.2

MASS SPECTROMETRY VS AFFINITY-BASED PROTEOMICS: HOW TO
QUANTIFY A PROTEIN

The following paragraph focuses on the two main approaches to quantify multiple proteins
across a relatively large number of samples (MS-based and affinity) and looking into their
relationship, especially when the main aim is to validate a MS-discovered protein with an
antibody-based technique. This process is finally addressed from a biomarker development
perspective, as underlined in the last paragraph.
1.2.1 Mass spectrometry-based approaches
Proteomics is the global analysis of protein content of an organism, tissue or cell line82. While
in the last 20 years several approaches have been developed to resolve the proteome of an
organism even for less abundant proteins, the most common tool is mass spectrometry-based
analysis. Factors like speed of analysis, good peptide separation techniques, the availability of
in-silico peptide spectra datasets, good reproducibility, reasonable costs per analysis and no
need of specific affinity reagents are the main reasons for choosing mass spectrometry (MS)
as the common approach for proteomics83.
While there are many ways of analyzing the protein content of a sample, the most common
approach to a proteomic analysis is to extract the proteins from a sample and then digest them
with a proteolytic enzyme, most commonly trypsin (so-called bottom-up approach)84.
Afterwards, the peptides can be separated, referred to as prefractionation, before analysis with
liquid chromatography – tandem mass spectrometry (LC-MS/MS). MS spectra are matched
to a theoretical database to identify peptides, which are then compiled into proteins.
Although analysis of intact proteins by LC-MS is possible in some cases, the large size of
some proteins as well as their idiosyncratic properties (e.g., solubility) tend to make their
direct analysis extremely difficult, if not borderline impossible. Peptides have chemical
properties (size, solubility, ionizability) much more amenable to separation by LC and
identification by MS.
Since the mass spectrometer is an instrument that measures the mass-to-charge ratio (m/z) of
ionized molecules, the ionization of peptides is a fundamental step. Although different
ionizing techniques are available for biological molecules, Electrospray Ionization is one of
9

Figure 1: The general functioning of a tandem mass spectrometer is summarized in this scheme: the tryptic peptides are
ionized through a “soft” approach (Electrospray ionization in our case), then the mass analyzer performs the separation
based on m/z values. Once MS1 precursor ions are detected and selected, the peptides are fragmented through collision
against a gas and product ions are produced. In the MS2 part, the fragmented ions are finally analyzed and detected85.
https://en.wikipedia.org/wiki/Tandem_mass_spectrometry#/media/File:MS_MS.png. Published 13th May 2006, author K.
Murray. Accessed 10th November 2021.

the most common “soft ionization” techniques that are used for peptides, since it avoids insource fragmentation of these molecules. Once peptide samples are prepared, a liquid
chromatography system connected to the mass spectrometer allows for elution of peptides
online during MS analysis (Figure 1). For tandem mass spectrometry acquisition (so-called
MS/MS or MS2), the ionized peptides are individually subjected to fragmentation, and the
mass difference between fragments allows the reading out of the peptide sequence; peptides
take the following path:
• The ion source (in this case the electrospray ionization86) applies a large potential difference
(a voltage in the range of 1.5-4 kV) to the ion solution, creating an aerosol, from within
which, via a process of ion evaporation, peptides pass into dry gas phase state and then enter
the mass analyzer section;
• The first mass analyzer, that separates the different ions based on their m/z and can act as a
mass filter, allowing for choosing and isolating ions of interest.
• The final mass analyzer and its detector, that will record the m/z and the intensity of the
signal across the time of acquisition (called MS1 spectra for these unfragmented peptides and
MS2 for spectra after fragmentation, see below)
• The fragmentation component, that will allow to dissociate peptides in smaller fragments,
important for peptide sequencing.
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• After fragmentation, the resulting ions that are produced are sent again to the final mass
analyzer and detector to measure the so-called MS2 spectra.
Depending on how MS1 and MS2 spectra are selected and acquired, there are three different
LC-MS/MS modalities, described in the following sections.
1.2.1.1 Data-dependent acquisition (DDA)
DDA is the current method of choice for discovery projects, in which there is no need for
previous knowledge about protein presence and abundance in the sample. In this acquisition
mode a large m/z interval is scanned (MS1 spectra) and the most intense peptides per scan are
isolated in real-time and subsequently isolated and fragmented for 87. The resulting fragments
from every peptide (MS2 spectra) are be used for peptide identification and quantification.
The generated MS2 spectra are matched against a database of theoretically in-silico
fragmented peptides for peptide identification. In the final step, the identified peptides are
used to infer proteins and their abundances88.
DDA can be performed label-free or, in combination with sample labelling, in different ways
(metabolic or chemical labelling)89,90. Even if label-free quantification is a cheap and more
straightforward option for the analysis of clinical samples91, peptide labelling has several
advantages over the label-free approach: several samples tagged with specific masses and
pooled and analyzed together, reducing the instrument time, it increases the technical
reproducibility of data by eliminating the batch effect on sample quantification92. In
comparison, label free quantification is more accurate in terms of protein abundance
magnitude, but labelling approaches, as isobaric tags, have higher quantitative precision93.
The stochastic nature of MS data acquisition yields missing values with both methods that
increase with number of samples but can partially be negated by labelling strategies.
1.2.1.2 Targeted acquisition
With targeted MS (Single Reaction Monitoring, Multiple Reaction Monitoring or Parallel
Reaction Monitoring) only the acquisition of a limited, number of defined peptides is
possible, and previous and comprehensive MS knowledge about the proteins/peptides of
interest is required.
Briefly, from a previously acquired DDA dataset (or public database available), peptides are
chosen for identification, selecting MS1 features and MS2 fragment ions (in this case called
“transitions”)94. Once the transitions are chosen, the MS acquisition is performed in the
selected m/z windows of the peptides, allowing for a very sensitive and selective detection of
the targeted peptides across the samples. As consequence, this technique is often employed as
a tool for validating DDA discovery data, affinity-based data or for monitoring protein
levels95.
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1.2.1.3 Data-independent acquisition (DIA)
DIA is a technique between targeted and DDA modes, in which the MS1 range is
systematically and cyclically scanned using predefined sized windows, fragmenting all the
peptides isolated simultaneously, independently from the intensity96. Subsequently, the
isolation and fragmentation of a mixture of peptides yields a complex MS2 spectra that
represent all peptides in that window. To identify the peptides from the mixed MS2 spectrum,
the transitions are matched to a peptide library generated from DDA data and the protein
identities and quantities are computationally inferred97. This label-free technique has many
advantages over DDA such as improved sensitivity, better reproducibility of data and the
magnitude of variation in proteins across several samples98.
1.2.2 Antibody-based quantification of proteins
There are many reasons that can explain why antibodies are a good choice for protein
detection: they are very sensitive, relatively easy to use, they can be employed on different
kinds of samples and, most important, they are supposed to be specific to the protein of
interest99. On the other side, antibodies are well known for harbouring problems of crossreactivity, a phenomenon in which the antibody recognizes other epitopes with inferior, the
same or even higher affinity than the immunogenic epitope100.
To have an accurate discussion about this topic, it is good to define three important concepts
about antibodies:
• Antibody affinity, a thermodynamic concept derived from the application of Mass Action
Law to the antibody-antigen reaction, describes the strength of binding between the antibody
and the chosen epitope.
• Antibody specificity, a phenomenon for which an antibody is capable of distinguishing
among many similar epitopes, even if different because of a very small chemical modification
(as elegantly described in 1933 by K. Landsteiner101).
• Cross-reactivity (or multi-specificity or promiscuity), a well-known property of antibodies
that can recognize epitopes that differ from the immunogenic peptide.
Antibody affinity is a property that varies during the development of B cell response: while
the IgM produced by naïve B cells possess a generally low affinity (and high crossreactivity), the maturation of B cells induces a series of random mutagenesis in the paratope
in order to increase the variability of that region and select higher affinity antibodies102. At
the same time, B cells switch from IgM to IgG production (and in some cases to IgE and
IgA). Although affinity maturation increases both antibody affinity and specificity towards
the immunogenic epitope, it does not eliminate the cross-reactivity of phenomena, as
described below.
As demonstrated, antibodies can show specificity, being capable of differentiating between
two epitopes that differ just for a small chemical group. Given these early results, a lock and
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key theory was elaborated, supposing rigid and mutually complementary surfaces between
the epitope and the paratope103. Nonetheless, successive structural studies about antigenantibody binding have revealed a much more complex situation, in which specific residues in
the paratope contribute to the binding, together with electrostatic and shape complementarity,
water molecules and other cofactor molecules involved (like heme group in recognizing
bacterial antigens104).
Even if mechanisms of cross-reactivity are complex and have not been fully elucidated, some
important elements have been identified thanks to structural and molecular studies:
• Cross-reactive antibodies bind different epitopes with high specificity, involving each time a
different set of hydrogen bonds105 and amino acid residues100.
• Disordered domains of proteins show conformational plasticity and these parts are often
involved in cross-reaction through molecular mimicry106.
Conformational rigidity of the paratope is associated with reduced cross-reactivity, while
flexible paratopes are capable of adaptation to more epitopes107. Even if cross-reactivity is a
reaction that involves off-target proteins, nonetheless it will follow the same rules that govern
epitope-paratope interactions: the abundance of the off-target epitope will influence the
amount of complexes formed with the antibody. Due to the physiological variability of the
proteome across different cells and tissue, a contextual variation in cross-reactive binding has
to be expected. This phenomenon should be taken in consideration when choosing the right
method to validate antibodies.
1.2.3 Validating MS results with IHC
The validation of MS data through antibodies is an important and confirmatory step that is
often carried out after a careful selection of proteins. The criteria and the methods used for
protein validation are not standardized, since the purpose for validation is quite dependent on
the aims of the project. The choice of proteins to be validated should start with a statistically
based selection, in which various methods can be applied to point out protein variance.
Among the most used I cite Student’s t test, ANOVA108, Limma109, linear mixed models110
and DEqMS111. The last cited is a specific tool for MS proteomic data developed in my
laboratory that takes the number of PSMs for quantification into consideration. Once a list of
proteins is chosen for validation with IHC, many issues need to be considered, as described in
the section below: specificity and selectivity of primary antibodies, sensitivity of the
detection, abundance of the protein, its range of expression and the expected subcellular
localization. David Handler and colleagues have written a very interesting paper about
validation of MS data, pointing out many flaws that occur during this process (high vs low
abundant proteins, total amount of attempted validations)112.
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1.2.4 From a protein to a biomarker
Since the beginning of modern clinical oncology, medical doctors have been searching for
symptoms, signs, chemical tests, radiological assessments and histological characteristics that
could help to discriminate patients responding to a therapy from non-responders or to
distinguish between unfavourable and good prognosis113. The heterogeneity of response to
treatment is consequential to differences among tumors and among patients in terms of
genomes114, mRNA expression, protein levels, pharmacogenetics115, immune-system status116
and previous exposure to infectious agents and toxic agents117. From this point of view, the
contemporary efforts to build histological and molecular classifications of neoplasms are of
vital importance to appreciate the complexity of cancer and allow us to stratify patients with
different prognosis in a better way than before.
The term biomarker has been defined as “a characteristic that is objectively measured and
evaluated as an indicator of normal biologic processes, pathogenic processes, or
pharmacologic response to a therapeutic intervention” by the Biomarkers Definitions
Working Group in 2001118. The development of a biomarker from the discovery study to
clinical approval is a very long journey that follows specific paths and is necessarily
connected to tumour biology and clinical behaviour119,120. A successful biomarker discovery
project will start with a good experimental design, will go through a good sample collection
with sample and data analysis that can identify potential biomarkers as proteins or mRNAs,
genetical mutations, metabolites, etc that are differentially expressed between 2 or more
subgroups121.
Once the biomarker discovery phase is concluded, the validation steps occur. Briefly, the
biomarker validation is organized in three phases called analytical validation, clinical
validation and clinical utility122:
• Analytical validation: during this phase, accuracy, precision, analytical sensitivity and
specificity, linearity, robustness and reproducibility of the measurement of the biomarker is
evaluated119.
• Clinical validation: in this step, the biomarker is tested for its ability to stratify patients
based on different outcomes120.
• Clinical utility: the biomarker is employed as a clinical test and evaluated for improving the
outcome of some patients given an indication of therapy122.
If every part of this validation path is fulfilled, the biomarker will enter the approval phase
through regulatory agencies (e.g. Food and Drug Administration) and will finally enter the
market, alone or as a companion for a targeted drug123.
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1.3

ANTIBODY VALIDATION: A PARTIALLY SOLVED PROBLEM

1.3.1 Still a need in 2021?
As stated by numerous articles, the lack of antibody validation is one of the main components
of “reproducibility crisis” in biomedicine124. Several reasons could explain why scientists
employ non validated reagents in their experiments, among them an unjustified trust in the
company producing the antibody, lack of time, patience and funding, journals not asking for
validation experiments, etc.
What does it mean to validate an antibody? It means to assess its affinity and specificity for
the target protein, the presence of cross-reactors and the reproducibility of reaction across
different batches of the reagent 125. Once all these properties of the antibody have been
assessed and considered the context in which it has been validated (which tissues and/or cell
lines, which technique), the researcher can decide how the reagent should be used. Assessing
the specificity of one antibody can be a demanding task, depending on the protein and the
intended use. Even more difficult can be the assessment of cross-reactivity against the entire
proteome or the proteins expressed in certain normal tissues, tumors or cell lines. As
explained in the former paragraph, cross-reactivity is a frequent phenomenon with both
monoclonal and polyclonal antibodies and the validation approach needs to take this into
account. To produce meaningful validation, we need to adopt specific techniques that make
us able to evaluate them in a comprehensive way.
In the past, several approaches were used to validate antibodies for IHC: among the most
employed, western blotting (WB) has been the favorite of many scientists and employed in
the antibody industry environment. The adoption of WB has been widespread even if it was
more supported by empirical evidence of efficacy than extensive studies of validation126,127.
In the effort of standardizing the approaches to validation and improve the quality of results,
in 2016 the International Working Group on Antibody Validation126 published an article
proposing five different “pillars” (concepts) regarding the validation of antibodies:
• Genetic pillar: the antibody is validated on a cell line or tissue in which the target protein
has been downregulated using siRNA128 or knocked out with CRISPR/Cas9
• Orthogonal validation, in which an antibody-based signal is correlated to an antibody-free
determination of the same protein detected, using linear correlation as a tool for assessing it129
(see specific section about orthogonal validation below)
• Independent antibody technique: two or more antibodies against the same protein but
recognizing different epitopes are evaluated for producing the same pattern
• Immunoprecipitation-Mass spectrometry: the antibody of interest is incubated with a sample
containing the protein of interest, then proteins are digested from the antibody and analysed
with the MS, compared to a generical isotype immunoglobulin130
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• Tagged protein or fluorescent protein expression: using one of these techniques, a protein is
expressed in a model that does not contain the protein of interest. The pattern produced by the
knocked in protein is then compared to the antibody positivity131.
While this publication has constituted an important step in establishing which the main
approaches we should use for validating any antibody are, the pillars cannot be considered
definitive criteria universally adopted. Indeed, extensive work should be done to determine
which pillar should be used in which phase of antibody validation, if some pillars are more
reliable than other, how the pillar(s) should be implemented (which model, which samples)
and if other criteria can be implemented (like subcellular localization through proteomic
data)132,133.
Among the 5 pillars of the IWGAV, the proteomic-based orthogonal validation is among the
least implemented criteria. One of the main reasons why proteomic data should be used
instead of mRNA data is because of the relatively poor correlation between mRNA and
proteins134, and if compared to proteomic validation, the correlation indexes are lower135. The
proteomic-based orthogonal validation is discussed in the paragraph 1.3.3
1.3.2 The limits of the actual approaches on human FFPE tissues
As pointed out by many authors, including the International Working Group on Antibody
Validation, the validation of antibodies on human FFPE presents several problems that still
need to be solved completely, given the impossibility of using genetic techniques and tagged
approaches. Each of the rest of the available methods show some drawbacks: the independent
antibody validation is based on the comparison between 2 or more primary antibodies
directed against different epitopes of the same protein and comparing the staining patterns
generated by them. The assumption implicit in this approach is that specific and selective
antibodies should show a very similar staining pattern; while this assumption is often widely
accepted, it also implies knowledge about the epitope for which the antibody was produced,
so that 2 ABs produced against different epitopes can be used. Finally, the lack of knowledge
of the epitopes used to produce ABs severely limits independent antibody validation.
1.3.3 Orthogonal validation of antibodies
The orthogonal approach was formalized by Matthias Uhlen and collaborators in 2016126 as a
comparison in which an antibody-free protein quantification is correlated against the
antibody-based quantitation for the same protein across several samples. Such method had
been already employed on single cases before for validating targeted MS proteomics with
ELISA measurements on biological fluids (plasma, urine, CSF, seminal fluid) and FFPE
tissue extracts136-141. A more direct application of this technique to IHC has been done by the
group of David Rimm, testing an anti-EGFR antibody on a panel of cell lines and adopting a
fluorescent detection142. A more thorough investigation of antibodies and orthogonal
validation on WB has been done by the Human Protein Atlas by Fredrik Edfors and
collaborators on a set of 53 antibodies, using labelled DDA and targeted quantitation, and
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comparing it to mRNA quantification135. Moreover, they validated a further set of 711
antibodies using a 2 cell lines approach with labelled DDA quantification.
The implementation of proteomic orthogonal validation has many advantages over several of
the other techniques:
•

the high number of samples that can be tested in each experiment

•
•
•

the knowledge of protein levels and magnitude of variation between samples
the quantification of thousands of proteins for each dataset
the possibility of relating the AB signal to the rest of the detected proteome for
estimation of specificity and sensitivity of the reagent.

1.3.4 A fit-to-purpose approach to antibody validation
Reconnecting to the precedent paragraph about biomarker development and validation, one
integral part of such procedure is to perform a thorough analytical validation of the antibody,
considering the final use already in these steps. This means defining the final target tissues or
tumors, the expected range of expression of the protein in such tissues/tumors and how the
antibody can detect it, how heterogeneous the expression is, how reproducible the staining
across different antibody’s batches and different staining platforms is. In other words, already
the analytical phase needs to be shaped around the potential use, considering many factors
that could influence its performance. From this point of view, MS-based proteomics can
contribute beyond the orthogonal validation in a significant way, given the exciting potential
of absolute quantification in defining the upper and lower limits of detection143.
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2 RESEARCH AIMS
The overall aim of this thesis is to investigate how histopathology and mass spectrometrybased proteomics are connected to each other under several aspects. I have focused on three
main aspects:
1. Exploration of relationship between proteomic classification and histological
characterization of tumors, especially lung and breast cancer (papers I and II)
2. Development of a mass spectrometry-based orthogonal approach for antibody
validation in IHC (paper III)
3. Histological and IHC validation of results obtained in a discovery modality with MS
proteomics (paper I, II, III)
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3 MATERIALS AND METHODS
3.1

ETHICAL CONSIDERATIONS

The declaration of Helsinki is a document that lists the ethical principles to be followed
regarding human experimentation144. Written in 1964, it is considered the most important
declaration defending the rights of humans during clinical trials and research. As clearly
exposed by Johansson and Lynöe145, the three main principles to be followed are:
- Requirement of informed consent: the information given to the patient should be
comprehensible and adequate (comprising aim of the study, methods, funding, conflict of
interests, potential benefits and harms, right of withdrawal consent, right to abstain from the
study without consequences). Moreover, the patient should be able to give a voluntary
consent and to decide by themself.
- Balance of risks and benefits: the potential benefits deriving from the study should be
counterbalanced by the potential harms and a complete assessment done.
- Competence of research: design and methods adopted in the protocol should be adequate for
the aim of the study, following laws and regulations of the state in which the experimentation
is performed. The research should be accessible to the ethical review committees that
approved the study.
The paper I and II made use of human clinical samples taken from different patient cohorts,
as described in the respective sections. Following the Helsinki declaration and as already
described in the relative paper, informed consent was obtained by each patient for the
collection of cancer samples and clinical information. Moreover, each study here included
was submitted to the ethical board for approval and a balance of risks and benefits was done
before starting the studies.
The paper III only made use of continuous human cell lines commercially available, for
which no ethical approval is requested.
3.2

PATIENT COHORTS

The paper I is a molecular landscape discovery study in which 45 breast carcinomas,
belonging to the OSLO2 cohort, were submitted for proteomics, CNA, microarray, RPPA
and metabolomics. The OSLO2 cohort was established in Norway in 2006 and collected
samples from 297 patients until 2019146. For this study a subgroup of 45 tumors were
extracted, choosing 9 tumors for each PAM50 subtype. Immunohistochemical results were
validated on a subset of 530 patients of the OSLO1 cohort, a breast cancer cohort established
in Norway between 1995 and 1998, including 920 breast carcinomas147.
The paper II generated molecular data from 3 different patients’ cohort: for the discovery
part, the histopathological examination and the IHC, samples from 141 patients were taken
from the Skåne University Hospital in Lund148, while the validation cohorts used were the
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Southern Swedish Lung Cancer Study (now LUCAS cohort, 84 inoperable lung cancer
samples) and a Norwegian cohort from Oslo University Hospital of 209 operated lung cancer
patients149.

3.3

MASS SPECTROMETRY BASED-QUANTITATIVE PROTEOMICS

In the paragraph 1.2.1 of this thesis I have described mass spectrometry-based proteomics and
how the signal can be acquired using different modalities. In this section I will describe how
the data were acquired for the three different papers.
In paper I and paper II samples were processed for labelled DDA acquisition, using HiRIEF
LC-MS/MS. Briefly, samples were lysed using an SDS-based buffer and the proteins
extracted. After measuring the protein concentration, proteins were cleaned and digested with
trypsin, using the FASP protocol150 for the paper I and following the SP3 protocol developed
by the Krijgsveld lab151 for the paper II. After protein digestion peptides were labelled with
10-plex TMT isobaric tags and then separated off-line using immobilized on-gel pH gradient
isoelectric focusing (HiRIEF), as described by Branca et collaborators152. In paper II
samples were also prepared for DIA acquisition, a label-free analysis performed after peptide
cleaning done with SP3 protocol. Labelled samples were acquired with LC-MS/MS on DDA
mode, while label-free data for the paper II were analysed with a DIA modality.

3.4

IMMUNOHISTOCHEMISTRY AND IMMUNOFLUORESCENCE

Immunohistochemistry (IHC) is an in-situ form of affinity-based protein detection. Because
of the possibility of being applied on formalin-fixed paraffin-embedded tissues and the
possibility of preserving the morphology of tissue, it has gained the favor of histopathologists
in both diagnostic and research settings as the main “ancillary” technique for protein
studies153,154. The main steps of sample preparation and IHC are listed and commented
below155(see also Figure 2):
• Collection of the sample and fixation: the fixation step, necessary to interrupt lytic
phenomena of the tissue (or cells), can be carried on with several fixatives, most commonly
with buffered formaldehyde. The fixation phase is one of the most important passages in this
procedure, since inadequate fixation lengths (too short or too long) will affect the protein
detection in an irreversible way156.
• Dehydration, embedding and cut: at the end of the fixation period, the samples are washed
with water, dehydrated with ethanol and xylene, embedded in special paraffin for histology
and finally cut in thin sections (around 4 µm).
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• Antigen retrieval: after paraffin removal with xylene and rehydration, to recover the
antigenicity of the proteins and counteract the action of formaldehyde, sections are submitted

Figure 2: Scheme of fluorescence-detected immunofluorescence against CDH1 (E-cadherin). The primary antibody, raised in
mouse, is binding in a specific and selective way to the target protein (in this example CDH1). The secondary antibodies,
targeting mouse Abs, are conjugated with a fluorophore (Alexa Fluor 488) and are binding the primary antibody. Created
with BioRender.com.

to “Heat-induced epitope retrieval” (HIER)157. Briefly, sections are heated in buffers with
optimized pH for the antigen, for standardized time and temperature, with the aim of reexposing the epitopes necessary for the binding with the selected antibodies. Alternative to
HIER, it is possible to employ special protease digestions for reaching the same scope.
• Primary antibody incubation: after HIER, sections are incubated with the antibody of choice
at a specific dilution (in order to achieve the best signal-to-noise ratio) and optimized time,
pH, blocking agent, etc.
• Secondary antibody and detection system: After several washing steps, in order to remove
the excess of primary antibody, sections are incubated with the chosen secondary antibody
and detection system. Many detection methods can be employed in IHC, employing
chromogens or fluorophores, secondary antibodies directly conjugated with
enzymes/fluorescent molecules or amplified introducing polymers, etc. The choice of this
component is dependent on the abundance (and availability) of the epitope, on the affinity of
the primary antibody and on practical aspects of interpretation (the chromogenic detection is
much more common in diagnostic pathology)154.
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In the three papers IHC is an important method applied to the different samples. In paper I
mIHC is used to detect MET and EGFR and characterize their co-expression on 37 breast
carcinomas. Seen from another perspective, mIHC is used to validate a co-expression
discovered with MS in the basal-like and normal-like tumors. In paper II chromogenic IHC
is used to describe the type of immune infiltrate and detect tertiary lymphoid structures,
together with histology (see below in the immune section). In paper III quantitative mIHC is
used to measure the AB signal from different cell lines and correlate it to the MS signal.
3.5

HISTOLOGICAL CLASSIFICATION OF BREAST AND LUNG CANCER

3.5.1 The 2019 WHO classification of breast tumors
The WHO classification of breast tumors158 includes a diverse mixture of neoplasms that can
arise in the breast, including metastatic lesions. By far, the most common malignant tumor is
the invasive carcinoma no special type (NST), an adenocarcinoma of variable degree of
differentiation and that shows no special morphological characteristics. The second most
common malignant neoplasm is lobular carcinoma, a special type of breast cancer
characterized by scarcely cohesive cells, Indian file growth pattern and lack of expression of
E-cadherin. This classification has been used to classify the 45 breast carcinoma samples
used in the paper I.
3.5.2 The WHO classification of lung and chest tumors
The neoplasms that arise in the lung are histologically categorized according to the WHO
lung and chest tumors classification159. Among the non-metastatic tumors that can arise in the
lung, carcinomas are the most common and are historically divided in small cell lung
carcinomas (SCLC) and non-small-cell lung carcinomas (NSCLC), based on the
morphological aspect and the speed of progression. Among the NSCLC group, the most
common tumors are adenocarcinoma (AC), squamous cell carcinoma (SqCC), large cell
carcinoma (LCC) and large cell neuroendocrine carcinoma (LCNEC, this last one shows
characteristics in common with SCLC). In the AC group, several growth patterns can be
recognized, linked with a different biological behavior and a different 5-years survival160,
including a “carcinoma in situ” form (lepidic pattern). In paper II lung carcinomas have been
classified according to the 2015 version of the WHO classification and ACs have been
subclassified, quantifying the pattern of growth in increases of 5 %, as suggested by Travis
and collaborators39.
3.6

HISTOLOGICAL EVALUATION OF IMMUNITY IN LUNG CANCER

The presence, histological organization and phenotype of immune cells in lung cancer can be
assessed in a multitude of ways, depending on what aspect needs to be highlighted. In paper
II the tumor immune component has been evaluated in the following ways:
1. Chromogenic IHC for CD3, CD8 and CD20 on TMA, following the counting method
of Al-Shibli and collaborators161. Briefly, the percentage of membrane-positive cells
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was calculated (counting at least 100 cells), counting tumor and stroma compartments
as different. The cut-off for positivity was set at 1%.
2. Chromogenic IHC for PD-L1 (using the clone 28-8) on TMA sections was interpreted
following the interpretation guidelines supplied by the manufacturer162. For the TPS
(Tumor Proportion Scoring) minimum amount of 100 neoplastic cells was considered
for each tumor, considering a weak and partial membrane signal as a minimum
positivity. No stromal positivity was considered in the scoring.
3. The presence and quantification of tertiary lymphoid structures was assessed on
selected HE whole slides according to Lee HJ et al163, estimating the amount of
peritumoral tissue involved by TLS (little <10%, moderate between 10 and 50%,
abundant >50%).
3.7

SUPER-RESOLUTION MICROSCOPY

Super resolution microscopy is a collection of microscopy techniques that can circumvent the
physical diffraction limit of light and make it possible to investigate biological processes at
sub-microscopic resolution. Among the different approaches, the Stimulated Emission
Depletion (STED) microscopy is a point spread function engineering technique that is based
on the coupling of a central exciting laser and a doughnut-shaped deactivating laser that
inactivates the fluorescent dye in the peripheral portion164. Such fluorescent excitation present
only in the central part of the laser beam permits a lateral resolution between 10 and 80 nm,
well below the diffraction limits of the light165.
In paper I super resolution microscopy has been applied to breast cancer specimens to
investigate the co-expression of EGFR and MET and their subcellular localization between
basal-like and normal-like tumors.

3.8

IMAGE PROCESSING AND ANALYSIS

Image processing and analysis is a system of computer-based techniques to extract
information from images. Depending on the context and the kind of information the user
wants to extract, different tools and technique will be applied in a sequential fashion.
In the paper III I have elaborated a workflow to extract mean pixel intensity values across
the 18 cell lines for many primary antibodies recognizing different protein targets. The main
softwares used for this task have been CellProfiler (v 4.0.7), Ilastik (v 1.3.3) and R (v 4.0.3).
1. Image acquisition. The type of microscope and object, the exposure settings and the
file format are some of the most important aspects that influence the final results. A
wrong choice made at this stage will influence the results in a negative way, making
the results unreliable. For this step I have used a Metafer widefield fluorescent slide
scanner equipped with a Imager Z.2 and a 20X object. The acquisition has been done
with fixed exposure time and autofocus, in 4 fluorescent channels (DAPI for hoechst

25

33342, FITC for mouse antibodies detection, Texas Red for rabbit antibodies
detection and Far Red for cell mask detection). The output images were saved in TIFF
format grayscale 8-bit.
2. Pre-processing. Before starting the real image processing, image file needs to be
prepared for the segmentation ad measuring steps. Among the many techniques that
can be applied at this stage, there are: filtering, color extraction, illumination
correction, inversion, enhancement (to increase SNR), stitching, image registration
and deconvolution. In my pipeline, after performing an acquisition quality control for
saturation, images were corrected for uneven illumination using a “background”
illumination function with a B-spline smoothing.
3. Segmentation. In this phase an image is used for identifying “primary objects” that
will be used as a starting point to recognize cells, potentially with the help of a mask
that will expand in a “secondary object”. Usually in a first phase a threshold is
calculated (manually or through an algorithm) to assign pixels to background or
foreground and transform the image into a binary one. In a second phase another
approach is used to separate the different cells from each other, using another
algorithm to recognize local minima in the pixel value. If the image is challenging to
segment, a machine learning-based approach to classify pixels and objects can be
used, like in this case. Briefly, the software Ilastik was trainer to recognize pixels
belonging to the nuclei in the DAPI channel, and separate them from the background.
In a second step, every nucleus was recognized as an object and exported for
subsequent use. Finally, if a cytoplasmic mask is available (or a cell area is calculated,
starting from the nucleus), a cytoplasmic area is detected using algorithms for
secondary objects detection. In this paper a cytoplasmic mask was available and used
for cytoplasmic detection employing the algorithm.
4. Measurement. Once the cells are identified, the cellular area of the image is measured,
using different ways of summarizing the pixel intensity values, such as mean, median,
standard deviation, etc. In the paper, a background pixel value was calculated for each
channel as a lower quartile intensity, in common for all the images belonging to the
same slide. Such values were subtracted from the images before measuring the mean
pixel value in the antibody channels from the cellulated areas. Additionally, the SNR
was calculated for the mouse and rabbit antibodies channel, to check for signal
presence.
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4 RESULTS AND DISCUSSION
4.1

PAPER I: BREAST CANCER QUANTITATIVE PROTEOME AND
PROTEOGENOMIC LANDSCAPE.

This molecular landscape article investigated a cohort of 45 breast carcinomas with multiple
levels of omics data: quantitative MS based proteomics, CNA, microarray mRNA, RPPA
and metabolomics. The proteomic analysis identified a total of 12645 proteins (gene centric)
and 248949 unique peptides, of which 9995 proteins were quantified across all tumors. An
unsupervised clustering analysis grouped the tumors in a very similar way to PAM50
classifier, while the same analysis on the proteins quantified showed grouping according to
their biology. Using consensus clustering on a subset of highly variant proteins (n = 1334) 6
core tumor clusters were defined (CoTC), showing a partial agreement with PAM50. In fact,
basal-like tumors were split into CoTC1 and CoTC2, HER2-enriched were fused with
luminal B (CoTC6) and another subset of luminal B formed a separated cluster (CoTC4). A
correlation network based on the same subset of proteins showed how the 2 subgroups of
basal-like tumors differ by immune response, basal proteins expression and proliferationrelated proteins. Similarly, the CoTC3 (luminal-A) and CoTC4 (pure lumina-B) differ by a
small immunity network, related to interferon-alpha response, extracellular matrix and
proliferation markers.
To find potential drug combinations, the co-expression of drug targets in “druggable”
proteome analysis was analysed using the 290 FDA drug targets identified in the cohort
(Figure 3A). ESR1, PGR, AR and BCL2 were found to be highly correlating by both RPPA
and MS (Figure 3B). Similarly, EGFR and MET were found to be co-expressed in basal- and
normal-like carcinomas, as shown by MS and mRNA data on the OSLO2 cohort (and
confirmed by the mRNA data from the TCGA dataset166, Figure 3C, 3D).
Since the normal-like group is debated and novel treatment modalities are needed in basallike BC, co-expression of EGFR and MET were investigated using a mIHC approach on 37
of 45 tumors available in the OSLO2 cohort. The IHC confirmed the co-expression to be
restricted to the basal-like and normal-like subtypes, showing how both proteins were
expressed in the invasive tumors in the basal-like, while the normal-like positive tumors were
high grade DCIS without an invasive component (Figure 3E). Such results were confirmed
on the OSLO1 cohort (Figure 3F), too, showing how just a small number of normal-like
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invasive tumors were positive
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Figure 3: A) Correlation matrix of 290 FDA drug targets detected in the proteomic data; B) correlation matrix data about
luminal targets, discovered on the MS data of the Oslo2 cohort, were validated on RPPA data from Oslo2 and the TCGA; C)
MET and EGFR co-expression scatter plot, across the 45 tumors of the Oslo 2 cohort. The expression is higher in basal-like
and normal-like tumors; E) The co-expression is confirmed on mRNA data from the Oslo2 and TCGA cohorts; e) IHC
scoring for the EGFR-MET co-expression in the Oslo2 cohort (whole slides); F) IHC scoring for EGFR and MET coexpression on the validation cohort Oslo1 (TMA); G) co-staining of EGFR and MET in the normal-like subtype, DCIS versus
invasive component; H) Super-resolution microscopy of EGFR-MET colocalization in two cases of normal-like DCIS.
Reproduced with permission from Springer Nature Publishing Group.

for the co-expression (Figure 3G). Finally, a small number of samples were studied with
STED super-resolution microscopy to search for subcellular localization and colocalization of
EGFR and MET in basal-like and normal-like samples (Figure 3H). The microscopy showed
a different subcellular localization and degree of colocalization, with MET and EGFR more
colocalized and expressed on the plasmatic membrane in normal-like samples than basal-like,
that showed a more intracellular localization and minor overlapping of the 2 signals.
4.2

PAPER II: PROTEOGENOMICS OF NON-SMALL CELL LUNG CANCER
REVEALS MOLECULAR SUBTYPES ASSOCIATED WITH SPECIFIC
THERAPEUTIC TARGETS AND IMMUNE EVASION MECHANISMS

The early stage 141 tumors used for the discovery stage were histologically divided in
LUAD, SqCC, LCC and LNELCC; two SCLC were added as reference to this dataset. After
proteomic analysis with labelled DDA acquisition, 13975 total proteins were identified, with
9793 gene proteins quantified across all samples. Additionally, panel sequencing of cancer
associated genes, genome-wide methylation and RNA-seq were performed on these samples.
A consensus clustering based on proteomic data showed 6 proteomic subtypes, consistent
with a successive NMF clustering based on the same data. Based on this molecular
classification, clusters 1-4 were represented mostly by LUAD, while subtype 5 was
composed by LNELCC and SCLC. Finally, subtype 6 was exclusively represented by
SqCC.A network analysis was performed, based on the protein level differences between
subtypes and detected using the DEqMS tool111. The results indicated an immune infiltration
of subtypes 2 and 3, and a stromal component in subtype 3; such results were confirmed
using the ESTIMATE signature167 for inferring the stromal and immune composition. Such
data agreed also with the cell composition evaluation results, since the subtypes 2 and 3 were
considered the less “pure” among panel sequencing data evaluation.
The application of immune signatures previously published168 on the proteomic data showed
a differential expression of immune-related proteins between subtype 2 (high in T cells and
interferon signaling) and subtype 3 (B cell expression)(Figure 4A). IHC for CD3 and CD8A
on a subset of samples showed a good correlation with proteomic quantification. The
investigation of the antigen processing and presentation machinery (APM) and the tumor
mutation burden (TMB) showed how the subtype 2 was correlated with both APM and TMB
high, while the subtype 3 showed high APM but low TMB. The evaluation of PD-L1 IHC on
a sub-cohort of patients showed a high expression of the marker in the subtype 2, suggesting
a potential group of responders to ICI.
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The expression of B cells markers in the subtype 3 suggested the presence of tertiary
lymphoid structures (TLS), which presence is associated with a better prognosis and
predictive of immunotherapy response169. An analysis based on a mRNA signature showed

Figure 4: relationship between TLSs, immune markers and growth pattern across subtypes 2 and 3. a) scatterplot of PD-L1
vs CD20 (MS data) across the 6 proteomic subtypes; b) heatmap of mRNA data for TLSs signature, divided by proteomic
subtype; c) scatterplot PD-L1 vs CD20 of selected examples of subtype 2 vs subtype 3 tumors; d) Count of TLSs per 10 HPFs,
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subtype 2 vs 3; e,f) two examples of TLSs from subtype 3; g) boxplot of solid growth pattern percentage in tumors belonging
to subtype 2 vs 3; h) boxplot of stromal signature ESTIMATE, subtype 2 vs 3; i-n) examples of tumor growth patterns from
different cases: solid, lepidic, acinar, papillary micropapillary, mucinous. Reproduced with permission from Springer Nature
Publishing Group.

high levels of TLSs in a subgroup of subtype 3 (Figure 4B); such finding was confirmed
comparing the histology of tumors belonging to the subtype 2 (with high PD-L1) or 3 (high
B-cell markers) (Figure 4C, 4D). This histopathological evaluation pointed out important
differences in LUAD growth pattern, since subtypes 2 samples showed a largely predominant
solid growth, while the subtype 3 showed a mixture of lepidic, acinar, papillary, mucinous,
micropapillary and solid patterns (Figure 4E-4N).
4.3

PAPER III: A METHOD FOR VALIDATION OF ANTIBODIES FOR
IMMUNOHISTOCHEMISTRY USING QUANTITATIVE MASS
SPECTROMETRY BASED PROTEOMICS: ABMS

Eighteen cell lines were chosen to cover a large part of the human proteome, selecting
17 of them based on diverse protein coding mRNA levels in CCLE RNA-sequencing
data (containing 1048 cell lines)138. Selection was to cell lines present in the DSMZ cell
bank (https://www.dsmz.de) and including the in-house cell line A431. Of the 335 cell lines
selected, a further selection was based on a hierarchical clustering based on a subgroup of
genes that were expressed in at least 4 cell lines and not present in all of them. Finally, based
on the mRNA coverage, 18 cell lines were selected manually and used for proteomic analysis
and the construction of a cytoblock microarray (CMA) (Figure 5A-5B).
After cultivating and expanding the cell lines, samples were collected and processed
for quantitative proteomics using a labelled DDA approach. Briefly, after protein extraction
with an SDS-based buffer, protein concentration was measured, and 200 mg digested with
trypsin. After labeling 3 replicates of each cell line with a TMT 10-plex isobaric tag, samples
were pooled together (using one tag as internal reference between sets) and fractioning the
peptides off-line through isoelectric focusing before nanoLC-MS/MS123.
Cells cultured at the same occasion as for the proteome analysis were
used to build a cytoblock microarray. Each cell line was added in triplicate and
distributed randomly to build the cytoblock. Such sections were used for developing the IF,
that were acquired with an automatized microscope and the mean pixel intensity extracted for
each replicate of the cell lines.
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Figure 5: Experimental design of the study. A) The 18 cell lines dataset (diversity set) was submitted for both LC-MS/MS and
quantitative IF. From each antibody was obtained an intensity profile that was correlated to the target protein and to the rest
of the proteome to study the distribution of the correlations. B) The output of the analysis is shown from the left, with MS and
IF reproducibility plots, the MS-IF correlation scatterplot and the coefficient distribution ranking for the target protein.
Created with BioRender.com.

After obtaining the signal intensity profiles for both MS and IF data, we evaluated the
reproducibility of the intensity signal through the 3 biological replicates (visualized as line
plots). Such plots highlighted a variable reproducibility, depending on the specific antibody
tested. The next step was to assess the correlation between the MS and the IF across the 18
cell lines, using Pearson and Spearman coefficients of correlation and showing the data on a
scatterplot. Finally, an additional way of analyzing data was to correlate the IF profile with
the detected proteome and then visualize the target protein ranking in relation to the whole
distribution of correlations.
MS-AB and AB-AB correlation were tested over 3 different time points and with different
dilutions, which provided confidence that the IF method performed reproducibly. To further
investigate the correspondence with other validation approaches we decided to study 3
MKI67 antibodies and 4 PD-L1 (CD274) antibodies, using the independent antibody
criterium. We observed, for both antibody groups, a very good concordance between MS-IF
correlations and the high AB-AB correlation, measured with Pearson coefficient.
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Figure 6: Aggregated data for 45 antibodies. A,B) The MS-IF correlation coefficients were plotted against the target protein
ranking in the correlation distribution, for both Pearson (A) and Spearman (B) coefficients. There is an enrichment in IVD
clones in the higher correlation values, evident with the Pearson coefficient. Note the logarithmic visualization of the y axis.
C,D) Scatter plot of Pearson vs Spearman coefficients that shows the discordance between the two coefficients. It is evident
how many high Pearson and low Spearman points are IVD clones (C) and how their data distribution is skewed (ShapiroWilk test positive), that justify the difference in coefficient values.

A total amount of 45 different antibodies were tested in this study, with variable MS-IF
coefficient values (Figure 6A-6B). The coefficient values were concordant with the ranking
of the target protein in relation to the coefficients’ distribution. The plot of Pearson against
Spearman coefficients of all the 45 antibodies showed discordances between the two
coefficients. Such effect was attributed to the skewed distribution of the intensities, as
demonstrated by the positivity of these points for the Shapiro-Wilk normality test (alpha =
0.05)(Figure 6D). Finally, a visualization of the Pearson’s and Spearman’s coefficient plot
showed a group of high scoring antibodies, enriched in clones used for IVD (Figure 6C).

33

35

5 CONCLUSIONS AND FUTURE PERSPECTIVES
5.1.1 Concluding remarks about the thesis
The work presented in this thesis has the aim to show how pathology and proteomics (and
molecular classifications) are strictly interconnected in many ways. In other words, they are
simply separate ways to look at the same phenomena. The main conclusions that we can draw
from the thesis are the following:
•

•

•

The paper I has shown how investigating co-expression of drug targets has
highlighted the co-expression of MET and EGFR in both basal-like and normal-like
tumors. In this last group the co-expression was confined to a subset of DCIS high
grade, while most of invasive tumors were negative for it. A super-resolution
microscopy investigation showed a different degree of colocalization and subcellular
distribution between basal-like and normal-like tumors.
In paper II the proteomic-based clustering divided the discovery lung cancer cohort
in 6 subtypes, strictly following the histology of tumors (4 subtypes were mostly
LUAD, 1 LNELCC and the last SqCC). MS data and molecular signatures
highlighted the abundance of immune infiltration in subtypes 2 and 3 and at the same
time pointed out differences in immune phenotype (CD8 and Interferon signatures for
subtype 2, B cell signature in the subtype 3). PD-L1 IHC showed high expression of
the marker in the subtype 2, suggesting this subgroup could benefit from ICI therapy.
An histopathological evaluation of selected cases from the subtype 2 and 3 confirmed
the abundance of TLSs in the subtype 3 and showed important differences in growth
pattern of the tumor (solid pattern in subtype 2, mixed pattern of growth in subtype 3).
The paper III is a technical paper that investigates MS-based orthogonal validation
of ABs using IF. I created a dataset of 18 cell lines that was submitted for both
labelled DDA and histology, obtaining a MS proteomic quantification and a CMA for
IF quantification. To evaluate for antibody performance, both reproducibility of MS
and IF data was taken into consideration and the correlation between the two
quantifications were evaluate with Pearson and Spearman coefficients. Moreover, we
took into consideration the correlation of the IF profile with the rest of the proteome
and the rank of the target protein among them. The analysis of 45 antibodies showed a
good correlation between Pearson coefficient and top ranking value and highlighted
how the highest scoring antibodies were enriched in diagnostic clones. The
correlation between independent antibody validation and orthogonal validation was
investigated on 4 anti-CD274 and 3 anti-MKI67 antibodies, showing a close
performance of both validation criteria.
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5.1.2 Future perspectives in pathology
According to Edward Abrahams, the main promise of precision medicine is “to give the right
drug to the right patient at the right time”5. This principle is reflected in the general trend to
increase and improve patient stratification in oncology to assure that patents with a specific
molecular alteration will receive the proper drug they can respond to. This has already been
translated in an increased involvement of the pathologist in the patient care, a task that
requires the specialist to provide not only a histopathological diagnosis but also the search for
a set of mutations or expression of proteins that will give the indication to a specific drug
therapy. The expansion of knowledge coming from mutational landscape, proteomic and
phenotypical studies, coupled with increased availability of -omics technologies such NGS
for DNA and RNA sequencing, mIHC for in situ detection of multiple proteins, mass
spectrometry-based proteomics for a better characterization of proteins and for drug screening
on organoid models will increase the pathologist’s toolbox and reshape his role in patient’s
care.

5.1.3 Future perspectives on the use of affinity reagents
The ongoing problem of antibody validation is raising several questions that are waiting to be
answered, first what should be the right way to validate antibodies? The second question that
is being asked is who should validate the antibodies for the final use, a problem easy to
address. It is the opinion of the author that the 2 main stakeholders involved in this are
antibody producers and the final user, and both should participate in the process. Antibody
producers (and sellers) need to guarantee that the application-specific performance is as
expected, validating the antibody for the specified application with a good degree of
certainty. If we consider IVD antibodies the manufacturer should be also responsible for the
tissue-specific application and validate the antibody on the target tissue/tumor. At the same
time, the end user should be accountable for assessing the performance of the antibody as
expected and responsible for validating eventual new applications for research. A third option
would be the institution of third-party entities responsible for antibody validation170. Such
entities should be responsible for performing a standardized set of experiments, evaluate them
according to well-established guidelines and publish the results in a public repository. Even if
some attempts of third-party validation have been done by Euromabnet171, there is no
standard approach that has been proposed to regularize the antibody validation process.
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