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ABSTRACT

Bladder cancer (BCa), as the most prevalent malignancy within the urinary system,
poses a significant global health challenge, with nearly 600,000 new cases emerging annually
worldwide. This number is alarmingly projected to double by 2040, according to forecasts by
the World Health Organization, spotlighting the urgent need for minimally invasive and cost-
effective diagnostic options to improve patient outcomes.

This doctoral thesis addresses the urgent call for innovative approaches in managing
BCa and potentially other urological cancers. It details the development and application of
cutting-edge proteomic technologies to refine the accuracy of BCa diagnosis and improve
prognostic evaluations. By extending this research to include renal cancers, the thesis under-
scores the proposed methods' versatility and potential broad applicability.

Central to this work is the novel differential personal pathway index (dPPi), a personal-
ized medicine approach derived from extensive work in urine sample processing, proteome
analysis, and mass spectrometry data normalization. This thesis presents several key advance-
ments, including (i) The development of a novel urine protein preservation method using filter-
aided sample preparation (FASP), ensuring effective concentration and stabilization for long-
term storage without compromising sample integrity; (ii) The introduction of a high-through-
put ultrafast proteomics method known as US-FASP, which speeds sample processing while
maintaining robustness and scalability; (iii) The evaluation of normalization techniques for mass
spectrometry data. (iv) Identifying urinary proteomic signatures associated with BCa recur-
rence, highlighting potential prognostic indicators; (v) Implementing longitudinal urine prote-
omic analysis using the dPPi approach, to provide insights into BCa progression over time and
guide clinical interventions; (vi) Exploring proteomic landscapes in chromophobe renal cell car-
cinoma (chRCC) and renal oncocytomas (RO), offering insights into diagnostic and therapeutic

avenues
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Overall, this thesis contributes significantly to understanding BCa and opens up new
avenues for developing personalized medical interventions. The findings enhance our grasp of
BCa's biological underpinnings and offer a promising framework for extending these innova-

tions to a wider array of urological and other malignancies.

Keywords: Bladder cancer, Proteomics, Mass Spectrometry, Urine sample handling, Longitudi-

nal Analysis, Precision Medicine.
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RESUMO

O cancro da bexiga (BCa), sendo o tipo de cancro mais prevalente no sistema urinario,
representa um grande desafio para a saude global, com aproximadamente 600.000 novos
casos por ano no mundo. De acordo com a Organiza¢do Mundial de Saude, este niUmero esta
previsto duplicar até 2040, realcando a necessidade urgente de diferentes opg¢des de di-
agnostico ndo invasivas e economicamente mais viaveis para melhorar o tratamento e diag-
nostico dos pacientes.

Esta tese de doutoramento aborda o importante apelo por abordagens inovadoras no
tratamento do BCa e de outros cancros urologicos. Aprofunda o desenvolvimento e a aplicacao
de tecnologias protedmicas de ponta para refinar a precisdo do diagnostico e melhorar as
avaliagdes prognosticas do BCa. Este trabalho ao incluir cancros renais, sublinha também a
versatilidade e potencial aplicabilidade ampla dos métodos propostos.

Como trabalho central, esta o differential personal pathway index (dPPi), uma
abordagem de medicina personalizada derivada de um extenso trabalho no processamento
de amostras de urina, analise do proteoma e normalizagdo de dados de espectrometria de
massa. Esta tese apresenta varias avangos importantes, incluindo (i) O desenvolvimento de um
novo método de preservacao de proteinas na urina usando o método filter-aided sample prep-
aration (FASP), garantindo concentracao e estabilizagao eficazes para armazenamento a longo
prazo sem comprometer a integridade da amostra; (ii) A introdu¢do de um método de
protedmica ultra-rapido em alta produgdo conhecido como US-FASP, que acelera o proces-
samento de amostras mantendo a robustez e escalabilidade; (iii) A avaliacdo de técnicas de
normalizacdo para dados de espectrometria de massa. (iv) Identificacdo de assinaturas
protedmicas urinarias associadas a recorréncia do BCa, destacando indicadores com
prognostico potencial; (v) Implementagdo de analise protedmica urinaria longitudinal usando

a abordagem dPPi, para fornecer informacdes sobre a progressdao do BCa ao longo do tempo
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e orientar intervencdes clinicas; (vi) Analise protedmica no carcinoma renal croméfobo e nos
oncocitomas renais, oferecendo perspetivas sobre opcdes de diagndstico e terapéuticas.

No geral, esta tese contribui significativamente para a compreensao do BCa e abre
novas dire¢des para o desenvolvimento de intervencdes médicas personalizadas. Os resultados
melhoram a compreensao das bases biologicas do BCa e oferecem um quadro promissor para

alargar essas inovagdes a uma ampla gama de cancros urologicos e outros.

Palavras chave: Cancro da bexiga, Protedmica, Espectrometria de massa, Manuseamento de

amostras de urina, Analise longitudinal, Medicina personalizada.
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Sample Prepa-
ration (FASP)

Liquid Chro-
matography-
Tandem Mass

Spectrometry
(LC-MS/MS)

MaxQuant

GLOSSARY

A search engine integrated into the MaxQuant that is used for peptide

identification.
A Cytoscape plug-in that enables pathway visualizing and analysis

An open-source software platform for visualizing complex networks.

A mode of data acquisition in tandem mass spectrometry (MS/MS) where

certain peptides within a restricted mass range are fragmented.

A mode of data acquisition in tandem mass spectrometry (MS/MS) mass
spectrometry that selects the top N most abundant precursor ions for

fragmentation

A bottom-up proteomic approach method for preparing protein samples

for mass spectrometry analysis using filter devices.

Technique combining liquid chromatography with tandem mass spec-

trometry.

A software platform for mass spectrometry-based proteomics that ena-

bles protein identification and quantification.
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®D) Time taken for a compound to pass through a chromatography column.
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StringApp o
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Spectrometry  identification and quantification of molecules such as peptides by frag-
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INTRODUCTION

1.1 Bladder Cancer

Bladder cancer (BCa) typically develops because of the outgrowth of dysfunctional cells
in the bladder lining [1]. Also known as urothelial or transitional cell carcinoma, the condition
that constitutes most of the global bladder cancer cases, being about 90%. Starting from the
urothelial cells, which line the inner surface of the bladder, it can spread to other sites of the
urinary tract, including the renal pelvis, ureters, and urethra [2,3]. Squamous cell carcinomas
are also a type of BCa, which is 5% of the cases worldwide. They are typically linked to protozoal
infections that mediate inflammation [4]. The remaining cases of BCa constitute uncommon

types such as adenocarcinomas, sarcomas, and metastases to the bladder [1-3].

1.1.1 Bladder Cancer Demographics and Patterns

Bladder cancer represents a major world health problem, and the incidence of this neo-
plasm contributes significantly to cancer-related morbidity and mortality [5,6]. GLOBOCAN
data from 2022 indicates that about 600,000 cases of bladder cancer are diagnosed, and it
remains the most common malignancy within the urinary tract, being the 11" among all types
of cancers worldwide [7]. Even though it predominantly affects the male population, with a four
times higher incidence than in women across the world, being ranked 6™ in men among all
types of cancer.

By Fig.1-1A, it is evident that the incidence of BCa is the highest in the higher income
regions such as Europe, North America, and Western Asia and also increased in endemic re-

gions affected by Schistosoma parasites such as northern Africa. Such variations in incidence
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have been associated with risk factors such as sedentarism, rate of tobacco use, and exposure
to various chemicals. From the mortality level in Fig.1-1B, bladder cancer ranks 13" in the over-
all mortality of all sexes worldwide, being more severe in Europe and Northern Africa. The
difference between the incidence and mortality indicates that while there are continued efforts
to diminish risk factors, improve diagnosis, and follow up BCa patients, it seems to be declining
in understanding sex differences and new avenues of patient monitoring to broaden therapy

to decrease global rates of diagnosis and death [8,9].

A Bladder Cancer Incidence, Both Sexes, in 2022

)

B
°
°
°® °
Age-Standardized (ASR) (World) per 100 000
I 5s-193 I -8 I Not applicable
I 5.0-88 I 2.0-3.1 No data
[ 2.8-5.0 I 1.4-2.0
1.8-2.8 0.9-1.4
0.0-1.8 0.0-0.9

Figure 1-1. Global incidence and mortality of bladder cancer in 2022 in men and women fo all ages. A. Global
estimated incidence of bladder cancer in 2020 in men and women of all ages. B. Global mortality of bladder cancer.
Data are expressed as age-standardized rates (ASRs; adjusted to World Standard Population) to account for differing
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age profiles among regions. Data were obtained from GLOBOCAN 2022, and maps were generated by the World
Health Organization (WHO) (https://gco.iarc.fr/today) [7]).

1.1.2 The hidden burden of bladder cancer

Recent advancements have led to modest improvements in survival rates for BCa com-
pared to other cancers [10]. However, despite these gains, the five and ten-year survival rates
for BCa patients remain disappointingly low [11,12]. Adding to this challenge, BCa has the
highest recurrence rate among all cancers, with figures ranging from 30% to 70% [13-15]. For
those with high-risk tumours, the likelihood of progression is notably high, between 10% and
30% [15]. Consequently, BCa patients face a demanding and prolonged treatment journey,
necessitating regular and invasive monitoring throughout their lives [16]. These realities un-
derscore the critical need for improved early detection methods for BCa, enhanced patient care

strategies, and the assurance of consistent, in-depth follow-up care.

1.1.2.1 The Economic Toll of Bladder Cancer

Despite progress in detection and treatment methods, BCa continues to contribute sig-
nificantly to the global cancer burden, with its effects felt most in developed countries [17,18].
A notable aspect of BCa care is the substantial cost of treatment per patient, driven by the
need for ongoing follow-up and meticulous monitoring of the disease's progression. This is
particularly true for high-grade T1-stage bladder cancer tumours, which are known for their
high rates of recurrence and progression [19,20]. BCa patients represent the highest lifetime
treatment costs among all cancers, with expenses per patient ranging between $140,000 and
$220,000 [21]. Annually, the United States allocates over $4 billion to bladder cancer medical
expenses, whereas the European Union's expenditure reaches €4.9 million [22,23]. This sub-
stantial economic impact underscores the importance of developing non-invasive and cost-

effective diagnostic methods to mitigate its escalating financial strain.

1.1.3 Landscape of bladder cancer

1.1.3.1 Classification and staging

Bladder cancer (BCa) classification and staging are essential in diagnosing and identifying
the proper treatment. Several grading and classification systems for bladder tumours have
been suggested of which the two most used and endorsed in clinical practice are the 1973 and
2004/2022 World Health Organization (WHO) grading systems. Such classification systems aim

to classify BCa tumours in grades defined by the morphologic properties of cancer cells and
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their similarity to normal bladder tissue. The WHO 2002/2022 classification system is the latest
classification system recommended for clinical application, yet the WHO 1973 s still in use
[24,25].

The 2004/2022 WHO Grading System (Fig.1-2) grading system classifies tumours into
Papillary Urothelial Neoplasm of Low Malignant Potential (PUNLMP), Low-Grade (LG) and
High-Grade (HG) according to the degree of malignant cytologic features and cell architectural
abnormalities. On the other hand, the still used in 1973 WHO grading system differentiates
between Grade 1 (G1) corresponding to LG, Grade 3 (G3) to HG, and Grade 2 (G2) as an inter-
mediate grade (Fig.1-2) [26]. Both classifications are efficient and recommended by the Euro-
pean Association of Urology (EAU), but it was shown that the 1973 WHO classification is more

suitable for the prediction of tumour recurrence [25,27].

G1 | G2 | G3

.-"."l“'“.._ -...__,.--"'"'-._._‘-_ ."'._._-"'
- DALl B
PUNLMP | LG | HG

Figure 1-2. World Health Organization (WHO) 1973 and 2004/2022 bladder cancer clinical classification. Adapted
from the non-muscle Invasive bladder cancer European Association of Urology guideline [26,27]

Regarding the pathological and depth of invasion staging, the tumour, node, and me-
tastasis staging (TNM) system is the most prevalent cancer spread severity classification
method authorized by the Union International Contre le Cancer (UICC). As shown in Table1-1,
T stage of bladder tumours refers to the depth of tumour penetration into the layers of the
bladder tissue, N describes lymph node involvement, and M is the indicator of distant metas-
tasis [28].

Stage Tis is the classification of cancer cells in situ (CIS), confined to the urothelium, con-
sisting of poorly differentiated cancer cells. However, PUNLMP is characterized by papillary
lesions with increased cellular proliferation but without cellular atypia, rendering a very low risk
of progression, but recurrence is frequent. Pathologically, non-invasive papillary carcinomas,
graded as Ta, present in a papillary architecture within the bladder wall and show diversity in

nuclear features and chromatin patterns. T1 has metastasized into the connective tissue but
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did not invade the bladder muscle layers. The prognostic significance of depth and extent of

invasion into the lamina propria (T1 sub-staging) has been shown in some retrospective cohort

studies. Stages T2, T3, and T4 triplets are defined respectively for muscle layer invasion,

perivesical tissue invasion, and other organ metastases [28].

Table 1-1. TNM classification of bladder cancer. Adapted from tumour TNM classification [28].

TNM classification of urinary bladder cancer

T - Primary tumour

X
TO
Ta
Tis
T1
T2
T2a
T2b
T3
T3a
T3b

T4

T4
T4b

Primary tumour cannot be assessed

No evidence of primary tumour

Non-invasive papillary carcinoma

Carcinoma /n situ. 'flat tumour’

Tumour invades subepithelial connective tissue

Tumour invades muscle

Tumour invades superficial muscle (inner half)

Tumour invades deep muscle (outer half)

Tumour invades perivesical tissue

Microscopically

Macroscopically (extravesical mass)

Tumour invades any of the following: prostate stroma, seminal vesicles, uterus, vagina pelvic wall, ab-
dominal wall

Tumour invades prostate stroma, seminal vesicles, uterus or vagina

Tumour invades pelvic wall or abdominal wall

N — Regional lymph nodes

NX
NO
N1

N2

N3

Regional lymph nodes cannot be assessed

No regional lymph node metastasis

Metastasis in a single lymph node in the true pelvis (hypogastric, obturator, external iliac, or presacral)
Metastasis in multiple regional lymph nodes in the true pelvis (hypogastric, obturator, external iliac, or
presacral)

Metastasis in common iliac lymph node(s)

M - Distant metastasis

MO

M1

No distant metastasis

Non-regional lymph nodes

M1b Other distant metastases
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1.1.3.2 The Origin and evolution of bladder cancer

Bladder stem cells can produce various subtypes of urothelial cells, a process normally
well-regulated to prevent tumour growth [29]. On the other hand, stem cells or more differen-
tiated progenitor cells can become tumorigenic due to genetic or epigenetic alterations, often
caused by prolonged exposure to risk factors and lifestyle habits. Additionally, specific changes
are already known to initiate bladder cancer, correlating with specific clinical pathologies [30].

BCa falls into two main categories (Fig.1-3A), non-muscle invasive bladder cancer
(NMIBC) and muscle-invasive bladder cancer (MIBC), each with distinct pathogenesis pathways
and molecular features. Understanding such different features corresponding also to the dif-
ferent tumour stages, such as the risk of recurrence and progression can improve the patient
treatment (Fig.1-3B). Despite mutational signatures being consistent across tumour grades and
stages, reflecting various underlying mechanisms, the clinical and therapeutic burdens are sig-
nificantly higher for MIBC than for NMIBC (Fig.1-3C) [1].

In both NMIBC and MIBC, chromosome 9 deletions, which include deletions of the
CDKN2A gene locus, are frequent [31]. Such deletions interfere with critical regulatory path-
ways in tumour suppression, highlighting their importance in bladder cancer progression. In
NMIBC, other common mutations occur in genes such as FGFR3 and PIK3CA, thus activating
signalling pathways involved in cell growth and proliferation [31,32]. However, in MIBC, there
is an exceptional intratumor genetic heterogeneity with mutations in genes such as TP53, RB1,
and ATM, which are crucial for cell cycle checkpoint regulation and DNA repair [33,34]. More-
over, chromatin modifiers are altered in NMIBC and MIBC, with differences only in the distri-
bution of mutations. Indeed, in MIBC, the RAS-MAPK and PI3K pathways, associated with cell
growth and division, are often activated [35]. Such activation can be produced by mutations of
genes such as ERBB2 and ERBB3 or loss of genes such as PTEN and TSC1, which inhibit these
pathways in normal situations [35,36]. Additionally, the epithelial-mesenchymal transition
(EMT) and the Notch signalling pathway represent additional mechanisms involved in the pro-
gression of MIBC, illustrating the complexity of BCa development and progression [37,38].

The origin of bladder cancer presents multiple risk factors most of which are lifestyle-
based and can significantly contribute to its prevalence [39]. Tobacco smoking stands as the
leading risk factor, accounting for about 50-65% of new cases per year, with three to four times
the risk compared with non-smokers [40]. Furthermore, environmental, and occupational ex-
posures such as aromatic amines and polycyclic aromatic hydrocarbons that can be found in
different industrial settings contributes to 18% of BCa cases [41,42]. In addition, the effect of

alcohol consumption is not statistically significant but may cause a mild increase of risk, and
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high consumption of red and processed meats increases the risk by 17% to 22%, which is due
to nitrosamines present in processed meats [43]. Obesity also contributes, increasing the risk
by around 10% regardless of other lifestyle factors [44]. Last, pathogen exposure particularly
from schistosomiasis in endemic regions increases bladder cancer risk through processes in-

volving inflammation and DNA damage [45].
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Figure 1-3. Schematic classification and origin of bladder cancer (BCa). A. Classification and grouping of BCa tu-
mours. B. Importance of the type of tumour into understanding the best course for medical treatment according to
the possibility of no recurrence, recurrence, and/or progression. C. Different associated pathways and gene muta-

tions to the development of BCa. Adapted from Dyrskjet et al. [1].
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1.1.4 Bladder Cancer Diagnosis and Treatment

1.1.4.1 Clinical Presentation and Diagnostic Approach

Usually, BCa begins with visual blood in the urine, which typically indicates the need for
cystoscopy and upper tract imaging to locate and evaluate the stage of the disease [46]. Fur-
thermore, a detailed patient history is essential, with gross haematuria being a common finding
in BCa and often associated with higher-stage disease [47]. Also, symptoms of the lower urinary
tract may suggest BCa. However, these symptoms are not always concomitant with cancer, and
as such, a meticulous diagnostic assessment is necessary [48].

Among the diagnostic tools available, urine cytology stands out as the most cost-ef-
fective urine-based method for diagnosing bladder cancer. Despite its less-than-optimal sen-
sitivity, urine cytology is notably precise in detecting high-grade urothelial carcinoma. How-
ever, invasive cystoscopy, employing various imaging technologies like white light, remains the
definitive method for accurately diagnosing and subsequently removing bladder tumours [49].
Thus, despite the advent of various marker-based urine tests, the combination of urine cytol-

ogy and cystoscopy retains its status as the cornerstone in bladder cancer diagnosis.

1.1.4.2 Imaging Modalities

In the clinical stage of BCa, imaging is very important in the diagnostic aspect to screen
whether there is no malignancy or metastasis. Computed tomography (CT) scan with contrast
substance is the most popular screening examination protocol because it has the highest res-
olution and the easiest accessibility [47]. However, magnetic resonance imaging (MRI) and
magnetic resonance urography are widely preferred in patients with contraindications that
cannot undergo CT [50]. Dual-energy spectral CT can potentially solve the problem of blurred
tumour characterization over the standard CT scanner [51]. Secondly, Multiparametric mag-
netic resonance imaging (mpMRI) with T2-weighed (T2W) can provide a higher spatial resolu-
tion and reduce staging error that can be used for local staging and assessment of treatment
response stages through systems such as the scoring system vesical imaging reporting and
data system (VI-RADS) [52,53]. CT is valuable and arguably used more than other technologies
for evaluating bone and lymph node involvement and metastasis staging. However, CT has
drawbacks in the small lesion’s detection. Furthermore, Diffusion-weighted magnetic reso-
nance imaging (DW-MRI) and ['®F]FDG-PET-CT are preferred imaging methods for lymph

nodes and distant metastasis detection as they have more sensitivity than conventional CT [54].
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1.1.43 Cystoscopy and Transurethral Resection of Bladder Tumour (TURBT)

The diagnostic gold standard in bladder cancer is the invasive cystoscopy examination
combined with a histological assessment [55]. Transurethral resection of bladder tumour
(TURBT) is frequently carried out during cystoscopy as part of diagnosis and treatment for BCa.
As the quality of tumour resection can directly affect the patient outcome, ensuring a good
quality TURBT is crucial to prevent future tumour recurrence and/or progression. Hence, re-
resection is frequently required, for high grade tumours like T1 or non-intersected muscle layer
resections [56].

Nonetheless, the unified standard method of diagnosing and treating BCa, brings nu-
merous drawbacks and high patient treatment morbidity. Such side effects can be attributed
to the thermal destruction, absence of detrusor muscle, tumour seeding, incomplete resection

and wrong pathological diagnosis [11].

1.1.44 Cytology and Urinary Markers in Bladder Cancer Detection

Urine cytology is a valuable tool, but its sensitivity level depends on the grade and stage
of the tumour. Although the low sensitivity, urine cytology remains the only marker that is
recommended by the treatment guidelines for BCa detection.

Different sources of urinary markers showed in Fig.1-4 can provide more information,
especially to diagnose and follow up BCa patients [57,58]. Non-invasive urine-based novel
markers and tests are promising in prospective evaluations, improving the negative predictive
value, and potentially modifying follow-up strategies [59]. These non-invasive approaches have
gained high popularity and as a result a lot of urinary tests and markers have been develop,
with focus on urinary proteins, exfoliated tumour cells, RNA, and DNA (Figures 1-4). However,
their clinical utility remains as a non-recommended approach to diagnose BCa even though
they are market available, and some have got the approval of the food and drug administration
(FDA). More exactly, only two protein-based urinary markers, bladder tumour antigen (BTA)
and nuclear matrix protein 22 (NMP22), and two cell-based urinary markers, Immunocyte/uCyt
+ and UroVysion, are approved to the date [60-63]. The major challenge in implementing urine

markers in practice is the absence of strong evidence from prospective randomized trials.
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Figure 1-4. Urinary makers and tests used to diagnose bladder cancer. Protein based makers: BTA [60,61], NMP22
[60], BLCA-4 [64], ADXBLADDER [65], Oncuria [66]. mRNA-based markers: Xpert [67]; CxBladder [68]. DNA-based
markers: Bladder EpiCheck [69]; Urodiag [70]; AssureMDX [71]; UroMark [72]; UriFind [73]; BladMetrix [74];UroCad
[75]; UroMUTERT [76]; Uromonitor-V2 [77]; UroSEEK [78]; uCAPP-Seq [79].Exfoliated tumour cells-based markers:
Immunocyte/uCyt [60,62], UroVysion [63]; Uro17 [80] and CellDetect [81]. Figure adapted from Tomiyama et a/[58].

1.1.5 Other oncoproteomics case studies

During my Ph.D., | worked with several human cancers for standalone studies, one of

which should be briefly mentioned and introduced here.

1.1.5.1 Renal Cell Carcinoma: Navigating Diversity and Diagnostic Challenges

Kidney neoplasms and renal cell tumours account for approximately 90% of all kidney
cancers, predominantly affecting individuals in their early 60s [82]. This type of cancer is diag-
nosed twice as often in men as in women. Being a heterogeneous disease, kidney tumours vary
from benign growths such as renal oncocytoma (RO) to more aggressive renal cell carcinomas
such as clear cell (ccRCC), papillary carcinoma (pRCC) and chromophobe (chRCC) [83]. Clear
cell renal carcinoma is the most common and aggressive variant that comprises 75% of renal
cell cancer cases. Papillary carcinoma accounts for about 10% of cases and has two subtypes
with different behaviour [84]. Type 1 papillary presents itself with less aggressive features and
basophilic cells encircling a membrane, while type 2 is more heterogeneous with granular cells,
prominent nucleoli and necrosis, which makes it more aggressive [85]. Following this, chromo-

phobe renal carcinoma is the third most common subtype, occurring at 5%. Coming with large
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cells and reticulated cytoplasm, are more likely to metastasize and develop liver metastases
[86]. Eventually, benign renal oncocytoma makes up 5% of the kidney's tumour diagnoses, with
round, polygonal cells with dense eosinophilic cytoplasm and uniform round nuclei [85].
Precise tumour typing is critical for individualising treatment approaches and avoiding
over- or under-treatment. More specific markers complement inconclusive imaging scans to
direct proper clinical decisions [87]. Surgery is the mainstay for localized tumours; however,
active surveillance is gaining ground as a viable option in selected cases, offering clinical spar-
ing patients from potential surgical morbidities. Additional attempts to seek molecular markers
for early recognition and prediction also persist, aimed at perfecting patient care in the com-

plicated web of renal cell carcinoma management [88].

1.2 The Promise of Proteomics

The field of proteomics, with its focus on the comprehensive analysis of the proteome,
offers a powerful approach to understanding the complexity of biological systems. The prote-
ome encompasses all the proteins expressed by an organism at a given time, reflecting not just
the genetic blueprint but also how various factors, such as environmental influences, disease
states, and developmental stages, can affect protein expression and function [89,90]. The com-
plexity of the proteome is further amplified by post-transcriptional modifications of mRNA and
post-translational modifications (PTMs) of proteins themselves, which can significantly alter
protein function and interactions. These modifications contribute to the existence of over a
million distinct protein species, or proteoforms, highlighting the vast functional diversity within
biological systems [91].

Proteomics presents an invaluable resource in biochemical and biomedical research, fa-
cilitating a deeper understanding of the molecular phenotypes of living organisms across dif-
ferent levels, from whole organisms to specific parts like cells, tissues, or organs [92]. The field
is closely associated with large-scale, high-throughput approaches to protein measurement,
which are essential for capturing the full scope of the proteome's complexity. These method-
ologies contrast single-protein studies, offering a more comprehensive view of protein func-

tions within complex biological networks [93,94].

1.2.1 Extracting information from complex proteomes

Mass spectrometry (MS) has become a crucial tool in biochemistry and systems biology,

leveraging its unmatched speed, throughput, and sensitivity to analyse complex biological
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systems [95]. MS can identify and quantify vast arrays of proteins and other biomolecules sim-
ultaneously, allowing for detailed characterisation of cellular processes and molecular interac-
tions within these complex biological systems [96]. Additionally, MS is invaluable for detecting
structural modifications and PTM and providing insights into the dynamic changes and func-
tional states of proteins and other biomolecules [97,98].

The move towards industrial-scale high-throughput proteomic profiling has expanded
the toolkit beyond MS-based methods to include techniques like antibodies or aptamer-based
affinity agents. Innovative proteomic technologies such as SomalLogic and Olink, along with
genomic data, are now providing extensive insights into protein expression profiles of samples
[99,100]. While both Somalogic and Olink are affinity-based platforms, they employ distinct
mechanisms; Somalogic leverages aptamers for specific protein targeting, with each aptamer
uniquely binding to its target protein, whereas Olink relies on an immunoassay approach that
utilises a pair of antibodies to detect specific proteins [99,101,102].

However, the capacity of SomaLogic and Olink to analyse post-translational modifica-
tions (PTMs), such as phosphorylation, is limited by the design of aptamers or antibodies that
can specifically recognise these modifications. For instance, differentiating proteins based on
phosphorylation sites poses a significant challenge. Phosphorylation often occurs at specific
amino acid residues (serine, threonine, or tyrosine), drastically altering a protein's function
[103]. However, because this modification only causes a subtle change in the protein's struc-
ture, designing aptamers that can distinguish between phosphorylated and non-phosphory-
lated forms of a protein, particularly with high specificity to the phosphorylation site, would be
exceptionally difficult.

While affinity-based techniques, such as those employed by Somalogic and Olink, pro-
vide valuable processes like those achievable with LC-MS, they trade off selectivity in favour of
characterization [104,105]. In contrast, MS-based proteomics excels with its untargeted ap-
proach, which enables precise protein identification and quantification and overcomes the lim-
itations of affinity-based techniques. This distinct capability positions MS-based proteomics as
a method of choice for biomarker discovery, offering unparalleled accuracy and comprehensive

proteome coverage.

1.2.2 Mass spectrometry (MS)-based proteomics

Since its first application in 1912, mass spectrometry has been used in numerous scien-
tific and technological industries. It is a very useful technique for determining the mass-to-

charge ratio (m/z) of charged of ions in the gas phase. This process allows for accurately
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determining molecular weights and structural characterisation of molecules. Initially, the appli-
cation of MS to the analysis of biomolecules was limited because of the harsh conditions of
traditional ionization techniques, which often led to the fragmentation of these delicate struc-
tures [106,107].

Soft ionisation methods, notably matrix-assisted laser desorption/ionisation (MALDI) and
electrospray ionisation (ESI), were introduced towards the end of the 20th century. The ground-
breaking development of these soft ionisation techniques led to the Nobel Prize in Chemistry
awarded in 2002 to Koichi Tanaka and John B. Fenn [108-110]. Their contributions enabled the
ionisation of large, complex biomolecules without significant degradation. This pivotal ad-
vancement greatly expanded the applicability of MS across diverse fields, including biochem-
istry, biomedical research, and clinical applications [111]. This innovation transformed MS into
a versatile tool capable of characterising a broad spectrum of biomolecules, including proteins,

metabolites, DNA, and polymers at exceptional sensitivity.

1.2.3 MS-Proteomics methodologies

In modern proteomics, researchers adopt two primary strategies to dissect the complex-
ity of the proteome: the bottom-up and top-down approaches. Each of these methodologies
offers unique advantages and is suited to different types of proteomic analyses [112].

Bottom-up proteomics is the most widely used approach in proteomic studies, it involves
the enzymatic digestion of proteins into smaller peptides, typically using enzymes like trypsin,
before their analysis by MS. This method allows the identification and quantitation of individual
peptide sequences within complex mixtures. It is particularly effective for characterising PTMs
and for studies where the protein mix is too complex to be resolved by top-down approaches.

The top-down proteomics approach has become popular in the last few years as a re-
placement for the standard shotgun proteomics methods. Unlike this, which concerns peptide
analysis, top-down proteomics deals with direct whole-protein analysis. In this method, pro-
teins are directly ionised and then analysed by MS. Inside the MS system, these intact protein
ions are broken, and all parts of the protein are examined [113,114]. Although the top-down
approach presents some potential for the MS-based analysis of intact proteins, the proteomics
community still needs to rely on bottom-up methods for comprehensive proteome coverage.

Bottom-up proteomics (Fig.1-5) benefits from a wealth of established protocols opti-
mised over the years for a wide range of sample types. Also, it offers high sensitivity [115]. By
digesting proteins into peptides, the method increases the likelihood of detecting low-abun-

dance proteins. Peptides are generally more amenable to MS analysis than intact proteins,
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partly because they ionize more efficiently and produce more straightforward spectra. This
higher sensitivity is crucial for uncovering the full depth of the proteome, including detecting
proteins that are present in very small quantities but may play significant roles in biological

processes or disease states [116].

®

Protein
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Protein
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Data Analysis

Nano-LC/MS

Figure 1-5. Bottom-up proteomic workflow. A typical bottom-up proteomic approach includes several steps: (i)
Isolation and extraction of the protein content followed by quantification of the isolated proteins (e.g. Bradford
assay); (ii) Protein digestion typically performed by trypsin or a combination of multiple-enzyme digestion to achieve
a better proteome coverage [117]; (iii) Mass spectrometry analysis of the resulting peptides and (iv) Data computa-
tion for protein identification and quantification.

1.2.4 Liquid chromatography in mass spectrometry

Liquid Chromatography coupled with tandem Mass Spectrometry (LC-MS/MS) repre-
sents a pivotal technology in modern bioanalytical chemistry and biochemistry, especially in
proteomics, which is indispensable for analysing complex biological samples. This technique
combines the separation capabilities of liquid chromatography (LC) with the detection and
quantification capabilities of MS, offering unmatched sensitivity and specificity [118,119].

The LC component of LC-MS/MS separates the components of a complex mixture based
on their differential interactions with a stationary phase (typically packed in a column) and a
mobile phase (a solvent that moves through the column). The separation principle is governed
by molecules' affinity for the stationary phase versus the mobile phase, which can be manipu-
lated by choosing different column chemistries (e.g., reverse phase, ion exchange, size exclu-
sion) and by varying the composition of the mobile phase [118,119].

The performance of chromatographic methods is critical to the precision and reliability
of LC-MS/MS analysis. In clinical LC-MS/MS analysis, after the sample preparation, the sample
extract is loaded onto the chromatography column. High-pressure pumps carefully deliver mo-

bile phases to the column at constant flow rates. Gradient elution is the most common
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technique where the mobile phase composition changes throughout the analysis, and it usually
takes the required time for analytes to elute. Furthermore, in a tightly controlled environment,
the retention time of the analytes eluting from the column is reproducible [120]. The choice of
the chromatography column, comprising aspects like length, internal diameter, and packing
material, is essential, often determined by the analytes being studied and the pressure limita-

tions of the liquid chromatography system [121].

1.2.5 lonization & Mass Analysers

As highlighted before, mass spectrometry analysis has become an indispensable tool for
modern research, especially in proteomics. The process begins with eluent from the liquid
chromatography containing the analyte being fed to the mass spectrometer source, where it
undergoes ionization to produce ions in the gas phase. After that, the ions are guided into the
mass analyser, where the mass-to-charge ratio of the intact ions is measured. This step pre-
cedes the tandem mass spectrometry (MS/MS) experiments, which are essential for proteomic
analysis [122]. Upon establishing the m/z values of the intact ions, typically peptides in prote-
omics, a controlled fragmentation is induced, producing a series of fragment ions. These frag-
ments, each carrying pieces of the original molecule's structural information, are analyzed in
the subsequent stage of the tandem mass spectrometer. This analysis provides detailed in-

sights into the peptide sequences and any post-translational modifications.

1.2.5.1 Electrospray lonization

To travel the trajectory of the electrodynamic flow in the mass spectrometer, molecules
must be ionized and brought into the instrument. lonization before MS analysis can be done
in several ways, including electron ionization, chemical ionization, electrospray ionization (ESI),
photoionization, inductively coupled plasma, and matrix-assisted laser desorption ionization
(MALDI). For protein analysis, it is crucial to utilize soft ionization methods that ionize peptides
with minimal fragmentation. Therefore, MALDI and ESI are adopted as the main methods of
protein analysis. These methods gently ionize peptides and thus preserve their structural in-
tegrity, enabling precise determination of protein composition and structure [123,124].

Electrospray ionization (ESI) operates at atmospheric pressure and is compatible with
nearly all analytical instruments, marking its versatility and wide applicability in mass spectrom-
etry. In the ESI process, a solution containing the analyte dissolved in a conductive solvent is
subjected to a high voltage. This application of voltage generates an electrically charged aer-

osol by inducing the formation of a Taylor cone—a sharp, conical shape at the tip of the liquid
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flow. The formation of the Taylor cone is crucial, as it is the point from which the charged
droplets are emitted into the aerosol. Assisted by a sheath gas, the solution is then nebulized,
transforming into a stream of charged droplets [125].

As these droplets progress, they encounter a heated gas stream, leading to solvent evap-
oration and a decrease in droplet size. This process continues until the droplets reach a critical
juncture—the Rayleigh limit—where the surface tension can no longer hold back the Coulomb
force of repulsion among the charged molecules within the droplet. At this critical point, a
phenomenon known as a Coulomb explosion or Coulomb fission occurs. This critical dispersion
mechanism breaks the droplet apart, effectively releasing the ionized analyte into the gas
phase. Once in the gas phase, the analyte is ready for analysis by the mass spectrometer [126].

ESI technical aspects, such as being a liquid-based system, and the need for a conductive
solvent, make it compatible with reverse-phase LC, which makes it appropriate for the analysis
of many compounds and especially of polar molecules. The implementation of ESI has effec-
tively broadened the range of MS- based analyses, especially in biological systems where most
compounds are water-soluble and polar. In addition, ESI is adaptable and can be utilized to
analyse various molecular masses, from small molecules to large biomolecules such as proteins
[127].

1.2.5.2 Mass analysers

The principle of mass spectrometry is that ions are separated according to their mass-
to-charge ratio (m/z). Different kinds of mass analyzers are used for mass spectrometry anal-
yses, including quadrupole, magnetic sector, radio-frequency ion trap, time of flight (TOF), or-
bitrap, and ion cyclotron resonance analyzers [128,129].

These mass analysers can be connected for tandem mass spectrometry (MS/MS), which
is the idea of conducting two consecutive mass analyses, usually with a fragmentation step in
between them. One of the methods of MS/MS is implemented by applying consecutive iden-
tical mass analysers, e.g., triple quadrupole or TOF/TOF analysers. Hybrid instruments can also
be developed using various types of mass analysers, such as (i) quadrupole and TOF for Q-TOF
analysers, (ii) trapped ion mobility(tims) and Q-TOF for timsTOF instruments, which introduces
the parallel accumulation serial fragmentation (PASEF®) [130], or (iii) quadrupole, orbitrap and

astral analyzer for Orbitrap Astral MS [131].

16 Luis B. Carvalho | NOVA University



PhD Thesis | Chapter 1 | General Introduction

1.2.6 Acquisition Methods

In mass spectrometry-based proteomics, data acquisition strategies are typically catego-
rized into discovery and targeted approaches. Discovery strategies, represented by data-de-
pendent acquisition (DDA) and data-independent acquisition (DIA), strive to achieve the most
extensive identification and quantification of peptides within the available measurement dura-
tion. Nevertheless, both DDA and DIA suffer from their inherent bias, and due to this, they have
limitations in the consistent identification of low-abundance peptides. This is problematic, par-
ticularly with reproducible analysis of specific peptides expected to be low in abundance, as
are those derived from proteins such as kinases, transcription factors or post-translationally
modified peptides [132].

On the other hand, targeted methods like selected reaction monitoring (SRM), also
known as multiple reaction monitoring (MRM), and parallel reaction monitoring (PRM), provide
extreme sensitivity, high reproducibility, and fast detection, as well as accurate quantification
of a predefined set of peptides. In a standard SRM or PRM run, the mass spectrometer collects
spectra at the predicted m/z ratio and chromatographic retention time (RT) of the desired
peptides. During SRM experiments, precursor ions are first filtered by the first quadrupole.
Subsequently, they are fragmented in the second quadrupole or in a collision cell, and finally,
in the third quadrupole, target-specific fragment ions are selected for detection. On the other
hand, PRM experiments employ systems that can record whole fragment spectra and monitor
all fragment ions of a chosen precursor simultaneously [133,134].

For SRM and PRM configurations, an inclusion list is supplied to the mass spectrometer
with the required target precursor m/z ratio windows and RT window, thus guaranteeing the
targeted acquisition of the determined peptides of interest. This specialized procedure pro-
vides increased sensitivity and reproducibility, especially useful for quantitative proteomic anal-
yses in different research and clinical settings [135].

The two different approaches are complementary to each other. First, a discovery ap-
proach is run, where the aim is to identify and explore the all-proteome landscape, while sec-

ond, it is possible to track targeted peptides that have a biological mean.

1.2.6.1 Data-dependent acquisition (DDA)

DDA is one of the major approaches used in tandem MS experiments for data collection.
DDA is an MS method that selects the top N most abundant precursor ions for fragmentation

based on their intensity levels during the MS scan. This selection occurs within narrow isolation
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windows, typically around 1 Da wide, which may broaden for higher m/z values to ensure the
complete isotopic cluster is isolated for analysis [136].

To mitigate the repetitive selection of the same peptide precursors, DDA employs a dy-
namic exclusion strategy. This technique temporarily blocks the re-selection of precursor ions
with previously analyzed m/z ratios for a set period, enhancing the diversity of analyzed pre-
cursor ions. However, the semi-stochastic nature of m/z selection in DDA, where different pre-
cursor ions may be chosen in subsequent analyses, presents a challenge with data complete-
ness, resulting in missing data. An innovative resolution to this challenge lies in enhancing the
speed of mass spectrometry instruments. Theoretically, if the instrument possesses the capa-
bility to sequence all or nearly all multiply charged MS1 features in every run, it could achieve
completeness in data, at least for all precursors detectable in MS1 scans [136]. This concept
finds practical application in instruments equipped with advanced hardware capable of rapid
ion m/z detection, such as TOF mass analyzers. The Orbitrap mass analyzer, which revolution-
ized MS-based proteomics in the early 2000s through its high-resolution spectra, encounters
a limitation in speed due to the lengthy ion transient times required for high resolution, typi-
cally in the tens of milliseconds. In contrast, TOF analyzers perform scans of the entire mass
range in a single pulse lasting around 100 ps, making them exceptionally well-suited for swift
detection. This capability is exploited in the PASEF scan mode, where precursors, after being
eluted from a mobility device, are further isolated within a narrow m/z window, and then frag-
mented. The rapid scanning ability of the TOF, alongside the controlled release of ions from
the mobility device and the quadrupole's switching time, becomes the focal point in this setup
[130,137]. Alongside technological advancements, DDA is lauded for its efficiency. It enables
comprehensive proteome coverage across a wide dynamic range, making it a pivotal tool for
identifying and characterizing a vast array of peptides and proteins. Additionally, DDA lays the

groundwork for creating peptide libraries, which are vital for the execution of DIA analyses.

1.2.6.2 Data-independent acquisition (DIA)

Another data acquisition technique in tandem mass spectrometry is the data-independ-
ent acquisition (DIA) mode that acquires both MS1 and MS2 data unbiasedly [138]. Introduced
in the early 2010s, DIA performs MS2 scans across a wide range of precursor m/z values using
expansive isolation windows, ensuring no precursor is left unfragmented. However, this
method generates MS2 spectra that include ion series from multiple peptides that are not
identifiable by typical database matching. It was not until recently that the scientific community

established precise guidelines for the reliable identification of peptides in DIA studies [139],
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and advances in software have started to facilitate the widespread use of DIA methodologies
[140,141]. Recent progress indicates that DIA can be effectively utilized across various experi-
mental setups, incorporating additional layers such as ion mobility with TOF scans with parallel

accumulation serial fragmentation®, or the Orbitrap Astral [131,140].

1.2.7 Protein identification & quantification

1.2.7.1 Protein identification

Protein identification by MS is a powerful analytical technique that leverages mass spec-
trometry principles to elucidate the identity of proteins in a sample. In bottom-up proteomics,
peptide ions are analysed in the mass spectrometer to determine their m/z values, which act
as distinctive molecular signatures that aid in protein identification. However, protein identifi-
cation in complex mixtures requires tandem mass spectrometry (MS/MS) and peptide se-
quencing [142]. Tandem MS takes protein identification a step further by measuring the m/z
of peptide ions and also fragmenting these ions into smaller pieces and analysing the resultant
fragment ions. This process, known as peptide sequencing, provides sequence information
about the peptides, which can be matched against theoretical or experimental databases to
identify the parent protein. Bioinformatics tools and protein databases greatly aid the inter-
pretation of MS and MS/MS data [143]. The measured peptide mass and sequence data are
compared against known protein sequences stored in databases, facilitating the identification
of proteins based on the best match. This computational approach allows for the rapid and

accurate identification of thousands of proteins from a single experiment.

1.2.7.2 Protein Quantification

Protein quantification in proteomics is broadly categorised into two main approaches:
Stable Isotope Labelling methods and label-free quantitative proteomics [144].

Stable Isotope Labelling is a technique that introduces isotopic tags into proteins or
peptides, resulting in the creation of 'light' and 'heavy' versions that correspond to different
biological conditions under investigation. The workflow for stable isotope labelling involves
tagging samples, followed by their combination before MS analysis. This allows for direct com-
parison within the same MS scan, as the mass difference introduced by the labels makes it
possible to distinguish between the two states of interest [145].

Isotope labels can be introduced into samples through various means, including met-

abolic incorporation, where cells are grown in media containing labelled amino acids, and
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chemical labelling, where reactive groups target specific amino acid termini. Certain labelling
methods, such as the TMTpro 16-plex, facilitate the simultaneous analysis of up to 16 condi-
tions within a single mass spectrometry run [146,147]. This high degree of multiplexing signif-
icantly enhances throughput and data consistency by analysing multiple samples concurrently.
However, integrating 16 samples in a single run introduces several limitations:

i. Combining many samples increases the complexity of the analyte mixture, po-
tentially leading to ion suppression effects and compression of the dynamic
range of detection. The presence of more abundant samples hinders the detec-
tion of lower-abundance peptides. This can impact detection sensitivity for spe-
cific proteins and may result in missing data for low-abundance species.

il. While TMTpro 16-plex offers high multiplexing capability, the ratio compression
phenomenon can affect quantification accuracy. This occurs when co-isolated
peptides from different samples interfere with each other's quantification, lead-
ing to underestimation or overestimation of fold changes.

ili. In clinical proteomics, the stringent experimental planning requirements asso-
ciated with labelling methods pose significant challenges, especially for long-
term studies or studies where sample availability may be variable.

The previous limitations have led the proteomics community to increasingly adopt La-

bel-free Quantitative (LFQ) methods, which offer greater experimental flexibility. LFQ ap-
proaches do not require introducing isotopic or chemical labels into the sample. Instead, they
rely on directly analysing the MS signal intensities or using spectral counting techniques to
infer protein abundances. This methodological shift simplifies the sample preparation process.
It allows for the analysis of virtually unlimited numbers of samples, constrained only by practical
considerations such as instrument time and computational resources rather than by the inher-

ent limitations of labelling strategies [148].

1.2.7.2.1 Spectral counting quantification

Spectral counting represents a simple and user-friendly approach to label-free protein
quantification in mass spectrometry-based proteomics. This approach is based on the principle
that the abundance of a protein in a sample can be estimated by counting the number of times
peptides from a specific protein are detected. The frequency with which peptides from a spe-
cific protein are detected—termed the spectral count—serves as an indirect measure of the
protein's abundance in the sample [149].

Typically, one method used in conjunction with spectral counting is the exponentially

modified protein abundance index (emPAl). emPAl is calculated from the observed spectral

20 Luis B. Carvalho | NOVA University



PhD Thesis | Chapter 1 | General Introduction

count for a given protein and the number of observable peptides for that protein (theoretical
peptides that can be detected by the mass spectrometer under experimental conditions). The
formula for emPAl is designed to reflect the exponential relationship between the protein
abundance and the number of detected peptides, thereby aiming to provide a direct propor-
tionality to the protein concentration. This approach normalises the raw spectral counts by
accounting for the total number of peptides that could potentially be detected for each pro-

tein, providing a more accurate reflection of protein abundance [150].

1.2.7.2.2 Precursor Intensity-Based Label-Free Quantification

For precursor signal intensity-based quantification, the approach is based on the mass
signal intensity of a precursor ion represented by the extracted ion chromatogram. Peptide
signals are first observed at the level of MS1 and differentiated from the chemical noise by
their typical isotopic distributions. These patterns are followed throughout the retention time
dimension and help reconstruct a chromatographic elution profile for the monoisotopic pep-
tide mass. Further, under high-resolution MS instruments, the total ion current of the peptide
signal is integrated and used as a quantification measure of the original peptide concentration
[151].

Out of the precursor signal intensity techniques, the total protein approach (TPA) devel-
oped by Wisniewski offers a standard-free and label-free absolute quantification method. Es-
sentially, the TPA relies on the assumption that the total MS signal from all identified proteins
in the dataset reflects a biochemical sense of total protein, and the MS signal from a single
protein corresponds to its abundance in the studied sample. The method offers an easy way
to quantify thousands of proteins per sample [152,153].

Two primary constraints are associated with employing the TPA for protein quantifica-
tion. Initially, this method is best suited for large-scale proteomic studies. Specifically, for hu-
man cultured cells, a robust analysis necessitates the identification of c.a. 12,000 peptides per
dataset [154]. When analysing body fluids, where a few highly abundant proteins can constitute
up to 90% of the total protein mass, the threshold for accurate protein abundance assessment
through TPA tends to be lower. For instance, an evaluation of human plasma, identifying 5400
unique peptides, was sufficient for accurately determining protein concentrations .

The second challenge with TPA concerns the inherent characteristics of specific proteins.
Due to their primary structure, these proteins exhibit a disproportionately low number of cleav-
age sites available for enzymatic digestion in bottom-up proteomics. This issue is common to

TPA but also impacts other label-free and targeted proteomics methodologies, where
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incomplete digestion of proteins is a common obstacle. However, unlike other quantitative
techniques that rely on comparisons to standards, TPA adopts a different strategy by aggre-
gating the intensities of all peptides in a dataset. This approach effectively diminishes the im-

pact of partial digestion on the accuracy of protein concentration estimates [152,153].

1.2.8 Recent Technological Advances of Mass Spectrometry-Based Prote-

omics

Advancements in mass spectrometry have been the driving force behind proteomics,
leading to significant progress in understanding complex biological systems [155]. With each
technological development, MS has seen substantial enhancements in sensitivity, resolution,
and throughput. These advancements enable the comprehensive identification and quantifi-
cation of a wider array of proteins within complex biological matrices. Consequently, proteomic
characterization has become more thorough, offering improved biological and biochemical
insights.

Two of the newest breakthroughs in mass spectrometry-based proteomics are the TIMS-
TOF Pro and the Orbitrap Astral [131,137]. The TIMS-TOF Pro features Trapped lon Mobility
Spectrometry (TIMS) technology, a breakthrough ion mobility-mass spectrometry technology.
It provides the best ion mobility separation and unmatched sensitivity, improving proteomic
profiling capacity. In a few words, the ions enter the tunnel of the TIMS system and are sepa-
rated according to their collision cross-sections in a buffed gas environment. A selective release
of ions is facilitated by manipulating the electric field within the TIMS, improving separation
efficiency. The TIMS-TOF Pro system is also enhanced with Parallel Accumulation Serial Frag-
mentation (PASEF®), a redeveloped MS/MS technology dedicated to the speed requirements
of omics applications [140]. PASEF® uses the trapped ion mobility spectrometry to separate
ions that are then detected in the quadrupole time-of-flight (QTOF) analyser to produce the
TIMS MS heat map. This setup allows maximal depth of proteome coverage in single-shot
proteomics even with fast LC gradients [156].

On the other hand, the Orbitrap Astral Mass Spectrometer integrates three mass analys-
ers: a quadrupole mass analyser for selectivity and ion transmission, an Orbitrap mass analyser
for high dynamic range and resolution, and the novel Astral analyser, a high-resolution accu-
rate mass (HRAM) analyser for rapid and sensitive measurements. Particularly, it is almost loss-
less ion transmission via the aligned ion injection and precise 3D ion motion manipulation over

a long asymmetric track provides high sensitivity and analytical throughput [131]. The front of
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the instrument, until the segmented quadrupole mass filter, is designed with great care to
provide maximum sensitivity and robustness. lons are trapped and concentrated in the ion
routing multipole, making their delivery to the HRAM analysers possible to make accurate and

sensitive measurements [157].

1.3 Liquid Biopsies in Proteomics

Body fluid derived liquid biopsies represent highly sought after samples for all clinical
applications and medical research areas. These biopsies, wandering through the organism and
are closely linked to different tissues, carry very specific protein profiles that can be used as
disease markers [158,159].

The combination of liquid biopsies and proteomics has significant meaning to the diag-
nosis and monitoring of diseases. Samples such as urine represent a non-invasive way to peek
into the molecular intricacies of the patient’s disease.

Additionally, with the advances of liquid biopsy approaches and methods further states
their power on the shifting the system of healthcare delivery. They provide clinicians with a
unique insight into the pathogenesis of diseases and lead to individually designed treatment
modalities. Liquid biopsies represent the light at the end of the tunnel in the ever-changing
landscape of precision medicine and lead the path toward better and patient-specific health

interventions [160,161].

1.3.1 Urine a source of body information

Biomarker discovery is the focus in clinical proteomics, with the aim of finding proteins
that can be used for early disease detection or diagnosis. Although blood is still the leading
and most used biological specimen for biomarker discovery, urine has evolved in the past dec-
ade as an attractive alternative. This change is due to some factors such as the simplicity of
urine samples as compared to plasma, and the fact that urine has proteins and peptides profiles
that are unique and linked to different type of conditions [162].

In addition, urine provides several benefits by being non-invasive, the possibility to ob-
tain large volumes and material at various hours, representing different biorhythms. Urine sam-
ples have over the years revealed several promising biomarker candidates. These biomarkers
are especially promising for detecting, diagnosing, or monitoring various diseases, with partic-

ular attention paid to disorders of the urinary system [163,164].
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Although several promising biomarker candidates have been identified, only a few have
proceeded to the validation stages. One of the major targets of FDA-approved urine protein
biomarkers is early diagnostics of acute kidney injury and bladder cancer diagnosis and mon-
itoring. However, urinary proteomics is moving toward practical applications, but some chal-
lenges remain, especially in pre-analytical variables in urine sample handling. Addressing these
variables requires more research and development of optimized standard protocols for the

reliability and reproducibility of urinary proteomic analyses [163,164].

1.3.2 Urine proteome landscape

Proteins are one of the main constituents of urine, and the identified number of proteins
is growing. The human urine proteome map is dynamic, showing the evolution of the urine
proteome. Spahr et al. in 2001 briefly detected 124 urinary proteins [165]. Sun et a/. in 2005
found 226 proteins [166], and the next year, Adachi et a/. discovered 1543 proteins [167], which
skyrocketed the number of proteins found in the human urine proteome. High-resolution mass
spectrometry techniques have improved significantly. For example, Marimuthu et a/ with 1823
protein identified and 2014 [168], Farrah et al. with 2491 protein [169]. Up to date, the most
extensive coverage of urine proteome is by Zhao et al. 2017 [170]. in a detailed and compre-
hensive study with 3 dimensions of separation for the human urine proteome annotation de-

lineate 6085 proteins in normal healthy urine samples, but only 2571 could be quantified.

1.3.3 Sample Treatment for MS-Based Urine proteomics.

Sample preparation is a crucial, yet often overlooked step prior to LC-MS/MS analysis,
especially significant in the context of urinary proteomics. Urine exhibits a dynamic range of
protein concentration comparable to plasma, featuring a variation of approximately 10 orders
of magnitude in protein concentrations. Tackling this challenge within MS-based urine prote-
omics requires attention to three primary aspects: initial sample treatment, the processing and
isolation of urine proteome, and protein digestion.

The large concentration range of proteins in liquid biopsies such as urine makes it diffi-
cult to standardize methods for medical purposes. As a rule, urine is subjected to one-shot
analysis without further processing, using simple steps such as dilution or protein precipitation,
or more complex methods such as solid-phase extraction (SPE) [171,172].

Filtration methods, which are complemented with centrifugation or proteome precipita-

tion methodologies, are widely used to improve analysis and proteome coverage during
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urinary proteome extraction and concentration. The simple sample preparation methods are
quick; however, the resulting extracts may leave considerable sample matrix residues, which
will affect the robustness and reproducibility of LC-MS/MS analyses [173].

Urinary proteins can also be precipitated by organic solvents and acids in the sample
taken from urine, the supernatant thus obtained is isolated by centrifugation, and then, it can
be evaporated and reconstituted to the required concentration [171]. Nevertheless, this ap-
proach may eliminate a part of proteins, which may affect the ability of the method to produce
reliable and reproducible results.

Sorbents can also be handy and are used in solid-phase extraction (SPE) to retain analytes
while matrix components are washed away before elution. SPE is quite effective but complex
and time-consuming method usually used in drug and steroid hormone analysis in the serum
and urine [174].

An emerging approach of ultrafiltration devices with non-binding membranes and mo-
lecular weight cut-off (MWCO) is viable for urine sample treatment for proteomics analyses.
The mechanical separation and pre-concentration of proteins over the membrane by these

devices enable peptide processing for LC-MS/MS analysis (Fig.1-6A) [175,176].
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Figure 1-6. Filter Aided Sample Preparation (FASP). FASP allows for the conventional bottom-up proteomics ap-
proach workflow combining all the steps required to obtain peptides (1. Sample loading and concentration; 3. Re-
duction; 5. Alkylation; and 7. Protein digestion and in between 2,4,6. Sample cleaning) using the advantage of the
built-in membrane with a molecular weight cut-off [175,176].
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The same membranes are used in another proteomic technique, called filter-aided sam-
ple preparation (FASP) in the bottom approach (Fig.1-6B). Here, membranes with MWCO at
10kDa or 30kDa enable separation, desalting, reduction, alkylation, and digestion of proteins

into peptides suitable for LC-MS/MS processing.

1.4 Personalised medicine-based proteomics

Precision medicine, as a growing area in healthcare, is designed to provide treatments
based on unique people’s molecular and biochemical phenotype. Proteomics-based precision
medicine assumes an important place in oncology applications within this paradigm, especially
in cancer treatment. The evolution in the field of mass spectrometry has provided insights into
detecting specific proteins across different cancer types, achieving early diagnosis, prognosis,
and treatment response prediction [177,178].

Mainly, mass spectrometry played a significant part in reconstructing proteomic maps of
various subtypes of breast cancer, identifying the targets for treatment, and defining molecular
subtypes for more precise treatment approaches. Nevertheless, proteomic integration into per-
sonalized medicine is not challenge-free; standardization, data interpretation and bioinformat-
ics tools remain significant obstacles to the clinical application of proteomic data [179]. How-
ever, combined initiatives of technological innovation and cooperation in data exchange and
processing gradually solve these issues. Therefore, proteomics is becoming increasingly critical
in clinical medical practice, paving the way for the adoption of personalized medicine tailored

to meet the unique needs of each patient [180].

1.4.1 The current extent of clinical protein-based diagnostics

Protein-based diagnostics, as diagnostic tools in clinical practice, allow us to understand
the pathology of diseases and to properly administer personalized therapeutic regimens [181].
Clinical proteomics has dramatically increased our understanding of complex diseases such as
cancer, diabetes, and cardiovascular diseases. This research area has also revealed new protein
biomarkers, which have the potential for early disease diagnosis, prognosis, and treatment
monitoring. Through the application of high-throughput technologies such as mass spectrom-
etry and protein micro-arrays, researchers are now able to study hundreds to thousands of
proteins at a time, diversifying the range and depth of clinical proteomic studies [182].

In addition to the development of clinical proteomics, attention has been paid to quality

control with capillary measures to guarantee the accuracy and reproducibility of protein-based
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diagnostics. Standardization and harmonization guidelines also play a critical role in suppress-
ing inter-laboratory variances and ensuring comparability of the results under various clinical
scenarios [183]. Also, the development of high-quality reference materials and assessment
schemes has increased assurance of accuracy and precision of protein measurements which in
turn has further increased the reliability of protein-based diagnostics.

The fusion of big data analytics and machine learning algorithms has given capacity to
researchers for deriving meaningful information from large datasets that have come out of
clinical proteomic initiatives. This computational methodology facilitates the discovery of sta-
ble protein signatures associated with certain disease states, leading to novel diagnostic panels
that have improved predictive capabilities. Additionally, multimodal data integration, especially
of proteomics and metabolomics, provides a comprehensive insight into disease pathways,
acceleration of proteomic breakthroughs into clinically relevant outputs [184].

Although, development of protein-based clinical diagnostics is rapidly evolving, dedica-
tion to standardization and quality assurance remains of utmost importance. Stringent analyt-
ical validation procedures, compliance with regulatory frameworks, and continuous proficiency
tests are crucial in the development and adoption of protein-based diagnostic assays in clinical
diagnostics. These efforts not only improve confidence in the clinical relevance of protein bi-
omarkers but also put clinical proteomics in a pivotal role in precision medicine whereby pa-

tient care and outcomes are improved, as well [185].

1.4.2 Clinical proteomics and towards personalised medicine

Clinical proteomics has a significant influence on predicting possible biomarkers for such
types of cancers. Proteomic analysis of urine samples has become a promising non-invasive
approach for the early diagnosis and monitoring of urothelial tract cancers, mainly bladder
cancer. Through urine protein composition analysis, researchers can detect particular bi-
omarkers signalling occurrence or development of cancer [186].

In the context of urine cancer, clinical proteomics primarily opens the door to personal-
ized medicine. Proteomic profiling can provide a clinician with the molecular signature’s char-
acteristic of all subtypes of bladder cancer (Table 1-2), which, in turn, allows to modify a treat-
ment plan for every patient [187]. This focused approach has high potential for the improve-
ment of urinary tract cancer patients’ outcomes.

In addition, the investigation of urinary proteomics can translate to new therapeutic ap-
proaches directed at the molecular pathways involved in the pathogenesis and progression of

bladder cancer. Identification of important protein targets allows researchers to try to design
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precise drugs that specifically disrupt the abnormal signalling pathways that promote cancer

growth.

Table 1-2. Different biomarkers applied in clinical proteomics for bladder cancer.

Protein Name Gene Name Study refer
ence
Angiotensinogen AGT [188]
Neuroblast differentiation-associated protein AHNAK AHNAK [189]
Angiopoietin-Like 4 ANGPTL4 [190]
Apolipoprotein A-I APOA1 [191]
Apolipoprotein A-1V APOA4 [192]
Apolipoprotein E APOE [193,194]
Carbonic Anhydrase 9 CA9 [195]
CD44 antigen CD44 [196]
Cadherin-1 CDH1 [197,198]
Cystatin B CSTB [199]
Cullin-3 CuL3 [200]
Growth-regulated alpha protein CXCL1 [201]
Deleted in Malignant Brain Tumors 1 DMBT1 [202]
Epiplakin EPPK1 [189]
Fatty Acid-Binding Protein 5 FABP5 [203]
Gastrotropin FABP6 [204]
Fibrinogen B chain precursor FGB [194]
Histone H2B type 1-K H2BC12 [205]
Interleukin-2 IL-2 [206]
Interleukin-6 IL-6 [207]
Interleukin-8 IL-8 [208]
Kallikrein-6 KLK6 [209]
Leucine-rich a2-glycoprotein LRG1 [210]
Matrix Metalloproteinase-9 MMP-9 [211,212]
Myosin-14 MYH14 [189]
Olfactomedin-4 OLFM4 [189]
Alpha-1-acid glycoprotein 1 ORMT1 [213]
Procollagen-Lysine, 2-Oxoglutarate 5-Dioxygenase 2 PLOD2 [214]
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Polymerase (RNA) | polypeptide E POLRTE [194]
Lithostathine-1-alpha REG1A [215]
Calgranulin A S100A8 [216]
al-antitrypsin SERPINA1 [194,205]
Topoisomerase 2A TOP2A [194]

1.4.3 Precriptomics

Prescriptomics is a term proposed and applied by Capelo et a/2022 that revolutionizes
the field of healthcare using information from omics to personalize prescriptions as per indi-
vidual protein-pathway interactions [217].

The prescriptomics uses proteome that is expressed by a patient and quantifies, diagno-
sis, prognosizes, and monitors diseases through liquid or solid biopsies such as urine, serum
or plasma. It bridges the gap between diagnostics and therapeutics allowing personalized
treatment through the analysis of patient-specific alterations in protein-protein networks. Al-
ternatively, prescriptomics is the cornerstone of precision medicine, a branch of care aimed at
providing individual treatments based on the patient's molecular profile, which eventually im-
proves therapeutic efficacy and minimizes side effects.

Finaly, prescriptomics, aims to revolutionize patient care by combining the use of elec-
tronic interfaces with drone sample collection and drug prescription, allowing for a prompt

and individualized interventions to improve clinical outcomes
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OBJECTIVES

There is growing evidence that longitudinal proteomics analysis can anticipate diseases

progression and response to therapy. This project aims to join and integrate different areas of

expertise in bioanalytical chemistry, mass-spectrometry, bioinformatics, biology and medicine

to empower personal health in bladder cancer patients by facilitating diagnostic and prognos-

tic of disease course.

Fig.2-1 highlights the rationale and though process of the PhD project, outlining and

combing all the objectives with the chapters of present doctoral thesis.

Specifically, the project aims to:

Vi.

Improve the current standard method of urine sample treatment and collection,
optimizing It for clinical application and shipping easy between facilities.
Develop a fast and high throughput novel urine proteome approach that can
easily be applied to the medical field.

Understand the optimal mass spectrometry data treatment for clinical applica-
tions.

Identify common protein phenotypes associated with BCa progression, recur-
rence, and response to treatment.

Pinpointing dysregulated proteins and their biological pathways that can be
targeted for therapeutic intervention and used to surveillance patients’ re-
sponse to treatment.

Further extend and validated the method using a different urinary tract type
cancer, renal carcinoma.
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Figure 2-1. Rationale and Integration of the doctoral thesis objectives with the different chapters of the thesis.

Furthermore, the identification of specific alterations in protein dynamics and its func-
tional impact will cast light in the mechanisms of BCa progression and response to treatment,
which can be particularly interesting to select potential targets for new drugs improve survival
rate in BCa patients. In addition, the knowledge retrieved from this study aims to:

(i) Support research for BCa (non-communicable disease);

(i) Reduce the high disease burden and societal costs of BCa;

(iii) Ensure healthy lives in all ages.
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SNAP-HEATED FREEZE-FREE PRESERVATION
AND PROCESSING OF THE URINE PROTEOME
USING THE COMBINATION OF STABILIZOR-
BASED TECHNOLOGY AND FILTER AIDED
SAMPLE PREPARATION

Luis B. Carvalho, José Luis Capelo Martinez, Carlos Lodeiro, Jacek R. Wisniewski, Hugo M. Santos

Analytica Chimica Acta 1076 (2019) 82-90
Doi: 10.1016/j.aca.2019.05.051
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Figure 3-1. Graphical abstract.
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3.1 Abstract

We present a method to preserve and process urine proteins for proteomic analysis in a
filter aided sample preparation (FASP) format. The method combines concentration of urine
proteins in ultrafiltration devices, their thermal stabilization, allowing long term storage of the
samples, and filter aided sample preparation. Proteomes of four different urines were pre-
served during 48 h and 6 months using (i) the classic freeze preservation at -20 °C, (ii) snap-
heated freeze-free preservation at laboratory temperature (20 °C) and (iii) snap-heated preser-
vation at -60 °C. The three storage methods can effetely preserve the urine proteome for at
least 6 months without significant alterations. Abundances of more than 500 proteins and spe-
cially 24 selected -cleared or -approved protein assayed in serum or plasma were found similar
within the three preservation methods assessed. The new method here proposed dramatically
simplifies the conditions for preserving the urine proteome for biobanks in terms of space and
storage, including lowering the risks of sample degradation caused by misfunction of the
freezer. Furthermore, the shipping of large number of samples can be made without the need
of freezing. The application of the FASP format to isolate and preserve the proteins facilitates

long-term storage and processing of proteome of urine samples.

3.2 Introduction

Human body fluids such as urine, serum, plasma, cerebrospinal fluid, saliva, and tears
have characteristic protein profiles that can be used to unravel diseases [1,2]. Of the fluids
mentioned above, serum and plasma are still the most used for biomarker discovery. However,
urine is gaining momentum due to a number of unique advantages, such as that large sample
volumes can be collected in a non-invasive and therefore painless manner, it can be collected
at any time and at any place [3,4]. Urine contains proteins of which circa 70% are from the
urinary tract, while the remaining 30% corresponds to blood proteins [5]. Urinary proteins can
originate from (i) glomerular filtration of blood proteins, (ii) secretion of proteins by the renal
tubular epithelial cells, (iii) shedding of cells along the urinary tract and (iv) exosome secretion
[6]. Some reliable biomarkers present in urine has been identified as candidates to diagnostic
and prognostic of some diseases [7,8]. Such biomarkers are mainly related to diseases of the
urinary system, and some have been approved and also adopted by the FDA qualification pro-
gram [9]. By now, the proteomics community is intensively working on finding new biomarkers

for a number of diseases.

58 Luis B. Carvalho | NOVA University



PhD Thesis | Chapter 3 | Urine Sample Processing & Storage

In urine-based proteomics biomarker discovery, second-morning urine is becoming the
standard sample to be collected for biomarker-based studies. Such urine is collected during
mid-stream due to the low probability of protein contamination from overgrown bacteria and
epithelial cells [10]. During collection, urine preservation is often done using bacterial growth
inhibitors [11]. However, the use of protease inhibitors is no longer recommended [12].

The in-depth study of the urine proteome by mass spectrometry is time consuming due
to the time required to complete the analysis, usually 90 min gradients, plus the subsequent
bioinformatic data interrogation. The impossibility of analysing the proteome of many urine
samples in short periods of time makes mandatory the need of urine preservation and storage.
Thus, after collection, the conditions for the stabilization and storage of urine proteomes in the
short, medium and long term are critical because urine can degrade. Currently, the gold stand-
ard methodology for urine storage for proteomics applications was defined by the Human
Kidney and Urine Proteome Project (HKUPP) [13] and by the European Urine and Kidney Pro-
teomics (EuroKUP) [14] as follows: after collection, it is recommended urine centrifugation to
remove cell debris and then to storage it at -20 °C or -80 °C [15,16]. Such recommendations
present some drawbacks, as there is the need for expensive freezers which, in addition to the
price, must be connected to emergency energy supply systems to prevent the effects of electric
power failures. Furthermore, repeated freezing and thawing cycles have a detrimental effect in
the sample. Thus, it has been shown urine proteome alterations after just 5 freeze-thaw cycles
[17,18]. Finally, to store a large amount of urine samples is space troubling.

Of the many different sample treatment methods available to deal with complex prote-
omes, the Filter-Aided Sample Preparation method, FASP [19], is one of the most versatile bot-
tom-up proteomic approaches, outperforming another in-solution digestion procedures [20].
Thus, FASP consists in a protein extraction and subsequent digestion approach that uses an
ultrafiltration weight cut-off molecular membrane inserted in an microtube. Such device facil-
itates removal of salts, detergents and other contaminants from the protein sample using cen-
trifugation [21]. It was first designed to extract and digest proteins from tissues [22] and cell
samples [23], however it has been further applied to a large variety of biological samples in-
cluding urine [24]. In addition, large scale sample handling is possible as the application of
FASP in 96 well plates has also been shown [25]. To date, the use of membranes to separate
and preserve the urine proteome has been cited in literature few times [26,27].

The Stabilizor™ T1 is a portable, benchtop instrument that uses rapid conductive heating

to preserve biological samples as closely as possible to their original state. This technology has
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proven to be very useful in the preservation of the proteome complex samples such as tissues
and blood [28,29].

In this work we describe a new approach to preserve the urinary proteome at constant
laboratory temperature (20 °C). The novel method combines urine proteome separation using
the FASP membrane followed by proteome thermal snap using the Stabilizor®. In brief, the
urinary proteome was separated and concentrated using the filter aided sample preparation
method, and then the proteome attached to the FASP membrane was snap-heated by a ther-
mal shock treatment provided by a rapid conductive heating that results in irreversible dena-
turation of proteins, permanent elimination of all enzymatic activity and also in the inactivation
of viral and bacterial pathogens. We demonstrate in this work that by using a volume as low
as 1.2 ml of urine, the proteome of urine samples can be preserved and stored in the FASP
membrane during at least 6 months at a constant temperature of 20 °C. Furthermore, the han-
dling of the proteome for subsequent label-free quantification analysis by high resolution mass
spectrometry is facilitated as the standard FASP-protocol can be followed. Therefore, sampling
large volume of urine for proteomic analysis, and urine storage and preservation in large vol-

ume containers with the aid of freezers is no longer necessary, at least for a six month period.

3.3 Experimental Section

3.3.1 Reagents

All reagents used were HPLC grade or higher. Albumin from bovine serum (BSA), iodo-
acetamide (IAA), urea, formic acid (FA), tris base and Bradford reagent were purchased from
Sigma-Aldrich (Basel, Switzerland). Ammonium bicarbonate (AmBic) and hydrochloric acid so-
lution 37% (HCI) were purchased from Fluka (Basel, Switzerland). Acetonitrile (ACN) and boric
acid were purchased from Panreac (Barcelona, Spain). 1,4-Dithio-DL-threitol (DTT) was pur-
chased from Alfa Aesar (Haverhill, Massachusetts, USA). Pierce™ trypsin protease MS grade,
trifluoroacetic acid (TFA) and pierce™ quantitative colorimetric peptide assay was purchased
from Thermo Fisher Scientific (Waltham, Massachusetts, USA). Ethanol 96% was purchased

from Carlo Erba Reagents (Val-de-Reuil, France).

3.3.2 Apparatus

A biological safety cabinet from Alpina (Konin, Poland) and a centrifuge MPW-350 from

MPW Med. Instruments (Warsaw, Poland) were used throughout the urine sample treatment.
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The instrument Stabilizor™ T1 and maintainor® tissue card from Denator (M6ndal, Sweden)
were used in the urinary proteome heat stabilization. The membrane vivacon 500 10,000
MWCO Hydrosart from Sartorius (Goettingen, Germany) and prism™ refrigerated microcentri-
fuge from Labnet (New Jersey, USA) were used in the FASP methodology. A vacuum concen-
trator centrifuge model UNIVAPO 150 ECH Speed Vac and a vacuum pump model UNIJET I
(Munich, Germany) were used for sample drying. A mini-incubator from Labnet (New Jersey,
USA) was used for protein reduction and digestion. Vortex models ELMI CM70M-09 from Sky-
Line (Southern California, USA) and VX-200 Vortex Mixer from Labnet (New Jersey, USA) were
used in sample mix. CLARIOstar® High Performance Monochromator Multimode from BMG
LABTECH (Germany) was used for Bradford and total peptide assays. Acquisition of mass spec-
trometry data was done using an UHR-QQTOF IMPACT HD from Bruker Daltonics (Bremen,
Germany) Chromatographic separation of peptides were carried out using an Ultimate 3000
nLC nano-system equipped with a trap-column Acclaim PepMap100, 5 pm, 100 A, 300 pm i.d.
x 5 mm (Thermo Fisher Scientific) and an analytical column Acclaim™ PepMap™ 100 C18, 2um,

0.075mm i.d x 150mm (Thermo Fisher Scientific).

3.3.3 Urine Specimens and Collection

Fig.3-2 depicts the sample handling and sample treatment workflow. The urine samples
were collected according the HUKPP guideline. Briefly, fresh second-morning mid-stream
urines were collected from four healthy male volunteers in the same age group (24 + 1 years
old). All the volunteers provided a signed consent for the usage of their urine in this study. The
urine samples were collected into 100 mL urine collection tube containing 37 mg of boric acid.
The urine was divided into two 50 mL tubes and were then centrifuged at 1000 g for 10 min to
remove cell debris. After centrifugation, the supernatants were extracted and divided into 10

mL aliquots.
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Figure 3-2. Method Workflow chart. 1. First, urine is collected, then centrifuged to avoid cell debris and then ali-
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quoted and 2. stored following one of these 3 conditions: (A) using the ultrafiltration membrane, the heat shock
preservation and stored to laboratory temperature (20 °C); (B) using the membrane, the heat shock preservation
and stored to -60°; (C) standard storage at -20 °C. 3 & 4.. After 48 h or 6 months all stored samples are treated
following the FASP protocol for protein cleavage and then samples are quantified by label-free high-resolution
mass spectrometry. 5. Urine storage conditions and proteome comparisons done is this work. The proteomes were
quantitatively compared to find out differences between the storage conditions within the same period of storage,

48 h or 6 months, and between periods of storage, 48h versus 6 months.

3.3.4 Urinary Proteome Extraction

Urine sample concentration was processed in a Vivacon 500, 10,000 molecular weight
cut-off hydrosart membrane. Before sample loading, 100 uL of 70% ethanol solution was added
to the vivacon and then centrifugated at 14,000 g for 15 minutes. A urine volume of 400 pL
was then loaded into the filter device and then was centrifuged during 15 minutes at 14,000 g.
This step was repeated tree times, and a total of 1.2 mL urine was passed through the mem-
brane. In the last centrifugation, the time of centrifugation was 25 min to ensure that the mem-
brane was dried and there was no urine on the top of the membrane (Fig.3-6 A). The proteins

remained on the membrane.
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3.3.5 Heat Shock Preservation

Urinary proteome present in the membrane was preserved by a heat treatment using
the bench instrument stabilizor™ T1. The membrane containing the urine proteome was stor-
age in a stabilizor™ T1 maintainor® tissue card that then undergoes inside the stabilizor™ T1
equipment where is applied a rapid conductive heating to preserve the biological samples
(conditions A and B). The preservation is processed under a custom program with a controlled
pressure and the following parameters: 30 seconds of sample treatment time, cavity vacuum
pressure set to 5mbar and heater position to 2.1 mm with a temperature of 95 °C (Fig.3-6 B—
D). For control purposes, urine samples were stored at -20 °C without heating treatment (con-
dition C).

3.3.6 Urine Storage

Urine sample storage and preservation were processed in 3 different conditions, as it
follows: (A) Urine proteome separation using ultrafiltration and heat stabilization followed by
storage at laboratory room temperature (RT, 20 °C), (B) Heat stabilization and storage at -60
°C and (C) and for control purposes, freezing at -20 °C with no heating stabilization. When
urine samples in condition C were thawed a precipitate was observed. In order to resolubilize
the precipitate, urine sample pH was adjusted to approximately 8 using 1 M tris-HCl. After

storage, the total protein of each urine was quantified by a Bradford protein assay.

3.3.7 Protein Digestion Using Filter Aided Sample Preparation

The preserved and stored urinary proteins were analyzed at two different time points:
(i) TO, 48 hours of storage and (ii) T1, 6 months of storage. After storage, the urinary proteins
were digested using the FASP method with a few modifications [19]. Briefly, FASP, was used as
the methodology to first separate, preserve and then digest the proteome of the urines. The
protein present in the membrane were washed with 200 uL of 8 M urea 25 mM ammonium
bicarbonate (AmBic) solution to remove low-weight material and then centrifuged for 20 min
at 14,000 g. Next, the proteins were reduced by adding 200 pL of 50 mM dithiothreitol in 8 M
urea and 25 mM AmBic and incubated for 60 minutes at 37 °C. Then, a centrifugation of 20
minutes at 14,000 g was done, and then, the sample was alkylated during 45 min in the dark
by the addition of 100 uL 50mM iodoacetamide in 8M urea and 25mM AmBic solution. Subse-
quently, a centrifugation of 20 minutes at 14,000 g was processed and then the sample was

washed twice with 200 uL 25mM AmBic. Finally, protein digestion was initiated by the addition
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of 100 pL 1:30 trypsin in 12.5 mM AmBic solution. Protein digestion proceeded overnight (ap-
proximately 14 hours) at 37 °C and the peptides were collected with a centrifugation of 20
minutes at 14,000 g. The peptides were transferred to a 500 pL microtube and were dried and

stored at -20 °C.

3.3.8 Nano-LC-MS/MS

Peptides were resuspended in 100 pL of 3% (v/v) acetonitrile containing 0.1% (v/v)
aqueous formic acid (FA). Then, samples were homogenized by 5 minutes on vortex followed
by 10 minutes on an ultrasonic bath at 100% ultrasonic amplitude. Afterwards, samples were
quantified using a pierce™ quantitative colorimetric peptide assay. Following the previous step,
4 uL containing 400 + 6 ng of peptides were loaded onto a trap column (Acclaim PepMap100,
5 um, 100 A, 300 pm i.d. x 5 mm) and desalted for 5 min from 3% to 5% B (B: 90% acetonitrile
0.08% FA) at a flow rate of 15 puL min-1. Then the peptides were separated using an analytical
column (Acclaim™ PepMap™ 100 C18, 2 um, 0.075 mm i.d x 150 mm) with a linear gradient at
300 nL min-1 (mobile phase A: aqueous FA 0.1% (v/v); mobile phase B 90% (v/v) acetonitrile
and 0.08% (v/v) FA) 5-90 min from 5% to 35% of mobile phase B, 90-100 min linear gradient
from 35% to 95% of mobile phase B, 100-110 95% B. Chromatographic separation was carried
out at 35 °C. MS acquisition was set to cycles of MS (2 Hz), followed by MS/MS (8-32Hz), cycle
time 3.0 seconds, with active exclusion (precursors were excluded from precursor selection for
0.5 min after acquisition of 1 MS/MS spectrum, intensity threshold for fragmentation of 2500
counts). Together with active exclusion set to 1, reconsider precursor if the intensity of a pre-
cursor increases by a factor of 3, this mass will be taken from temporarily exclusion list and
fragmented again, ensuring that fragment spectra were taken near to the peak maximum. All

spectra were acquired in the range 150-2200 m/z.

3.3.9 Protein Identification and Quantification

LC-MS/MS data were analyzed using Data Analysis 4.2 software (Bruker). Relative label-
free quantification was carried out using MaxQuant software V1.6.0.16. All raw files were pro-
cessed in a single run with default parameters [30,31]. Database searches were performed using
Andromeda search engine with the UniProt-SwissProt Human Uniprot Proteome database as
a reference and a contaminants database of common contaminants [32]. Data processing was
performed using Perseus (version 1.6.2.2) with default settings [33]. Protein group LFQ inten-

sities were log2-transformed and the quantitative profiles were filtered for missing values with
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the following settings: min valid number 2 in at least one group and values greater than 0. To
overcome the obstacle of missing LFQ values, missing values were imputed using default pa-
rameter, with = 0.3 and down shift = 1.8 [33]. Log ratios were calculated as the difference in
average log2 LFQ intensity values between the tested conditions (two-tailed, Student’s t-test,
FDR 0.05 and SO of 1.5).

3.4 Results & Discussion

3.4.1 Quantitative comparison between different storage conditions at TO
(48h)

To assess the potential differences between the conditions of storage, the proteins lev-
els of the urine samples were compared at TO using label-free mass spectrometry-based pro-
tein quantification. The results presented in Fig.3-7 (volcano plots of the storage comparisons
at TO) show that within 48 h the differences among the three conditions of preservation were
minimal for the urines assessed. Red dots represent proteins with levels found statistically
higher than expected between conditions (two-tailed, Student's t-test, FDR 0.05, SO of 1.5, n=3).
Blue dots represent proteins with levels found statistically lower than expected between con-
ditions (two-tailed Student'’s t-test, FDR 0.05, SO of 1.5, n=3). The number of proteins quantified
was between 388 and 560, from which, less than 1% were found statistically significant (two-
tailed, Student’s t-test, FDR 0.05, SO of 1.5, n=3), with the exception of condition A versus B in
urine 1, where 20 proteins over a total of 560 were found statistically significant (two-tailed,

Student’s t-test, FDR 0.05, SO of 1.5, n=3).

3.4.2 Quantitative comparison between different storage conditions at T1
(6 months)

The same comparison as for TO was done to compare the storage conditions after 6
months of preservation. Volcano plots regarding the storage comparisons at T1 (Table 3-1
show that less than 5% proteins were found statistically significant (up or down, two-tailed
Student'’s t-test, FDR 0.05, SO of 1.5, n=3) for most of the urine and conditions assessed, with
the exception of condition A versus condition C in urine number 4. However, the number of

proteins found different was lower than 15%.
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3.4.3 Quantitative TO versus T1 comparison for each storage condition

The variation of the levels of the common proteins with storage conditions and storage
time was assessed using Pearson’s correlation plots with all the technical replicates as shown
in Fig.3-3 A. The Pearson'’s correlation ¢ coefficient was higher than 90% for the 87% of the
comparisons done, thus showing the excellent preservation for a period of six months provided
by each one of the different conditions tested in this work.

Once it was verified that the urine proteomes were preserved with similar performance
between methods either at TO or at T1 regardless the storage condition chosen, the variability
in preservation for each method within the time period of 6 months was investigated next.
Volcano plots from the urines 1, 2, 3 and 4 in Fig.3-3 B show that proteome preservation was
successfully achieved within 6 months for the three storage conditions tested. Indeed, preser-
vation conditions performed in a similar way, resulting in less than 2% statistically significant
proteins (up or down, two-tailed Student’s T-test, FDR 0.05, SO of 1.5, n=3) for all urines and

conditions with the unique exception of condition A in urine 1 which was lower than 6%.
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Figure 3-3. Quantative proteomic analysis for each storage condition. A. Color-coded Pearson’s correlation values
showing the linearity of protein levels between conditions of storage and/or time of storage. B. Volcano plots show-
ing the variation in protein levels with storage condition and storage time. TO: storage time 48h. T1: storage time 6
months. Red and blue arrows indicate the statistically significant features (two-tailed Student'’s t-test, FDR 0.05 and
S0 of 1.5, n=3).
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3.4.4 Hierarchical cluster analysis of each storage methods and time

Fig.3-4 depicts the hierarchical clusters obtained when all the LFQ data series for each
urine obtained at different storage conditions and storage time are compared. The LFQ data
of each preservation method for TO and T1 was compared using an ANOVA test (Permutation-
based FDR, FDR 0.05, SO of 0 [34,35]) and the significant proteins were normalized by Z-scores.
The Z-score offers information about how many standard deviations differ from the mean.
Once this data for each technical replicate is selected as explained above, they are grouped by
storage conditions and storage time. Then, all are compared by unsupervised clustering. The
hierarchical clusters shown in Fig.3-4 suggest that data obtained with condition of storage A
(Stabilizor T1 and room temperature) tend to group together whilst data obtained with condi-
tion B (Stabilizor T1 and -60 °C) and condition C ( 20 °C) tend to group together. This second
group cannot be grouped correctly for urines 1, 2 and 3. In urine 4, conditions A and B are
mixed. The aforementioned results obtained with the hierarchical cluster analysis are in agree-
ment with the information retrieved from the volcano plots, which address that the three meth-

ods perform equally in terms of preservation.
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Figure 3-4. Cluster analysis presenting the variation of proteins levels between the different conditions of storage
and different time of storage. The profiles of preservation for conditions A present higher similarities among them
and cluster together whiles the profiles for samples preserved at low temperature, condition B and condition C,

cluster together.
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3.4.5 Proof-of-concept: preservation of (i) acute kidney injury urinary bi-
omarkers; (ii) kidney tubular injury; and (iii) FDA -cleared or -ap-
proved protein assayed in serum or plasma

To further investigate the preservation conditions studied in this work we decided to
check the status of different urinary biomarkers of (i) Acute Kidney Injury (AKI), namely neutro-
phil gelatinase-associated lipocalin and cystatin-C; (ii) kidney tubular injury, namely clustering
and osteoporin; and (iii) other 20 FDA -cleared or -approved protein assayed in serum or
plasma [36]. Thus, a total of 24 biomarkers was assessed. Further details about the selected

biomarkers, are shown in Fig.3-5 and Table 3-1.
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Figure 3-5. Comparison of LFQ intensities for 24 selected -cleared or -approved protein assayed in serum or plasma
between TO (48 h) and T1 (6 months) for the 3 conditions tested in this study. It can be seen that most of the
biomarkers present variations lower than 5% between TO and T1. Serum and plasma biomarkers: Albumin, a-1-acid
glycoprotein, a-1-antitrypsin, a-2-HS-glycoprotein, a-2-macroglobulin, amylase, antithrombin lll, apolipoprotein
A1, B-2 microglobulin, biotinidase, ceruloplasmin, complement C3, fibrinogen, fibronectin, her-2/neu protein, lac-
toferrin, plasminogen, prostatic acid phosphatase, pyruvate kinase, thyroxine binding globulin. Urinary biomarkers:
clusterin, cystatin C, neutrophil gelatinase-associated lipocalin, osteopontin.
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Over the last decade, different biomarkers have been studied and identified to diagnose
AKI disease [37], and thus It can be found in literature the effect of urine storage at - 70 °C on
the preservation of different AKI biomarkers. As an example, Liu et al. [38], have found in a
study about biomarker preservation at - 70 °C that there was no significant impact of storage
time over a median of 18 months on urine KIM-1, NGAL, IL-18 or L-FABP biomarkers in hospi-
talized samples; but a statistically significant effect towards a decrease over time was noted for
KIM-1 in outpatient samples. In our case, the number of biomarkers with LFQ variation lower
that 5% between the analysis done after 48 h and after 6 months (considering the three con-
ditions evaluated) was around 20 + 2 (n= 24, range 16 - 24) as depicted in Fig.3-5. The number
of biomarkers with a variation comprised between 5% and 10% was 3 + 2 (n= 24 range O - 6)
and the number of biomarkers with a variation between 10% and 20% was 1 £ 1 (n= 24, range
0 - 2). The aforementioned results are a good indicative that the three conditions assessed in
this study works well. Interestingly, some of the biomarkers assessed in this proof of concept
are typically used in studies done with plasma samples. Furthermore, we show here that such
biomarkers can be found also in urine and that they are well preserved at least for six months.
As an example, for the NGAL protein our result is in agreement with the one reported by Liu
et al. [38] and by van de Vrie et al. [39] who claim that the levels of this biomarker remain
substantially the same at -70 °C and -80 °C, respectively, for 6 months. The variation for this
biomarker was lower than 5% in all the comparisons done by us as shown in Table 3-1, thus
confirming that preservation at low temperatures works well, as it also works the preservation
using the snap-heat chock filter aided method. Further literature is in agreement with us, as
Collins et al. [40] reported albumin preservation during 6 months at -20 °C with no significant
changes; and Giensen et al. [41] reported albumin and NGAL preservation at room temperature

(18 °C) and at -20 °C with the addition of boric acid with no changes for 1 week.

3.5 Conclusions

The work here presented shows clearly that the use of heat stabilization in combination
with the FASP approach allows preservation and further processing of the entire urine prote-
ome within six months without the need of storing the sample in a freezer. Such a novel ap-
proach is going to change the way urine proteome is preserved as space and conditions
needed for storage are dramatically simplified. The risk of sample degradation caused by mis-
function of freezers is also overcome, decreasing the cost of sample storage. Furthermore, the

use of FASP approach to preconcentrate the urinary proteins simplifies storage and transport
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of samples. The approach presented in this work opens new perspectives in sample preserva-
tion as it would be interesting to test for how long samples can be preserved at room temper-
ature using heat stabilization. Finally, although this method has been applied to urine, it can
be extended to any liquid biopsy such as serum and plasma. Therefore, it is expected that this

study will open new avenues for other types of liquid biopsies.

3.6 Supplementary Material

3.6.1 Supplementary data

The mass spectrometry proteomics raw data have been deposited to the Proteo-

meXchange Consortium [42] via the PRIDE partner repository with the data set PXD012880.

3.6.2 Supplementary figures & tables

Figure 3-6. System for urinary proteome preservation and storage. (A) Vivacon 500, 10,000 MWCO used for urinary
proteome precontraction. (B) Stabilizor™ T1 maintainor tissue card, (C) Stabilizor™ T1 maintainor tissue card with
Vivacon 500, 10,000 MWCO containing the uri-nary proteome that then undergoes inside the stabilizor™ T1 for
heat treatment (D).
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Figure 3-7. Volcano plots showing the variation in protein levels with storage condition in different times points of
storage. TO: storage time 48h. T1: storage time 6 months. Red and blue arrows indicate the statistically significant
features (two-tailed Student’s t-test, FDR 0.05 and SO of 1.5, n=3).
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Table 3-1. LFQ variation of 24 FDA approved biomarkers in the urine preserved for 6 months. Variation of the 24
FDA approved biomarkers analysed. For all the different storage conditions accessed in the study (A, B and C), the
preservation of each of the 24 biomarkers were evaluated during 6 months of storage and compared in two different
time points (TO, T1). Overall, the LFQ variations (%) were above 5% for 21 of the biomarkers. Thus, confirming that
the differences were minor between the storage conditions and both conditions equally preserved the urine prote-

Xt=0 — Xt=6

ome. Variation (%) was calculated using the following formula: x 100, where Xi=o and Xi=¢ is the mean of

3 technical replicates for 48 h and 6 months of storage respectively. Y correspond to the mean of Xi-o and Xi=s.

24 FDA approved biomarkers

LFQ variation after 6 months of storage

Type of sample Biomarker name Condition A Condition B Condition C

(%, n =3) (%, n =3) (%, n = 3)

Albumin 1 2 1
o-1-Acid glycoprotein 4 3 4
o-1-Antitrypsin 3 2 2
a-2-HS-glycoprotein 0 2 2
a-2-Macroglobulin 3 2 4
Amylase 1 1 1
Antithrombin Il 5 4 5
Apolipoprotein A1 2 3 1

B-2 Microglobulin 9 7 7
Blood and serum Biotinidase 6 6 3
Ceruloplasmin 2 1 2
Complement C3 1 2 3
Fibrinogen 3 1 2
Fibronectin 1 2 1
her-2/neu protein 1 1 1
Lactoferrin 4 2 6
Plasminogen 5 5 3
Prostatic acid phosphatase 2 1 1
Pyruvate kinase 4 4 4
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Thyroxine binding globulin 2 3 1
Clusterin 2 1 1
Cystatin C 3 6 8
Urine
Neutrophil gelatinase-associated lipocalin 3 4 1
Osteopontin 7 6 2
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4.1 Abstract

We propose a new high-throughput ultrafast method for large scale proteomics ap-
proaches by speeding the classic filter aided sample preparation protocol, FASP, from over-
night to a 2.5 h. Thirty-six samples can be treated in 2.5 hours, and the method is scalable to
96-well plate-based pipelines. After a modification of the FASP-tube, the steps of protein re-
duction, protein alkylation, and protein digestion of complex proteomes are done in just 5.25
min each one under the effects of an ultrasonic field (7 cycles: 30s on and 15s off). The new
method was compared with the standard overnight digestion FASP protocol, and no statistical
differences were found for more than 92.4%, 92%, and 93,3% of the proteins identified study-
ing the proteome of E. coli, mouse brain, and mouse liver tissue samples, respectively. Further-
more, the successful relative label-free quantification of four spiked proteins in E. coli samples,
namely BSA, B-lactoglobulin, a-casein, and a-lactalbumin, was achieved, either using the ultra-
sonic-based FASP protocol or the classic overnight one. The new US-FASP method matches
the analytical minimalism rules as time, cost, sample requirement, reagent consumption, en-
ergy requirements and production of waste products are reduced to a minimum while main-
tain-ing high sample throughput in a robust manner as all the advantages of the filter aided

sample preparation protocol are maintained.

4.2 Introduction

Mass spectrometry-based bottom-up protein quantification of complex proteomes relies
on extensively handling and time-consuming approaches, all of them share several steps, in-
cluding proteome extraction and solubilization, fractionation of the proteome, to reduce com-
plexity, reduction and alkylation of protein disulfide bonds, and proteome digestion using en-
zymes [1].

The protein digestion step is the most time-consuming one in the pipeline for proteome-
wide quantification, as the standard protocols often rely on overnight incubations lasting up
to 18 h [1,2]. Therefore, attempts to reduce such time-consuming steps are reported in the
literature. Thus, it has been demonstrated that the enzymatic digestion of proteins can be ac-
celerated through an array of different tools, including microwave energy, infrared energy,
heating, electrical fields, ultrasonic energy and immobilized enzymes [2,3]. In this context, ul-
trasonic energy as a way to speed digestion of complex proteomes for protein identification

from overnight to some minutes was first reported in 2005 by Ferrer et al.[4]. Subsequent
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developments of this methodology showed that ultrasonic energy can also accelerate from
tens of minutes to some few the reduction and alkylation of proteins” disulfide bonds [5-11].
Furthermore, it has been shown recently that ultrasonic energy can also be successfully applied
in the format of a 96-well plate, thus making it possible to digest 96 samples in just 4 min[12].
As the methodology was applied for protein identification, it remains unknown if such an ap-
proach can also be applied for protein quantification by mass spectrometry.

Filter aided sample preparation (FASP) is a frequently used sample treatment method in
proteomics [13,14]. The method uses ultrafiltration membrane for protein handling and isola-
tion of clean peptide fraction. In brief, in-solution complex protein mixtures are separated from
other components using an ultrafiltration device where a membrane, with a certain cut-off, is
used to retain the proteome content, while allowing the removal of smaller contaminant mol-
ecules and interfering buffers. Then, using such membranes as a solid support, proteins are
first reduced, then alkylated, and finally digested. Furthermore, there is an array of membranes
types and cut-offs making this method extremely versatile for proteomics. The FASP protocol
offers a convenient way to handle the different steps of complicated workflows for proteome-
wide quantification.

In the present work, ultrasonic energy is introduced as a tool to speed sample prepara-
tion in the standard FASP pipeline, and this new approach is named US-FASP. The ultrafiltration
membrane in FASP acts as a proteomic reactor for detergent removal and buffer exchange,
while ultrasonic energy is used to speed chemical reactions and protein digestion. Overall, the
treatment time is reduced from overnight to 2.5 h, allowing 36 samples to be processed sim-

ultaneously, facilitating high throughput sample preparation.

4.3 Experimental Section

4.3.1 Reagents

All reagents used were HPLC grade or electrophoresis grade. Bovine serum albumin
(BSA), a-lactalbumin from bovine milk, B-lactoglobulin from bovine milk, a-casein from bovine
milk, iodoacetamide (IAA), urea, phosphate buffered saline (PBS), formic acid (FA), tris base and
Bradford reagent were purchased from Sigma-Aldrich (Basel, Switzerland). Ammonium bicar-
bonate (AmBic) and hydrochloric acid solution 37% (HCI) were purchased from Fluka (Basel,
Switzerland). Sodium dodecyl sulfate (SDS), acetonitrile (ACN) and boric acid were purchased

from Panreac (Barcelona, Spain). 1,4-Dithio-DL-threitol (DTT) was purchased from Alfa Aesar
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(Haverhill, Massachusetts, USA). Pierce™ trypsin protease MS grade, trifluoroacetic acid (TFA)
and pierce™ quantitative colorimetric peptide assay were purchased from Thermo Fisher Sci-

entific (Waltham, Massachusetts, USA).

4.3.2 Apparatus

Ultrasonic processor Branson SLPe digital sonifier with a probe of T mm was utilized for
tissue homogenization. The membrane vivacon 500 10,000 and 30,000 MWCO Hydrosart from
Sartorius (Goettingen, Germany) and prism™ refrigerated microcentrifuge from Labnet (New
Jersey, USA) were used in the standard FASP and ultrasound FASP methodology. A mini incu-
bator from Labnet (New Jersey, USA) was used for protein reduction and digestion in the stand-
ard FASP method. Microplate Horn Assembly equipped with a water recirculation system and
operating with the Q700 system (20 kHz) from QSonica (Newtown, CT, USA) was used to ac-
celerate the steps of reduction, alkylation and digestion in the ultrasound FASP. A custom-built
wood plate vivacon support ( 10.5 cm x 9.9 cm x 9.9 cm) was used in the ultrasound FASP steps.
A vacuum concentrator centrifuge model UNIVAPO 150 ECH Speed Vac and a vacuum pump
model UNUET Il (Munich, Germany) were used for sample drying. Vortex models ELMI CM70M-
09 from SkyLine (Southern California, USA) and VX-200 Vortex Mixer from Labnet (New Jersey,
USA) were used in sample mix. CLARIOstar® High Performance Monochromator Multimode
from BMG LABTECH (Germany) was used for Bradford and total peptide assays. Acquisition of
mass spectrometry data was done using an UHR-QQTOF IMPACT HD from Bruker Daltonics
(Bremen, Germany) Chromatographic separation of peptides were carried out using an Ulti-
mate 3000 nLC nano-system equipped with a trap-column Acclaim PepMap100, 5 um, 100 A,
300 um i.d. x 5 mm (Thermo Fisher Scientific) and an analytical column Acclaim™ PepMap™

100 C18, 2um, 0.075mm i.d x 150mm (Thermo Fisher Scientific).

4.3.3 E. coli proteome

E. coli samples were prepared using the ReadyPrepTM E. coli lysate sample from BioRad,
following manufactures’ instructions with minor modifications. Briefly, 500 yL of 3 M Urea 25
mM ammonium bicarbonate (AmBic) buffer solution were added to the E. coli extracts and
incubated for five min at room temperature, following by five min sonication using an ultra-
sonic bath at 100% ultrasonic amplitude, UA, 35 kHz ultrasonic frequency, UF, to ensure that
the dried E. coli protein extracts were solubilized. Next, several aliquots of 30 uL were prepared,

followed by storage at - 60 °C until further use. Furthermore, in some experiments to access
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the different methods reproducibility, five different known concentrations of bovine serum al-

bumin (BSA), B-lactoglobulin, a-casein, and a-lactalbumin were spiked to the E. coli proteome.

4.3.4 Mouse liver and brain proteomes

Fresh frozen mouse liver and brain were obtained from Patricell Limited. Tissue samples
were weight and washed with cold 0.1 M phosphate buffer solution (PBS) 4 °C to remove traces
of blood. Next, the tissues were homogenized in a lysis buffer 0.1 M Tris-HCl, pH 7.8, 0.05 M
DTT 2% SDS (w/v) using a Potter-Elvehjem tissue grinder. The ratio of tissue mass to lysis buffer
was 1:10 (g/mL). The homogenates were then sonicated for 2 min on ice (30 s on 10 s off
ultrasonic time, UT, 50% UA, 40 kHz UF, 1 mm diameter probe) using a Branson SLPe digital
sonifier, followed by incubation at 95 °C in a water bath for five min. After cooling to room
temperature, tissue lysates were clarified by centrifugation at 16 000g for 10 min. As final step

the supernatant was transferred into aliquots of 1 mL and stored at -60 °C until further use.

4.3.5 Total protein and peptide quantification

The total protein present in the E. coli, mouse brain and mouse liver were quantified by
Bradford protein assay. After digestion, peptides were quantified using the Thermo Fisher Sci-

entific pierce™ quantitative colorimetric peptide assay following manufacturer’s instructions.

4.3.6 Filter aided sample preparation (FASP)

The standard overnight digestion FASP, ON-FASP, depicted in Fig.4-2 A, was used to
process the E. coli, mouse brain and liver proteome with a few minor modifications [12-15]
[13-15]. A total of 100 ug of £ coli protein was loaded in a membrane with a 10,000 molecular
weight cut-off (MWCO). The same amount of mouse brain and liver protein were loaded in
membrane with a 30,000 molecular weight cut-off (MWCO). The proteins present in the mem-
brane were washed with 200 pL of 8 M urea 25 mM AmBic solution and then centrifuged for
20 min at 14,000 x g. £. coli samples were reduced by adding 200 uL of 50 mM dithiothreitol
(DTT) in 8 M urea and 25 mM AmBic and incubated for 60 minutes at 37 °C. Mouse brain and
liver proteomes skipped the step of reduction as the lysis buffer had this already incorporated.
Then, a centrifugation of 20 minutes at 14,000 x g was done, and the sample was alkylated
during 45 min in the dark by the addition of 100 uL 50 mM iodoacetamide (IAA) in 8 M urea
and 25 mM AmBic solution. Subsequently, a centrifugation of 20 minutes at 14,000 x g was

processed and then the sample was washed twice with 200 pL 25 mM AmBic. Finally, protein
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digestion was initiated by the addition of 100 pL 1:30 trypsin in 12.5 mM AmBic solution. Pro-
tein digestion was proceeded overnight (approximately 16 hours) at 37 °C and then the pep-
tides were collected by 20 min centrifugation at 14,000 x g. To ensure that all the peptides
were extracted, 100 pL of 3% (v/v) acetonitrile and 0.1% (v/v) formic acid were added followed
by a centrifugation of 20 minutes at 14,000 x g. This previous step was repeated one more time
and then, the peptides were transferred to a 500 puL microtube, dried and stored at -20 °C until
further peptide quantification (Sl 3) and analysis by Nano-LC-MS/MS (SI4).

4.3.7 Ultrasonic-based filter aided sample preparation (US-FASP)

The US-FASP depicted in Fig.4-2 A was used to process the protein £ co/i mouse brain,
and mouse liver proteome and compared to the standard FASP described above. The same
workflow, including cleaning steps, as described before, was used, however, ultrasound energy
was applied to speed up the reduction, alkylation, and digestion steps. Briefly, the proteins
were reduced by adding 200 uL of 50 mM dithiothreitol (DTT) prepared in 8 M urea and 25
mM AmBic. Tissue samples skipped the step of reduction as this was already done during the
tissue homogenization using the lysis buffer. Then, it was applied ultrasound energy using the
ultrasonic microplate horn assembly for 5.25 min (7 cycles: 30 s on and 15 s off UT, 25% UA,
20 kHz UF). Afterward, centrifugation for 20 minutes at 14,000 x g was done, following by
protein alkylation by the addition of 100 uL 50 mM iodoacetamide (IAA) prepared in 8 M urea
and 25 mM AmBic solution. The alkylation step was speeded using the ultrasonic microplate
horn assembly during 5.25 min (7 cycles: 30 s on and 15 s off UT, 25% UA, 20 kHz UF). Finally,
100 pL of 1:30 trypsin in 12.5 mM AmBic solution was added and the protein digestion was
processed using the ultrasonic microplate horn assembly for 5.25 min (7 cycles: 30 s on and
15 s off UT, 25% UA, 20 kHz UF). Peptides were dried and stored at -20 °C until further peptide
quantification (SI 3) and analysis by Nano-LC-MS/MS (SI 4).

4.3.8 Nano-LC-MS/MS

LC-MS/MS analysis was carried out using a Ultimate 3000 nano LC system coupled to an
Impact HD (Bruker Daltonics) with a CaptiveSpray nanoBooster using acetonitrile as dopant
Peptides were resuspended in 100 pL of 3% (v/v) acetonitrile containing 0.1% (v/v) aqueous
formic acid (FA). Then, samples were homogenized by 5 min on vortex followed by 10 min on
an ultrasonic bath at 100% UA, 35 kHz UF. Afterwards, samples were quantified using a pierce™

quantitative colorimetric peptide assay. Following the previous step, 5 pL containing 750 + 5
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ng of peptides were loaded onto a trap column (Acclaim PepMap100, 5 um, 100 A, 300 um i.d.
x 5mm) and desalted for 5 min from 3% to 5% B (B: 90% acetonitrile 0.08% FA) at a flow rate
of 15 yL.min-1. Then the peptides were separated using an analytical column (Acclaim™ Pep-
Map™ 100C18, 2 ym, 0.075mm i.d x 150 mm) with a linear gradient at 300 nL.min-1 (mobile
phase A: aqueous FA 0.1% (v/v); mobile phase B 90% (v/v) acetonitrile and 0.08% (v/v) FA) 5-
90 min from 5% to 35% of mobile phase B, 90-100min linear gradient from 35% to 95% of
mobile phase B, 100-110 95% B. Chromatographic separation was carried out at 35 °C. MS
acquisition was set to cycles of MS (2 Hz), followed by MS/MS (8-32 Hz), cycle time 3.0 s, with
active exclusion (precursors were excluded from precursor selection for 0.5 min after acquisi-
tion of 1 MS/MS spectrum, intensity threshold for fragmentation of 2500 counts). Together
with active exclusion set to 1, reconsider precursor if the intensity of a precursor increases by
a factor of 3, this mass was taken from temporarily exclusion list and fragmented again, ensur-
ing that fragment spectra were taken near to the peak maximum. All spectra were acquired in

the range 150-2200 m/z.

4.3.9 Label-free protein quantification and statistical analysis

Relative label-free quantification was carried out using MaxQuant software V1.6.0.16. All
raw files were processed in a single run with default parameters [16,17]. Database searches
were performed using Andromeda search engine with the UniProt - Proteome_UP000000625
which contains proteins from £ co/i and the sequences from the spiked proteins that were
added to the fasta file [18]. Data processing was performed using Perseus (version 1.6.5.0) with
default settings [19]. Protein group LFQ intensities were log2-transformed and the quantitative
profiles were filtered for missing values with the following settings: min valid percentage of
70% in at least one group and values greater than 0. To overcome the obstacle of missing LFQ
values, missing values were imputed using the parameters, with = 0.5 and down shift = 1.8
[19]. Log ratios were calculated as the difference in average log2 LFQ intensity values between

the tested conditions (two-tailed, Student's t-test, permutation-based FDR 0.05 and SO of 0.1).
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Figure 4-2. Ultrasonic-based filter aided sample preparation workflow and optimization. A. Different methods,
standard overnight digestion FASP (ON-FASP) and ultrasound FASP (US-FASP), was used to process £. coli mouse

brain and liver proteomes. Ultrasound energy was used to speed up the reduction, alkylation and digestion FASP
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steps. B. Effect of ultrasound energy in 5 cm x 5 cm aluminum foils. 1. 30 s ultrasonic time, UT, in an ultrasound bath
at 100% ultrasonic amplitude, UA, and 35 kHz ultrasonic frequency, UF. 2. 30 s UT in an ultrasound bath at 100%
UA, and 130 kHz UF. 3. 30 s UT in an ultrasonic microplate horn assembly at 25% UA, and 20 kHz UF. 4. 5.25 min UT
in an ultrasonic microplate horn assembly at 25% UA, and 20 kHz UF (0.5 cm x 0.5 cm aluminum foil inside the FASP
tube). C. Digestion time optimization. Different total elapsed ultrasound digestion times (30's, 605,180 s, 210 s, 240
s) were accessed using the ultrasonic microplate horn assembly at 25% UA, and 20 kHz UF and compared with the
ON-FASP. D. Ultrasound in the reduction, alkylation and digestion steps. Bars with gray color with and without dots,
represent different batches of £ coli. Different conditions using the ultrasonic microplate horn assembly were done
(1. no reduction and alkylation step, use of ultrasound energy in the digestion; 2. standard alkylation step and use
of ultrasound energy in the reduction and digestion step; 3. use of ultrasound in the reduction, alkylation and
digestion step) and compared with the ON-FASP (4, 5).

4.4 Results & Discussion

44.1 Initial considerations about variables affecting ultrasonic perfor-

mance

Previous research performed in our laboratory has recently shown that the ultrasonic
microplate horn assembly is the ultimate ultrasonic tool to speed complex proteomics pipe-
lines as 96 samples can be digested in four minutes, and volumes as low as 10 ul can be han-
dled [12]. Thus, the analytical minimalism rules, as explained by Halls are accomplished [12,20].
We have also shown that high intensity focused ultrasonic energy has two effects over enzy-
matic kinetics, first speeding the kinetics and then, after 5 min, inactivating the enzyme [21].
Therefore, ultrasonic energy was not applied in this work for longer than 5 min. We have ob-
served that ultrasonic amplitudes higher than 25% led to the rapid deterioration of the micro-
plate horn assembly surface, but we demonstrated that for in-solution digestion of complex
proteomes, such as £. colilysates and tissue extracts, a 25% ultrasonic amplitude is adequate
to speed the overnight proteome digestion process up to 4 min (intervals of 30 s on and 15 s

off). Consequently, the ultrasonic amplitude chosen was 25% [12].

4.4.2 Effect of Ultrasonic frequency over the FASP membrane

The implosion of ultrasonic nano-bubbles generated by high-intensity ultrasound pro-
duced at frequencies between 20 kHz and 40 kHz creates shock waves with disruptive effects
[22-24]. However, at higher frequencies, this disruptive effect is less intense. Fig.4-2 B1 and
Fig.4-2 B2 show two aluminum foils (5 x 5 cm) that were exposed to an ultrasonic field gener-

ated in an ultrasonic bath. Fig.4-2 B1 clearly shows the disruptive effects over the aluminum
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foil of ultrasound generated at a frequency of 35 kHz whilst Fig.4-2 B2 shows that at a fre-
quency of 130 kHz there is no disruption. The ultrasonic well plate works at a frequency of 20
kHz, thus having a disruptive effect, that could potentially affect the membrane of the FASP
tube. The difference in cavitation effects between the ultrasonic bath and the microplate horn
is visualized in Fig.4-2 B3, where it may be seen microplate horn’s disruptive effect more in-
tense when the following conditions were used to deliver ultrasound: aluminum foil 5 x 5 cm,
30 s UT, 20 kHz UF, 25% UA. Therefore, the first task was to investigate the integrity of the FASP
membrane. To this end, the effect of ultrasound energy over the FASP membrane, was tested
by introducing an aluminum foil in the FASP tube just over the membrane as depicted in Fig.4-
2 B4 (7 cycles: 30 s on and 15 s off UT, 25% UA, 20 kHz UF). It was found that the microtube
walls have a protective effect, diminishing the disruptive effects of ultrasound, as no disruption
was observed nor in the aluminum foil neither in the FASP membrane (Fig.4-6 and Fig.4-7).
This fact was later confirmed by the results obtained for protein identification and quantifica-
tion as shown below. Moreover, no membrane polymers were observed in the mass spectra.
However, during the first experiments with ultrasound, it was observed water inside the FASP
tubes after some tens of seconds of ultrasonication. To avoid this effect, it was necessary to
develop a small modification on the FASP tube design consisting in the addition of two O-
rings, as video 1-SI shows. Finally, once it was verified that (i) no degradation of the FASP
membranes was observed under the effects of an ultrasonic field and that (ii) no water entered
inside the FASP tube during ultrasonication, the next step was to assess the acceleration of the

FASP protocol using ultrasonic energy.

4.4.3 Effect of time of ultrasonication in the FASP-based digestion proto-
col

The workflow of complex proteomes can be divided into three main steps. Reduction, to
break disulfide bonds; alkylation to inactivate sulfur groups thus hampering disulfide bonds of
forming again and finally protein cleavage using trypsin, also known as protein digestion step.
The latter is by far the step that consumes more time as it is generally done overnight (18 h).
Therefore, our first efforts were oriented to shorten this step. To this end, a series of £ coli
samples were digested overnight following the standard FASP. Other series of the same £ coli
were also digested under the effects of an ultrasonic field during different times, comprising
the range 0.5 to 4 min (reduction and alkylation were done with no US applied for both sets of

samples. If the success of the digestion is measured as the concentration of peptides obtained
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with the overnight digestion protocol, Fig.4-2 C shows that after 3 min. of digestion under the
effects of an ultrasonic field, the peptide content of the ultrasonically digested sample is
91 + 8% of the sample digested overnight. Therefore, an ultrasonication time of 5.25 min was
settled as optimum for the digestion protocol (7 cycles: 30 s on and 15 s off UT, 25% UA, 20
kHz UF).

444 Effect of ultrasonication in reduction and alkylation steps

Once it was verified that the overnight digestion process in the FASP membrane can be
accelerated to 5.25 minutes, it was investigated if the alkylation and digestion processes could
be also shortened. To this end, a series of experiments were designed in which £. coli extracts
were submitted to reduction, alkylation and digestion, with and without the effects of an ultra-
sonic field (7 cycles: 30 s on and 15 s off UT, 25% UA, 20 kHz UF). First, it was investigated
whether the process could be done applying ultrasound only in the digestion step, skipping
alkylation and reduction steps. The results of this experiment are shown in Fig.4-2 D1, and it
may be seen that 60% of the expected peptide concentration is obtained. Next, we apply ul-
trasound only in the reduction and digestion steps, skipping the application of ultrasound in
the alkylation process. However, results were not satisfactory as only 80% of the expected pep-
tides were obtained (Fig.4-2 D2). Finally, when all the steps, reduction, alkylation and digestion,
were done under the effects of an ultrasonic, field the concentration of peptides was more than
90% of the expected amount (Fig.4-2 D3). Thus, the set of experiments described above
showed that ultrasonic energy conveniently speed each step of the proteomic workflow (Fig.4-
2 D4 and Fig.4-2 D5).

Finally, in further experiments, and as best conditions, for each step assessed (reduction,
alkylation and digestion), 5.25 min of ultrasonication time was applied in periods of 30 s fol-
lowed by resting periods of 15 s seconds (total time of 5.25 min UT, with a 25% UA and at an
UF of 20 kHz.

44.5 Mass spectrometry label free-based protein quantification: ultra-
sonic-based FASP versus classic overnight FASP

Fig.4-3 shows the comparison of ultrasonic-based FASP protocol, US-FASP, versus classic
overnight FASP, ON-FASP, protocol using £. colisamples and label free-based mass spectrom-
etry (n=2 different batches for each protocol run in two different days, with two technical rep-

licates each batch, resulting in a total of four samples for each method). The two conditions
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tested resulted in 11653 unique peptides and 1053 proteins, Fig.4-3 A. Of the unique peptides
identified 8583 (73.7%) were found common for both methods, from which (i) 7022 peptides
(81.8%) had no missed cleavages, (ii) 1432 peptides (16.7%) had one missed cleavage and (iii)
125 unique peptides (1.5%) had two missed cleavages. Of the 1053 identified proteins, 995
(94.5%) were found common for both methods, Fig.4-3 A. The second step was to quantify
differences in digestion efficiency across the detected proteome. These differences are shown
in Fig.4-3 B. This volcano plot shows that only 25 proteins are differentially digested, repre-
senting 2% of the detected proteome (two-tailed Student's t-test, FDR 0.05 and SO of 0.1, n=8).
This result shows the similarity of both proteomic pipelines (Fig.4-8). Furthermore, Fig.4-3 C
shows that the majority of the 2% of proteins found with different digestion efficiencies are of
a molecular weight bellow 50 KDa. Interestingly, when these 25 proteins are used to generate
a hierarchical clustering, Fig.4-3 D, it become evident that such proteins are preferentially di-
gested either by the US-FASP or ON-FASP. This observation is in agreement with results re-
ported previously #[12].

The reproducibility for each method was assessed as the difference between two batches
of the same sample done in different days, and it is shown in Fig.4-3 E and Fig.4-3 F. These
volcano plots show that the interdaily variability of both methods is negligible (two-tailed Stu-
dent's t-test, FDR 0.05 and SO of 0.1, n=4 each method). When the 1053 protein LFQ values
obtained after finishing each experimental pipeline are compared using the median-based
normalization, the distribution is centered around 1, as shown in Fig.4-3 G, further reflecting

the few differences between bot US- and ON-sample treatments.
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average linkage using the statically significant proteins (two-tailed Student’s t-test, FDR 0.05 and SO of 0.1, n=8).
E&F. Batch effect in each method. Protein levels were normalized by the median of each protein and statistically
significant changes were detected using a two-tailed Student's t-test (FDR 0.05 and SO of 0.1, n=4). G. Correlation
plot and density from the comparison of ON-FASP vs. US-FASP. Correlation plot of the proteins with median-based
normalization shows a distribution centered around 1, reflecting a lower variation between the tested methods.

4.4.6 Performance of Ultrasonic-based FASP

In order to verify the homogeneity of the ultrasonic effects inside the microplate horn, £
coli samples were distributed randomly and were spiked at different levels with four proteins,
as depicted in Fig.4-4 A and 4-4 B. Then the samples were overnight or ultrasonically digested
as depicted in Fig.4-4 C. When the complete set of £ coli proteins of each sample is identified
and quantified and then used to cluster the samples, the reproducibility as expressed by the
Pearson correlation value is higher than 0.985 (Fig.4-4 D), showing that the digestion of the £
coli proteomes is done with the same efficiency in all the positions and thus concluding that
the effects of the ultrasound energy are homogeneously distributed in the entire microplate
horn. Moreover, when the ultrasonic treated samples are compared with the overnight treated
ones (Fig.4-2 D), the Pearson correlations are higher than 0.945, again indicating that for a few

proteins both methods perform slightly different but for the majority both perform equally.
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the ON-FASP and US-FASP. E, F & G. Comparison between the theoretical pmol ratio (Theo) and the LFQ values
obtained ration (Exp). The protein spikes were compared as followed: E & F. US-FASP vs. US-FASP and G. US-FASP
vs. ON-FASP. The difference was obtained using the following formulas (i) to (v).

4.4.7 Ultrasonic-based FASP Label-free quantification of a set of spiked

proteins in £ colisamples

In order to get a deeper insight into the potentialities of the proposed US-FASP method, £. coli
samples were spiked with four known proteins, namely BSA, B-lactoglobulin, a-casein and a-
lactalbumin. The known protein amount ratios (Fig.4-4 A) between samples were compared

with their respective mass spectrometer signal ratios (LFQs ratio) using the formulas:

I ratio (Theo) = Spikegy ,
pmol ratio eo) = Spikes, )
X LFQg,
LF tio (Exp) = =———— i
Q ratio (Exp) XLFQs, @@

Where x and y can be samples S1, S2, S3 S4 or S5, where Spikeg, and Spikes,, refer to
the spikes added to the samples as they are presented in Fig.4-4 A, and where LFQg, and LFQs,
refer to the respective mass spectrometry data of samples x and y. The quantification results
are depicted in Fig.4-4 E, where it may be seen that for proteins BSA, B- lactoglobulin and a-
casein the spiked ratios match close to the LFQ ratios, what it is reflected in the regression
coefficients close to 1. For the case of a-lactalbumin, the match is worst, with a regression
coefficient of circa 0.7.

In an ideal situation, where the proteins are efficiently digested and where the LFQs are

proportional to the protein concentration, the ratio using the formula:
LFQ ratio (Ex
Ratio = < - (Exp) (iii)
pmol ratio (Theo)

should be 1. When this ratio is calculated for the different positions inside the microplate
horn, as shown in Fig.4-4 F it can be seen that the effects of ultrasonic energy are homogene-
ously distributed all over the surface, being the best results obtained for BSA and the worst for
a-lactalbumin. Thus, for BSA protein the differences between the pmol ratios and the LFQs
ratios were up to 6% (n=10 range 1% to 13.5%); for the B-lactoglobulin were 20% (n=10, range
15% to 22%), and for a-casein were 15% (n=10. Range 6% to 19%). For a-lactalbumin the

results were worst, and the difference was 56% (n=10, range 35% to 91%).
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4.4.8 Ultrasonic-based FASP versus classic FASP Label-free quantification
of a set of spiked proteins in £ colisamples

The final insight was done comparing the values of the US-FASP versus ON-FASP for the

four spiked proteins as follows:

Spike 51 on
pmol ratio (Theo) = —————— (iv
Spike sy ys )
X LFQ s10n
LFQ ratio (Exp) = ——— v)
LFQ sxus

Where Spikes, ys can be ultrasonic treated samples S1, S2, S3, S4 or S5, where the
Spikesq on refers to the sample treated overnight (see Fig.4-4 C). Where LFQ s, ys refers to the
mass spectrometry data of ultrasonic treated samples S1, S2, S3 S4 or S5, and where LFQ 1 on
refers to the mass spectrometry data obtained for the sample treated overnight.

Then the ratio, using the formula (iii), was calculated. This ratio should ideally be 1. It can
be seen in Fig. 4-4 G that proteins BSA, B-lactoglobulin and a-casein are digested at the same
level either using the ultrasonic or the overnight method. For the case of the a-lactalbumin,

the digestion was better for the overnight method, almost 1.5 times better.

449 Application to brain and liver tissue samples

The optimum sample treatment conditions were also applied to tissue samples. To this
end, brain and liver tissue samples were submitted to the protein extraction explained in the
experimental section and, of each protein tissue extract, four subsamples were made. These
subsamples were divided in two groups of two samples each. Samples were digested with the
optimized conditions in different positions inside the microplate horn in different days as de-
picted in Fig.4-2. Results are shown in Fig.4-5. The first interesting fact is that no differences
were found neither in the number of proteins nor in their quantification values when the anal-
ysis was done in different days (Fig.4-5 A and Fig.4-5 D). Moreover, the same data also reflects
that the position where the digestion is done inside the microplate horn does not affect the
digestion efficiency (Fig.4-5 B and 4-5 E). Furthermore, the number of common proteins iden-
tified for each tissue type was almost the same regardless the sample treatment used, 1134
(93.3%) for the brain tissue and 1097 (92%) for the liver tissue (Fig.4-5 C and Fig.4-5 F, respec-
tively). In addition, the number of peptides identified was also similar for each method and
each tissue type (Fig.4-5 H). Finally, the data obtained also allows a nice classification of both

tissues (Fig.4-5 G).
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Figure 4-5. Mouse liver and brain proteome digestion using the US-FASP. A, B & C. Quantitative proteomics analysis
using the US-FASP and ON-FASP methods in brain mouse tissues. (D, E and F) Quantitative proteomics analysis
using the US-FASP and ON-FASP methods in liver mouse tissues. A 8 D. Batch and plate position effect in the US-
FASP method. Volcano plot comparing each batch of tissue with random position in the ultrasonication plate. Pro-
tein levels were normalized by the median of each protein and the different quantified proteins were obtained using
a two-tailed Student'’s t-test (FDR 0.05 and SO of 0.1, n=4). Blue and red color dots represent the statistically signif-
icant proteins (numbers inside the colored circles) while the grey dots represent the non-statistically significant
proteins, respectively. B & E. Protein quantitative levels comparison between the US-FASP and ON-FASP method.
Volcano plot comparing the protein levels in each method. Protein levels were normalized by the median of each
protein and the different quantified proteins were obtained using a two-tailed Student's t-test (FDR 0.05 and SO of
0.1, n=8). C & F. Venn diagram with the proteins identified by US-FASP and ON-FASP method. Different proteins
identified in each method with a filter of 70% presence in at least one group. G. Cluster of the mouse brain and liver
tissues processed by ON-FASP and US-FASP. Protein identified with a filter of 70 % presence in at least one group

were normalized by Z-score and a multi-sample test, ANOVA (FDR 0.05, n=16) were plotted in a hierarchal
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clustering. H. Number of peptides identified in each tissue type with the different FASP methods used. ON-FASP
method is represented by the green color bars and US-FASP by the blue color bars.

4.5 Conclusions

A novel ultrasonic-assisted filter aided sample preparation protocol has been developed
for large scale proteomics approaches, allowing high sample throughput and reducing treat-
ment time from 18 h to 2.5 h for a total of 36 samples. The method is scalable to 96 samples
using 96-well plates, and virtually applicable to similar digestion platforms such as S-Trap [25].
We foresee this method as the universal one for proteomics pipelines as it paves the way to
clinical proteomics in hospitals because it is of easy handling as the operator needs no special
skills. Also, this method matches perfectly the new high-resolution mass spectrometers that
allow fast chromatographic runs in 15 min, thus allowing to measure the proteome of about
100 samples a day per spectrometer. Further, shortening of the sample processing time can be

achieved by skipping the cysteine alkylation step [26].

4.6 Supplementary material

4.6.1 Supplementary data

The mass spectrometry proteomics data have been deposited to the ProteomeXchange

Consortium [27] via the PRIDE [28] partner repository with the dataset identifier PXD018360.~
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4.6.2 Supplementary figures

ON-FASP US-FASP
- -

Figure 4-6. Original optical microscopy images (40x) from the FASP membranes using the conditions (A) Control,

Control

(B) overnight digestion and (C) ultrasonic digestion.

Control ON-FASP US-FASP
- - -
Figure 4-7. Color adjusted optical microscopy images (40x) from the FASP membranes using the conditions (A)

Control, (B) overnight digestion and (C) ultrasonic digestion. The images on top are the original images from the

microscope, and in the images at the bottom color has been adjusted.
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Figure 4-8. Hierarchal clustering of the E. coli proteome processed with US-FASP and ON-FASP. 1053 proteins iden-
tified in each method (US-FASP and ON-FASP) with a filter of 70% presence in at least one group. Protein label free

intensities normalized by Z-score were plotted in a hierarchal clustering using average as linkage.
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Figure 4-9. Custom-built wood plate vivacon support floater.
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5.1 Abstract

Normalization is a crucial step in proteomics data analysis as it enables data adjustment
and enhances comparability between datasets by minimizing multiple sources of variability,
such as sampling, sample handling, storage, treatment, and mass spectrometry measurements.
In this study, we investigated different normalization methods, including Z-score normaliza-
tion, median divide normalization, and quantile normalization, to evaluate their performance
using a case study based on renal cell carcinoma datasets. Our results demonstrate that when
comparing datasets by pairs, both the Z-score and quantile normalization methods consist-
ently provide better results in terms of the number of proteins identified and quantified as well
as in identifying statistically significant up or down-regulated proteins. However, when three

or more datasets are compared at the same time the differences are found to be negligible.

5.2 Introduction

Some analytical chemists encounter significant challenges in analyzing large-scale pro-
teomics data using bioinformatics tools, often because these topics are not sufficiently devel-
oped in undergraduate or post-graduate programs. As a result, analytical chemists may need
to acquire additional skills and knowledge to effectively handle these types of data. From an
analytical chemistry point of view, the so-called shot-gun-based proteomics workflows are
characterized by multiple sources of variability, including sampling, sample handling, sample
storage, sample treatment and mass spectrometry measurements [1,2]. For instance, analytical
chemists know that large-scale and longitudinal studies often encounter a source of variation
associated with the difference in storage time and ageing of the samples [2,3]. Samples are
typically collected and prepared at different times during the study, introducing an environ-
mental factor that may affect the data. This factor may be compounded by other variables,
such as the collection of samples in different centres or countries, which may be subjected to
varying numbers of freeze-thaw cycles. In addition, the sample collection protocol may be ap-
plied with different levels of attention by different operators, which can lead to unwanted dif-
ferences in the samples. Furthermore, transporting the samples to the laboratory where they
will be stored or analyzed can also introduce noise into the data, as the transportation condi-
tions may vary, potentially altering the samples differently. Finally, in a typical shot-gun prote-
omics workflow, samples are collected and treated in the analytical laboratory before being

stored or investigated using mass spectrometry. The samples are then cleaved with various
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enzymes depending on the experimental strategy, and the resulting cleavage proteome com-
posed of thousands of peptides is subjected to chromatography-mass spectrometry analysis.
The noise generated during the pipeline of work, from sampling to mass spectrometry, makes
shot-gun proteomics challenging to compare samples, extract meaningful information and de-
rive accurate conclusions. The ultimate tools to overcome this challenge of variability in shot-
gun proteomics workflows are the so-called normalization methods [4-6].

Normalization is a method used to adjust the data obtained from different samples, platforms,
or batches to remove unwanted variability and enhance comparability between the datasets.
It involves applying a mathematical correction to the data to reduce the effects of systematic
technical variation and other sources of bias. The choice of normalization method depends on
the nature of the data and the research question at hand [7-9]. However, this choice is not as
simple as it seems at first glance. The importance of selecting an appropriate normalization
method is critical to obtain well-grounded results. Therefore, selecting the optimal way to nor-
malize data has important implications, as it significantly impacts downstream analyses, deliv-
ering different results depending on the normalization method selected [1,10,11]. Although
several studies have evaluated different proteome normalization approaches, primarily focus-
ing on their ability to enhance data repeatability, there is no consensus about which normali-
zation method must be used, or whether the use is conditioned by the number of groups or
the number of samples in each group [10,12-15].

There are several normalisation methods, but the most popular ones include Z-score
normalization, median divide normalization, and quantile normalization. The z-score normali-
zation method creates an induced normal matrix by subtracting to each protein in each sample
their respective median across all samples in the dataset and then dividing each protein value
by the standard deviation of the respective protein across all samples. This process forces the
dataset to follow a normal distribution, which can improve the accuracy of downstream statis-
tical analyses. By normalizing the data in this way, the z-score normalization method can ad-
dress variations in the data, making it a valuable tool for data normalization in proteomic stud-
ies [10]. The median divide normalization approach involves dividing all results by the median,
which reduces the impact of bias caused by equipment variations and makes the data more
comparable to other assays. This method is particularly useful when dealing with large datasets
that are collected over time and across different batches, as it reduces the variation in the data
introduced by the technical aspects of the assay. The median divide normalization method is a
reliable approach for comparing protein expression levels between different samples and pro-

vides an accurate representation of the overall distribution of the data. However, this method
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may not be appropriate for datasets with extreme values or when most values are close to zero
[7]. The quantile normalization involves substituting the value of each data point in a sample
with the mean of the corresponding quantile, thereby modifying the data distribution of each
sample to be identical. This normalization method is particularly useful for comparing samples
with different distributions. By standardizing the distribution of each sample, quantile normal-
ization can improve the accuracy and reproducibility of downstream analyses, such as differ-
ential expression analysis and pathway analysis [6,16,17].

In a previous work [18], we applied Z-Score normalization and the Total Protein Ap-
proach (TPA) to proteomic data derived from renal carcinoma solid biopsies. Thus, near adja-
cent tissue (NAT), Papillary Renal Cell Carcinoma (pRCC), Clear Cell Renal Carcinoma (ccRCC),
Chromophobe Renal Cell Carcinoma (chRCC) and Renal Oncocytoma (RO), samples were in-
terrogated with the main aim of obtaining new immunohistochemical markers for diagnosis
and prognosis. The best biomarkers found via mass spectrometry, namely perilipin-2 (PLIN2),
beta-tubulin Il (TUBB3), lysosomal-associated membrane protein-1 (LAMP1) and hexokinase-
1 (HK1) were later successfully validated using tissue microarrays.

In the present work, the complete mass spectrometry datasets obtained for the different
types of renal carcinomas and NAT are interrogated using bioinformatic pipelines differing
only in the selected normalization methods, namely Z-score, median divide and quantal nor-
malization. Selecting these specific tumour types allows for a comprehensive analytical assess-
ment of the normalization methods in a clinically relevant context. Through this evaluation, we
aim to provide insights into the selection process of appropriate normalization techniques that
can enhance the accuracy and reproducibility of proteomic analyses in tumour research. The

results obtained were compared with those previously validated using tissue microarrays.

5.3 Experimental Section

5.3.1 Patients and sample collection

The experimental workflow developed to interrogate the renal carcinoma and the NAT
tissue samples, along with the extended study design and patient sampling collection is de-
scribed elsewhere [19], furthermore the validation of the biomarkers found using tissue micro-

arrays is also described elsewhere [18] A brief patient summary is provided in Table 5-1.
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5.3.2 Mass spectrometry raw data

This study used frozen tissue biopsies of human renal tissues from four different tumour
types (ccRCC, chRCC, pRCC, and RO) and a control group (NAT). The samples were properly
treated and analysed by mass spectrometry to identify and quantify the protein expression
levels [19]. Mass spectrometry raw data was accessed in ProteomeXchange Consortium [20]
using the Proteomics IDentications Database (PRIDE) [21] with the unique identifier
PXD023296.

5.3.3 Identification and quantification of proteins

Protein identification and relative label-free quantification (LFQ) was newly performed
used the previous described raw data using the precursor signal intensity method and delayed
normalization, MaxLFQ, on MaxQuant software V2.0.3.0 [12]. All raw files were processed in a
single run with default parameters [22,23]. Database searches were performed using peptide
search engine Andromeda against the human UniProt UP000005640_9606 and UniProt
UP000005640_9606_additional database[24]. Searches were configured with cysteine carbam-
idomethylation as a fixed modification and A-terminal acetylation and methionine oxidation
as variable modifications. We set the false discovery rate (FDR) to 0.01 for protein and peptide
levels with a minimum length of seven amino acids. The FDR was determined by searching a
reverse database. Trypsin enzyme specificity was set as C-terminal to arginine and lysine with

a maximum allowance of two missed cleavages.

5.3.4 Bioinformatics data processing

Bioinformatic data processing was conducted using Perseus V1.6.0 [25,26] as explained
in Fig.5-2B. Briefly, the data processing can be roughly divided into stages: (i) Elimination of
protein groups that were reversely identified or only identified by site from the list of proteins;
(i) Annotation of sample condition and technical replicates; (iii) Transformation of LFQ inten-
sities into Log(2x) value to lessen the impact of outliers and to understand the protein changes
proportional across the conditions; and finally (iv) Proteins were filtered so that they were at
least present in 70% of the samples in at least one of the created groups and the remaining
missing values were imputed according with the respective sample normal distribution with a
width of 0.3 and down shift of 1.8.
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5.3.5 Bioinformatic data analysis and normalization comparisons

Bioinformatic data analysis was carried out in Perseus V1.6.0 [25,26] as explained in
Fig.5-2C in which the analytical comparison of three different types of commonly used normal-
izations was conducted (Z-Score normalization, Median divide normalization and Quantile nor-
malization). Z-Score and Median divide normalization were obtained using the standard tools
in Perseus while Quantile normalization was acquired by using the R package limma add-on
for Perseus [27,28]. To access the impact of normalization, the NAT (control group) data set of
protein expression was compared with the renal tumours using the three different types of
normalization. The number of proteins whose levels were found to be statistically different
between the group comparison were accessed by using a volcano plot analysis (Student’s t
test, FDR 0.05 and So of 0.1). Finally, all the datasets were compared together for each type of
normalization using a Multisample Test ANOVA with a FDR of 0.05. All comparison resulting in
statistically different proteins were used respectively in a hierarchical clustering analysis with
an average linkage, no constraint, pre-processing with k-means, and Euclidean distance. The
proteomic data was also processed (i) by comparing the NAT group of samples against two,
three or four tumour types at the same time, as shown in Fig.5-2 and (ii) by comparing each
tumour condition and the control group at a time, as shown in Fig.5-7. This approach was
adopted to ensure that the results would be consistent across different subtypes of renal tu-
mour and would be useful for researchers focusing on precision medicine.

These analytical approaches allowed for a comprehensive evaluation of the normaliza-
tion methods in terms of their ability to accurately identify significant proteins and their impact
on downstream analyses, such as differential expression analysis and pathway analysis. Enrich-
ment pathways analysis was carried out using the software platform Cytoscape v3.9.1 [29] and
the application StringApp [30] v2.0.0 for protein-protein analysis and biochemical pathway
analysis. Different types of databases for enrichment pathway analysis (GO biological process
[31], The Kyoto Encyclopedia of Genes and Genomes - KEGG [32], Reactome pathways [33])

were considered to access the impact of normalization on downstream analysis.
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Figure 5-2. Schematic representation of the data process applied to the proteomic data when comparing Neat
Adjacent Tissue, NAT (control group) against multiple renal tumour types. A. Type and number of tumours (descrip-
tion of patients is given in Table 5-1). B. Data treatment for the proteins quantified using the five datasets. C. Types
of normalization made: Z-Score, median divide, Quantile and types of comparisons done: Volcano plots, Cluster

analysis and Multisample Test Anova.

5.4 Results & Discussion

The data pre-processing steps were standardized across all normalization methods. A

detailed workflow of the pre-processing steps is illustrated in Fig.5-2 and Fig.5-7.

5.4.1 Comparing each type of renal carcinoma against NAT

After comparing the datasets in pairs, we tested three normalization methods. Our find-
ings revealed that both z-score normalization and quantile normalization produced similar re-
sults in terms of the number of statistically significant differentially expressed proteins through-
out all comparisons, as shown in Fig.5-3A-2D. However, quantile normalization consistently
identified a slightly higher number of proteins, depending on the carcinoma compared against
the near adjacent tissue, NAT. On the other hand, the median divide method consistently pro-

duced about 37% fewer differentially expressed proteins for all the pairs compared, as depicted
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in Fig.5-3. This trend was also observed for the down- and upregulated proteins as shown in
Fig.5-8.

In a previous study utilizing the same raw data, our team employed mass spectrometry to
identify four potential biomarkers: PLIN2, TUBB3, LAMP1, and HK1. The Z-score and Total Pro-
tein Approach (TPA) were utilized for this purpose, and these markers are depicted in Fig.5-8.
TPA is a label-free mass spectrometry method developed by Wisniewski et al. [34,35] that en-
ables the measurement of absolute expression levels of numerous proteins without the need
for standards.

Using TPA, we were able to highlight these potential biomarkers, and their validity was

subsequently confirmed through immunohistochemical tissue arrays [18]. Interestingly, in our
current study, we observed statistically significant differential expression for the same proteins
across all three normalization methods employed, with similar p-values. This suggests that
when a protein exhibits high significance, it will be consistently identified as significant regard-
less of the specific normalization method used.
These findings emphasize the robustness and reliability of the identified biomarkers and sup-
port the notion that they are biologically relevant. It further reinforces the notion that the
choice of normalization method does not significantly impact the detection of highly signifi-
cant proteins.

Furthermore, we compared the top 100 proteins with the highest log P-values across
the three normalization methods in all two-group comparisons. We found that the z-score and
quantile normalization methods had 94 proteins in common, while the median method shared
86 and 84 proteins with the z-score and the quantile methods, respectively. These results sug-
gest that the z-score and quantile normalization methods may be more consistent with each
other in identifying highly differentially expressed proteins, while the median method may

identify a slightly different set of proteins.
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Figure 5-3. Comparison of the numbers of proteins found statistically differentially expressed using each normali-
zation method when comparing the near adjacent tissue (NAT) against each renal tumour type. Each column rep-
resents the volcano plots obtained using one normalization method: A. Z-score; B. Quantile; C. Median. Each row
shows the comparison by pairs (Volcano plot, according to Student’s t test, FDR 0.05 and So of 0.1, red dots: over-

expressed proteins in NAT; blue dots overexpressed proteins in tumours). chRCC: chromophobe renal cell
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carcinoma; ccRCC: clear cell renal cell carcinoma; pRCC papillary renal cell carcinoma; RO: Renal oncocytoma. D:
column summarizes the common and uncommon proteins found among pair comparisons for each normalization

method.

5.4.2 Comparison of the two, three and four renal carcinomas at a time
against NAT

Our next step was to compare the tumours datasets in groups of 2, 3 and 4 against
NAT. Proteins for further processing were selected if they were found in any dataset in at least
70% of the replicates. Focusing on the results obtained comparing the four neoplasia’s datasets
against NAT (Fig.5-4A) it can be concluded that when the comparison is not made in pairs, the
numbers of proteins found to be statistically different is almost the same (i.e., 1075, 1086 and
1034 for the Z-score, the quantile and the median divide, respectively). In addition, 1008 of all
the proteins were identified with any normalization method. The same patterns were repeated

comparing three or two tumours against NAT, Fig.5-4A respectively.

A 5 DataSets 4 DataSets 3 DataSets
Z-Score Median Z-Score Median Z-Score Median
2
2 if: 12 i
°
s 11 13 6 14 7 30
1=
S 1008 932 853
i
< 49 6 44 8 50 4
»
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Figure 5-4. Proteins found statistically differentially expressed using the comparison of: A. 5 datasets: All tumours
against NAT; 4 datasets chRCC, ccRCC and RO tumours against NAT and 3 datasets: ccRCC and RO against NAT.

B: Hierarchical clusters were performed by using proteins that were found to be statistically different using each
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normalization method when comparing all tumours against NAT (average linkage, no constraint, pre-processing
with k-means, and Euclidean distance, n=25).

These results suggest that the choice of normalization method did not have a substan-
tial impact on the number of differentially expressed proteins identified when datasets are not
compared in pairs, as explained in the previous section. This is due to the fact that the
MaxQuant statistics varied differently, from comparing pairs to comparing three or more da-
tasets, so the differences were not on the same scale as those observed when comparing da-
tasets in pairs, as shown in the previous section.

To cluster the samples, we exploited the differentially expressed proteins identified by
each normalization method using the five datasets. As noted in Fig.5-4B, we found that three
distinct clusters were formed regardless of the normalization method. The tumours pCRR and
ccRCC were grouped together in the first cluster, while RO and chRCC formed a distinct cluster
in the second. The third one was NAT tissue. Notably, we observed that the proteomic expres-
sions of RO and chRCC tumours were more similar to NAT than to pRCC and ccRCC.

When the differentially expressed proteins were analysed to extract those whose levels
make them unique for just one type of carcinoma, the number of proteins was 178, regardless
of the normalization process, as depicted in Fig.5-5A. Furthermore, we also found that 174 out
of these 178 biomarkers were present in our previous work [18], including the four biomarkers
validated by us using immunohistochemistry. These results suggest that the choice of normal-

ization method has a negligible impact on the identification of specific biomarkers.
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Figure 5-5. Comparison of candidate biomarkers for each renal tumour subtype across all different type of data

normalization. A. Biomarkers found in this work for each normalization method versus those found in our previous
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work [218]. B. Biomarkers proposed in our previous work (Fig.5-8) found with each normalization method in the
present work. Note that for all of them the standard deviations of the normalized LFQ values overlap.

5.4.3 Comparison of the best biomarkers for /mmunohistochemistry

In a previous work we recommended several proteins as new potential biomarkers for
immunohistochemistry (Fig.5-9). These proteins were first identified using mass spectrometry
(LFQs) and then with TPA. Of these proteins, those represented in grey in Fig.5-5B were selected
in the previous work because the standard deviations did not overlap. These proteins were
later validated against tissue arrays [18].

When we used the levels obtained through each normalization method for each protein
to identify statistically significant proteins, we obtained two interesting results. Firstly, the three
normalization methods delivered almost the same results, but they differed substantially from
those obtained using TPA as described above. As shown in Fig.5-5B, proteins PLIN2, TUBB3,
and HK1 would have never been identified as the best potential biomarkers because the stand-
ard deviations overlap each other (Fig.5-5). This unexpected result highlights the need to re-

evaluate how data is treated and the importance of TPA in biomarker discovery.

5.4.4 Exploring the impact of normalization methods on identifying main

pathways affected in renal tumours

To determine whether the identified dysregulated pathways changed as a function of
the selected normalization method, we used the set of proteins found to be dysregulated when
the five different datasets were compared. Then, through this data set, using an ANOVA test,
we compared the proteins differentially expressed between NAT and chRCC.

Fig.5-6 shows the 10 most important (as per p-value) dysregulated pathways for (i) GO
biological process, (i) KEGG, and (iii) Reactome pathways. The results show that for the GO
biological processes the first 7 pathways affected are the same, with no variations nor in the
p-value, neither in the number of proteins involved, thus showing no differences in the nor-
malization methods. For the KEGG, the Z-score and the quantile normalizations were found
more consistent between them than when compared to the median, as they have the same
top-10 pathways. For the Reactome pathways, the three normalization methods were found to

provide similar results.
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Figure 5-6. Comparison of Top-10 pathways differentially expressed when chRCC is compared against NAT as per
the proteins differentially expressed found with each normalization method. A. Z-score; B. Quantile; C. Median.

Databases used for pathway enrichment analysis were Go biological processes, KEGG and Reactome.
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5.5 Conclusions

When comparing two groups of datasets, such as healthy versus diseased samples, the
Z-score normalization and the quantile methods tend to yield a higher number of differentially
expressed proteins compared to the median normalization method. Thus, in these cases, we
recommend using the Z-score normalization method. However, when comparing a larger num-
ber of datasets groups (3, 4, or 5), the differences in terms of proteins and biochemical path-
ways statistically different among the three normalization methods are negligible, and any can
be selected. Interestingly, our findings show that four biomarkers, previously identified using
the z-score normalization (LFQs) in combination with the TPA approach, and later validated
with immunohistochemistry [18], could not have been easily highlighted using any of the nor-
malisation methods assessed in this study. This discovery opens new avenues of research in
biomarker discovery as it emphasises the TPA approach as a powerful tool in biomarker dis-

covery.

5.6 Supplementary material

5.6.1 Supplementary data

The mass spectrometry proteomics data have been deposited to the ProteomeXchange

Consortium via the PRIDE [21] partner repository with the dataset identifier PXD023296.

5.6.2 Supplementary figures & tables

Table 5-1. Description of human kidney biopsies used in the study. RCC: renal cell carcinoma; NAT: normal adjacent
tissue; chRCC: chromophobe renal cell carcinoma; RO: renal oncocytoma; pRCC: papillary renal cell carcinoma;
ccRCC: clear cell renal cell carcinoma. Patient data collection and sample treatment was performed on a previous
study [19].

Biopsy Age (Years) Gender Diagnosis Sample Type
N1 54 Male RCC NAT
N2 49 Female Papillary NAT
N3 58 Female RCC NAT
N4 72 Female RCC NAT
N5 70 Male RCC NAT
Cé6 73 Male RCC chRCC
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Cc7 67 Female RCC chRCC
C8 71 Male RCC chRCC
9 58 Female RCC chRCC
C10 81 Male RCC chRCC
Oo11 80 Male RCC RO
012 69 Female RCC RO
013 63 Male RCC RO
014 62 Female RCC RO
015 55 Female RCC RO
P16 51 Female RCC pRCC
P17 66 Male RCC pRCC
P18 75 Male RCC pRCC
P19 87 Male RCC pRCC
P20 69 Male RCC pRCC
CC21 50 Male RCC ccRCC
CCc22 68 Male RCC ccRCC
cczs3 60 Male RCC ccRCC
CC24 68 Female RCC ccRCC
CC25 58 Male RCC ccRCC
CC26 42 Female RCC ccRCC
cca7 58 Female RCC ccRCC
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column summarizes the common and uncommon proteins found among pair comparisons for each normalization

method for all the statistically different dysregulated, upregulated and downregulated proteins.
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Figure 5-9. TPA-based concentrations of potential biomarkers for each renal carcinoma tumour subtype. Absolute
protein concentration expressed in pmol/mg of total protein was calculated with the TPA method [35]. Image re-

produced from paper [18].

5.7 Contributions & Aknowledgements

5.7.1 Author contributions

J.L.C., HM.S,, and L.B.C. designed the bioinformatics pipelines. L.B.C. and P.A.D.T.C. per-
formed the bioinformatics analysis. J.L.C drafted the first manuscript. P.AD.T.C, H. M. S, LB.C,,
R.D. JW., CL, LM. and M.P. read the final draft, corrected it and made valuable suggestions.
R.D. provided the solid biopsies, and J.W. helped with the total protein approach. S.J. made the
proteomics sample treatment and H.M.S. acquire the raw LC-MS/MS data.

Luis B. Carvalho | NOVA University 125



PhD Thesis | Chapter 5 | LC-MS/MS Data Processing & Normalization

5.7.2 Acknowledgements

PROTEOMASS Scientific Society is acknowledged by the funding provided to the La-
boratory for Biological Mass Spectrometry Isabel Moura (#PM001/2019 and #PM003/2016).
Authors acknowledge the funding provided by the Associate Laboratory for Green Chemistry
- LAQV which is financed by national funds from FCT/MCTES, Fundacdo para a Ciéncia e a
Tecnologia and Ministério da Ciéncia, Tecnologia e Ensino Superior, through the projects
UIDB/50006/2020 and UIDP/50006/202). H. M. S. acknowledges LAQV (LA/P/0008/2020)
funded by FCT/MCTES for his research contract. L. B. C. thanks the FCT/MEC for the FCT PhD
grant 2019 (SFRH/BD/144222/2019). S. J. thanks FCT/MEC (Portugal) for her PhD grant refer-
ence SFRH/BD/120537/2016. This project utilized the University of Pittsburgh Hillman Cancer
Center shared resource facilities (Cancer Genomics Facility and The Health Science Tissue Bank)

supported in part by award P30CA047904 (Dr. R. Dhir).

5.8 References

[1] E. Dubois, A.N. Galindo, L. Dayon, O. Cominetti, Assessing normalization methods in
mass spectrometry-based proteome profiling of clinical samples, Biosystems. 215-216 (2022)
104661. https://doi.org/10.1016/j.biosystems.2022.104661.

[2] B.J.A. Mertens, Transformation, normalization, and batch effect in the analysis of mass
spectrometry data for omics studies, in: Statistical Analysis of Proteomics, Metabolomics, and
Lipidomics Data Using Mass Spectrometry, Springer International Publishing, Cham, 2017: pp.
1-21. https://doi.org/10.1007/978-3-319-45809-0_1.

[3] A.M. De Livera, M. Sysi-Aho, L. Jacob, J.A. Gagnon-Bartsch, S. Castillo, J.A. Simpson, T.P.
Speed, Statistical methods for handling unwanted variation in metabolomics data, Anal Chem.
87 (2015) 3606—-3615. https://doi.org/10.1021/ac502439y.

[4] A. Chawade, E. Alexandersson, F. Levander, Normalyzer: A tool for rapid evaluation of
normalization methods for omics data sets, J Proteome Res. 13 (2014) 3114-3120.
https://doi.org/10.1021/pr401264n.

[5] Y.V Karpievitch, A.R. Dabney, R.D. Smith, Normalization and missing value imputation
for label-free LC-MS analysis, BMC Bioinformatics. 13 (2012) S5. https://doi.org/10.1186/1471-
2105-13-S16-S5.

126 Luis B. Carvalho | NOVA University



PhD Thesis | Chapter 5 | LC-MS/MS Data Processing & Normalization

(6] B.M. Bolstad, R.A. Irizarry, M. Astrand, T.P. Speed, A comparison of normalization meth-
ods for high density oligonucleotide array data based on variance and bias, Bioinformatics. 19
(2003) 185-193. https://doi.org/10.1093/bioinformatics/19.2.185.

[7] S.J). Callister, R.C. Barry, J.N. Adkins, E.T. Johnson, W. Qian, B.-J.M. Webb-Robertson, R.D.
Smith, M.S. Lipton, Normalization approaches for removing systematic biases associated with
mass spectrometry and label-free proteomics, J Proteome Res. 5 (2006) 277-286.
https://doi.org/10.1021/pr050300lI.

[8] K. Kultima, A. Nilsson, B. Scholz, U.L. Rossbach, M. Félth, P.E. Andrén, Development and
evaluation of normalization methods for label-free relative quantification of endogenous pep-
tides, Molecular & Cellular Proteomics. 8 (2009) 2285-2295.
https://doi.org/10.1074/mcp.M800514-MCP200.

[9] T. Valikangas, T. Suomi, L.L. Elo, A systematic evaluation of normalization methods in
quantitative label-free proteomics, Brief Bioinform. (2016) bbw095.
https://doi.org/10.1093/bib/bbw095.

[10]  B.-J.M. Webb-Robertson, M.M. Matzke, J.M. Jacobs, J.G. Pounds, KM. Waters, A statis-
tical selection strategy for normalization procedures in LC-MS proteomics experiments
through dataset-dependent ranking of normalization scaling factors, Proteomics. 11 (2011)
4736-4741. https://doi.org/10.1002/pmic.201100078.

[11]  A. Chawade, M. Sandin, J. Teleman, J. Malmstrom, F. Levander, Data processing has
major impact on the outcome of quantitative label-free LC-MS analysis, J Proteome Res. 14
(2015) 676-687. https://doi.org/10.1021/pr500665;.

[12]  J. Cox, M.Y. Hein, C.A. Luber, I. Paron, N. Nagaraj, M. Mann, Accurate proteome-wide
label-free quantification by delayed normalization and maximal peptide ratio extraction,
termed MaxLFQ, Molecular & Cellular Proteomics. 13 (2014) 2513-2526.
https://doi.org/10.1074/mcp.M113.031591.

[13] B. Zhang, L. Kall, R.A. Zubarev, DeMix-Q: Quantification-centered data processing work-
flow, Molecular & Cellular Proteomics. 15 (2016) 1467-1478.
https://doi.org/10.1074/mcp.0115.055475.

[14]  A. Pursiheimo, A.P. Vehmas, S. Afzal, T. Suomi, T. Chand, L. Strauss, M. Poutanen, A.
Rokka, G.L. Corthals, L.L. Elo, Optimization of statistical methods impact on quantitative prote-
omics data, J Proteome Res. 14 (2015) 4118-4126. https://doi.org/10.1021/acs.jprote-
ome.5b00183.

[15] D.L. Tabb, L. Vega-Montoto, P.A. Rudnick, A.M. Variyath, A.-J.L. Ham, D.M. Bunk, L.E.
Kilpatrick, D.D. Billheimer, R.K. Blackman, H.L. Cardasis, S.A. Carr, K.R. Clauser, J.D. Jaffe, KA.

Luis B. Carvalho | NOVA University 127



PhD Thesis | Chapter 5 | LC-MS/MS Data Processing & Normalization

Kowalski, T.A. Neubert, F.E. Regnier, B. Schilling, T.J. Tegeler, M. Wang, P. Wang, J.R. Whiteaker,
L.J. Zimmerman, S.J. Fisher, BW. Gibson, C.R. Kinsinger, M. Mesri, H. Rodriguez, S.E. Stein, P.
Tempst, A.G. Paulovich, D.C. Liebler, C. Spiegelman, Repeatability and reproducibility in prote-
omic identifications by liquid chromatography—tandem mass spectrometry, J Proteome Res. 9
(2010) 761-776. https://doi.org/10.1021/pr9006365.

[16]  B.Bolstad, preprocessCore: A collection of pre-processing functions. R package version
1.62.0, (2023).

[17]1 Y. Zhao, L. Wong, W.W. Bin Goh, How to do quantile normalization correctly for gene
expression data analyses, Sci Rep. 10 (2020) 15534. https://doi.org/10.1038/s41598-020-
72664-6.

[18] S.Jorge, J.L. Capelo, W. LaFramboise, S. Satturwar, D. Korentzelos, S. Bastacky, G. Qui-
roga-Garza, R. Dhir, J.R. Wisniewski, C. Lodeiro, H.M. Santos, Absolute quantitative proteomics
using the total protein approach to identify novel clinical immunohistochemical markers in
renal neoplasms, BMC Med. 19 (2021) 196. https://doi.org/10.1186/s12916-021-02071-9.

[19] S.Jorge, J.L. Capelo, W. LaFramboise, R. Dhir, C. Lodeiro, H.M. Santos, Development of
a robust ultrasonic-based sample treatment to unravel the proteome of OCT-embedded solid
tumor biopsies, J Proteome Res. 18 (2019) 2979-2986. https://doi.org/10.1021/acs.jprote-
ome.9b00248.

[20] E.W. Deutsch, A. Csordas, Z. Sun, A. Jarnuczak, Y. Perez-Riverol, T. Ternent, D.S. Camp-
bell, M. Bernal-Llinares, S. Okuda, S. Kawano, R.L. Moritz, J.J. Carver, M. Wang, Y. Ishihama, N.
Bandeira, H. Hermjakob, J.A. Vizcaino, The ProteomeXchange consortium in 2017: supporting
the cultural change in proteomics public data deposition, Nucleic Acids Res. 45 (2017) D1100-
D1106. https://doi.org/10.1093/nar/gkw936.

[21] Y. Perez-Riverol, J. Bai, C. Bandla, D. Garcia-Seisdedos, S. Hewapathirana, S. Kamatchi-
nathan, D.J. Kundu, A. Prakash, A. Frericks-Zipper, M. Eisenacher, M. Walzer, S. Wang, A. Brazma,
J.A. Vizcaino, The PRIDE database resources in 2022: a hub for mass spectrometry-based pro-
teomics evidences, Nucleic Acids Res. 50 (2022) D543-D552.
https://doi.org/10.1093/nar/gkab1038.

[22] J. Cox, M. Mann, MaxQuant enables high peptide identification rates, individualized
p.p.b.-range mass accuracies and proteome-wide protein quantification, Nat Biotechnol. 26
(2008) 1367-1372. https://doi.org/10.1038/nbt.1511.

[23] S.Tyanova, T. Temu, A. Carlson, P. Sinitcyn, M. Mann, J. Cox, Visualization of LC-MS/MS
proteomics data in MaxQuant, Proteomics. 15 (2015) 1453-1456.
https://doi.org/10.1002/pmic.201400449.

128 Luis B. Carvalho | NOVA University



PhD Thesis | Chapter 5 | LC-MS/MS Data Processing & Normalization

[24] ). Cox, N. Neuhauser, A. Michalski, R.A. Scheltema, J. V. Olsen, M. Mann, Andromeda: A
peptide search engine integrated into the MaxQuant environment, J Proteome Res. 10 (2011)
1794-1805. https://doi.org/10.1021/pr101065j.

[25] S. Tyanova, T. Temu, P. Sinitcyn, A. Carlson, M.Y. Hein, T. Geiger, M. Mann, J. Cox, The
Perseus computational platform for comprehensive analysis of (prote)omics data, Nat Meth-
ods. 13 (2016) 731-740. https://doi.org/10.1038/nmeth.3901.

[26]  S. Tyanova, J. Cox, Perseus: A bioinformatics platform for integrative analysis of prote-
omics data in cancer research, in: 2018: pp. 133-148. https://doi.org/10.1007/978-1-4939-
7493-1_7.

[27]  S.Yu, D. Ferretti, J.P. Schessner, J.D. Rudolph, G.H.H. Borner, J. Cox, Expanding the per-
seus software for omics data analysis with custom plugins, Curr Protoc Bioinformatics. 71
(2020). https://doi.org/10.1002/cpbi.105.

[28] M.E. Ritchie, B. Phipson, D. Wu, Y. Hu, CW. Law, W. Shi, G.K. Smyth, limma powers dif-
ferential expression analyses for RNA-sequencing and microarray studies, Nucleic Acids Res.
43 (2015) e47—-e47. https://doi.org/10.1093/nar/gkv007.

[29] P. Shannon, A. Markiel, O. Ozier, N.S. Baliga, J.T. Wang, D. Ramage, N. Amin, B. Schwik-
owski, T. Ideker, Cytoscape: A software environment for integrated models of biomolecular
interaction networks, Genome Res. 13 (2003) 2498-2504. https://doi.org/10.1101/gr.1239303.
[30] N.T. Doncheva, J.H. Morris, J. Gorodkin, L.J. Jensen, Cytoscape StringApp: Network anal-
ysis and visualization of proteomics data, J Proteome Res. 18 (2019) 623-632.
https://doi.org/10.1021/acs.jproteome.8b00702.

[31]  The Gene Ontology Resource: 20 years and still GOing strong, Nucleic Acids Res. 47
(2019) D330-D338. https://doi.org/10.1093/nar/gky1055.

[32] M. Kanehisa, M. Furumichi, M. Tanabe, Y. Sato, K. Morishima, KEGG: new perspectives
on genomes, pathways, diseases and drugs, Nucleic Acids Res. 45 (2017) D353-D361.
https://doi.org/10.1093/nar/gkw1092.

[33] A Fabregat, S. Jupe, L. Matthews, K. Sidiropoulos, M. Gillespie, P. Garapati, R. Haw, B.
Jassal, F. Korninger, B. May, M. Milacic, C.D. Roca, K. Rothfels, C. Sevilla, V. Shamovsky, S.
Shorser, T. Varusai, G. Viteri, J. Weiser, G. Wu, L. Stein, H. Hermjakob, P. D'Eustachio, The reac-
tome pathway knowledgebase, Nucleic Acids Res. 46 (2018) D649-D655.
https://doi.org/10.1093/nar/gkx1132.

[34]  J.R.Wisniewski, M.Y. Hein, J. Cox, M. Mann, A "proteomic ruler” for protein copy number
and concentration estimation without spike-in standards, Molecular & Cellular Proteomics. 13
(2014) 3497-3506. https://doi.org/10.1074/mcp.M113.037309.

Luis B. Carvalho | NOVA University 129


https://doi.org/10.1074/mcp.M113.037309

PhD Thesis | Chapter 5 | LC-MS/MS Data Processing & Normalization

[35]  J.R. Wisniewski, Label-free and standard-free absolute quantitative proteomics using
the “total protein” and “proteomic ruler” approaches. Methods in Enzymology, 585, 2017,
Pages 49-60, https://doi.org/10.1016/bs.mie.2016.10.002.

130 Luis B. Carvalho | NOVA University



PhD Thesis | Chapter 6 | Bladder Cancer Protein Networks

BIOCHEMICAL NETWORK ANALYSIS OF PRO-
TEIN-PROTEIN INTERACTIONS TO FOLLOW-
UP T1 BLADDER CANCER PATIENTS

Luis B. Carvalho, José Luis Capelo Martinez, Carlos Lodeiro, Rafael Bento, Rajiv Dhir, Jeremiah

J. Morrissey, Luis Campos Pinheiro, Mariana Medeiros, Hugo M. Santos

Journal of Proteomics 278 (2023) 104865
Doi: 10.1016/j.jprot.2023.104865

Bladder cancer urine

& MPO
- sample collection and treatment 2 *kkk
A& ‘é
| -
i _56,15 ]
. i 10 . . \
& Proteomic Recurrence  No recurrence
e data integration

B bl

s R i — "*
" < .f: R ﬁ
arte, )
"o

Bottom-up &‘ ®
proteomic approach 3

Figure 6-1. Graphical abstract.

Luis B. Carvalho | NOVA University 131



PhD Thesis | Chapter 6 | Bladder Cancer Protein Networks

6.1 Abstract

Bladder cancer (BCa) is a prevalent disease with a high risk of aggressive recurrence in
T1-stage patients. Despite the efforts to anticipate recurrence, a reliable method has yet to be
developed. In this work, we employed high-resolution mass spectrometry to compare the
urinary proteome of T1-stage BCa patients with recurring versus non-recurring disease to un-
cover actionable clinical information predicting recurrence. All patients were diagnosed with
T1-stage bladder cancer between the ages of 51 and 91, and urine samples were collected
before medical intervention. Our results suggest that the urinary myeloperoxidase to cubilin
ratio could be used as a new tool for predicting recurrence and that dysregulation of the in-
flammatory and immune systems may be a key driver of disease worsening. Furthermore, we
identified neutrophil degranulation and neutrophil extracellular traps (NETs) as key pathways
in the progression of T1-stage BCa. We propose that proteomics follow-up of the inflammatory

and immune systems may be useful for monitoring the effectiveness of therapy.

6.2 Introduction

Precision medicine, which tailors treatment to the individual patient, is becoming increas-
ingly important. One way to achieve this is through the use of personalized proteogenomics,
which looks at the unique proteins and genetic information of each patient rather than group-
ing and pooling data from multiple patients. [1]. This approach allows for more accurate diag-
nosis and treatment, as it considers each patient's unique characteristics. Precision medicine
can retrieve unprecedented levels of biological information by combining robust fast-sample
treatment protocols, high-resolution mass spectrometry, and bioinformatics [2]. Furthermore,
the use of mass spectrometry-based multiple reaction monitoring has made possible the large-
scale validation of candidates as it has never been seen before, thus ensuring the correctness
and applicability of the clinical information retrieved from each patient [3].

BCa is the ninth most common neoplasm, second in incidence and mortality of the gen-
itourinary system [4]. Literature shows that BCa has a high incidence, progression, and recur-
rence rates. Therefore, it is extremely important to monitor BCa patients, especially those with
high-risk tumors, which require frequent and invasive examination procedures [5]. Urinary cy-
tology and cystoscopy are the current gold standard tools to diagnose BCa. However, cystos-
copy is an invasive examination with a high burthen for the patient due to pain, bleeding,

urinary tract infections and other complications. On the other hand, Cytology is a non-invasive
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test that can identify tumor cells shed in the urine. It is simple to use and inexpensive, but it
has low sensitivity and low diagnostic efficiency [6]. Much effort has been made to diagnose
and prognose BCa patients using DNA, RNA, or proteins, focusing on solid or liquid biopsies
(blood-derived samples) [7]. Despite the valuable information the urinary proteome carries,
this liquid biopsy remains to be further explored to disclose new features about BCa.

The clinical outcome of individuals with T1-stage BCa with a high incidence of recurrence and
progression is highly variable. The aetiology behind T1-stage BCa aggressiveness remains un-
clear [8]. Early and accurate diagnosis of T1-stage BCa that will recur or progress is now a
significant challenge in treating patients with BCa.

In this work, the urinary proteome of T1-stage BCa with and without recurrence was
interrogated via high-resolution mass spectrometry and bioinformatics to unveil prognosis
signatures. Herein, we present the myeloperoxidase to cubilin ratio as a potential indicator of
recurrence, and we propose to flag the course of BCa patients following the changes in the
information related to the immune and inflammatory systems encoded in the urinary prote-

ome.

6.3 Experimental Section

6.3.1 Patients

Mid-stream second void urine specimens were collected from 30 patients, all male, di-
agnosed with T1-stage BCa, ranging between 51 to 91 years. Urine samples were collected
before the medical intervention, and T1-stage BCa diagnosis was assessed by pathological ex-
amination. Exclusion criteria: (1) unclear BCa diagnosis, (2) urinary cancer history, (3) HIV af-
fected, and (4) organ transplant receivers or in recent chemo/radiotherapy (last six months).

Further information is given in Table 6-1.

6.3.2 Urine collection and preservation

Mid-stream second void morning urine samples (30 ml) were collected in centrifuge
tubes containing 38 mg of boric acid (Sigma-Aldrich) to prevent bacterial growth. Urine sam-
ples were placed on ice and were processed within the first two hours after collection. Samples
were centrifuged for 20 min at 5000 g to remove cell debris and divided into 10 mL aliquots,
and these aliquots were stored at -80 °C until further processing. The urinary proteome was

concentrated by ultrafiltration from 10 mL to a final volume of c.a 300 pL using VivaSpin 15R
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(cut-off 10kDa, Sartorious) at 5000 g for 20 min. The concentrated urinary proteomes were
quantified for total protein using the Bradford protein assay method with Bradford reagent
(Sigma-Aldrich) and Bovine Serum Albumin (BSA, Sigma-Aldrich) to perform the standard
curve. Each concentrated urine sample and BSA standard were measured in duplicate. (See

Fig.6-2 flow chart for further information).

6.3.3 Filter-Fided sample preparation.

Filter Aided Sample Preparation (FASP) was used for urinary proteome digestion using
a modified protocol [9]. Two technical replicates of each urine sample were prepared. Protein
amounts ranging from 50 to 100 pg of were diluted with milli-Q water to a final volume of 200
uL, and then 200 uL of 2 M urea (Sigma-Aldrich), 75 mM Tris-HCI pH 8.8 (Sigma-Aldrich), 100
mM NacCl (Sigma-Aldrich), 0.02% SDS (Sigma-Aldrich) was added. The resulting proteome so-
lution was loaded onto centrifugation filters of 500 yL with a 10,000 molecular weight cut-off
(MWCO). The urinary proteome onto the FASP membrane was washed with 200 pL of (8 M
urea+25 mM ammonium bicarbonate (AmBic)) solution and then centrifuged for 20 min at
14,000 x g. Then, the disulfide bonds within the proteins were reduced by adding 200 uL of 50
mM dithiothreitol (DTT) prepared in an (8 M urea+25 mM AmBic) and then incubated for 60
minutes at 37 °C. Then, the FASP membranes were centrifuged for 20 minutes at 14,000 x g.
Next, the samples were alkylated for 45 min in the dark by adding 100 pL 50 mM iodoacetam-
ide (IAA) prepared in (8 M urea+25 mM AmBic solution). After reduction, IAA was removed by
centrifugation for 20 minutes at14,000 x g, followed by two washings with 200 pL 25 mM Am-
Bic. Finally, protein digestion was done by adding 100 pL of 1:30 trypsin solution prepared in
12.5 mM AmBic. Protein digestion was proceeded overnight (approximately 16 hours) at 37 °C,
and the peptides were collected by centrifugation for 20 minutes at 14,000 x g. To ensure that
all the peptides were extracted, 100 uL of 3% (v/v) acetonitrile and 0.1% (v/v) formic acid was
added, followed by centrifugation for 20 minutes at 14,000 x g. This previous step was repeated
one more time, and then the peptides were transferred to a 500 uL microtube, dried, and stored

at -20 °C until further analysis by Nano-LC-MS/MS.

6.3.4 LC-MS/MS

LC-MS/MS analysis was performed using an Ultimate 3000 nano LC system in coupled
to an Impact HD (Bruker Daltonics) with a CaptiveSpray nanoBooster using acetonitrile as do-

pant. Peptides were resuspended in 100 uL of 3% (v/v) acetonitrile containing 0.1% (v/v)
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aqueous formic acid (FA). The samples were homogenized by 5 min on vortex followed by 10
min on an ultrasonic bath at 100% ultrasonic amplitude, 35 kHz. Afterward, samples were quan-
tified using a Pierce™ quantitative colorimetric peptide assay (Thermo Fisher Scientific). Fol-
lowing the previous step, 3 uL containing 563 ng of peptides were loaded onto a trap column
(Acclaim PepMap100, 5 pm, 100 A, 300 um i.d. x 5mm) and desalted for 5 min from 3% to 5%
B (B: 90% acetonitrile 0.08% FA) at a flow rate of 15 yL.min™". Then the peptides were separated
using an analytical column (Acclaim™ PepMap™ 100C18, 2 um, 0.075 mm i.d x 150 mm) with
a linear gradient at 300 nL.min™' (mobile phase A: aqueous FA 0.1% (v/v); mobile phase B 90%
(v/v) acetonitrile and 0.08% (v/v) FA) 5-90 min from 5% to 35% of mobile phase B, 90-100min
linear gradient from 35% to 95% of mobile phase B, 100-110 95% B. Chromatographic separa-
tion was carried out at 35 °C. The MS acquisition was set to cycles of MS (2 Hz), followed by
MS/MS (8-32 Hz), cycle time 3.0 s, with active exclusion (precursors were excluded from pre-
cursor selection for 0.5 min after the acquisition of 1 MS/MS spectrum; intensity threshold for
fragmentation of 2500 counts). Together with active exclusion set to 1, reconsider precursor if
the intensity of a precursor increases by a factor of 3; this mass was taken from temporarily
exclusion list and fragmented again, ensuring that fragment spectra were taken near to the

peak maximum. All spectra were acquired in the range 150-2200 m/z.

6.3.5 Bioinformatics

Relative label-free quantification (LFQ) was carried out using MaxQuant software
V1.6.0.16. All raw files were processed in a single run with default parameters [10]. Database
searches were performed using the Andromeda search engine against the UniProt
UP000005640_9606 database (20,600 sequences; 11,395,157 residues, downloaded on April 27
2021). Data processing was performed using Perseus software V1.6.15.0 using default settings
using the workflow depicted in Fig.6-2. Protein group LFQ intensities were log2-transformed,
and the quantitative profiles were filtered for missing values with the following settings: min
valid percentage of 50% in at least one group and values greater than 0. To overcome the
obstacle of missing LFQ values, missing values were imputed from the total matrix with width
= 0.5 and down-shift = 1.8 [11]. Log ratios were calculated as the difference in average log2
LFQ intensity values between the tested conditions (two-tailed, Student's t-test, permutation-
based FDR 0.05, and SO of 0.1). Perseus was also used to obtain clusters, using average linkage,
no constraint, pre-process with k-means, and Euclidean distance between column trees. Pro-

tein complex networks were integrated and visualized using Cytoscape V3.8.2 with the
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applications ClueGo V2.5.8, CluepediaV1.5.8, and StringApp V1.6.0. Reactome and biological

process go terms were used as ontologies databases [12].

{1 Urine Sample (2 FASP (3; LC-Ms/Ms (4 Bioinformatic (5! Precision
Handling analysis analysis oncology
— = | Clinical background
2 E ﬁ "’"’ = ] \ :\“‘. and medical outcome
EAE s _ _
Collection ‘\ ’} 'j s SRR 1 = Label-free
\/ Qq-TOF ! quantification &
N N | o=
Centrifugation o Filter Aided Sample Vo . R~
Preparation Steps: ] f - @ s %70
= .Cleaning . .
; .Reduction -, “ S i
.Alkylation " i i
Tresunes -Digestion Stausncal analysvs Profeomic ¢88

integration

Figure 6-2. Proteomics and bioinformatics workflow. 1. Urine sample collection pre-treatment and preservation. 2.
Filter-aided sample preparation (FASP). 3. LS-MS/MS analysis. 4. Bioinformatic and statistical analysis 5. Data inter-
pretation and correlation with a clinical background.

6.3.6 MPO in vitro Enzyme-Linked Immunosorbent Assay

Quantitative measurement of urinary MPO was performed using an in vitro ELISA kit from
Abcam (ab119605) following manufacturer instructions. The plate was read for absorbance at
450 nm using a CLARIOstar® High-Performance Monochromator Multimode from BMG LAB-
TECH within 30 min after adding the stop solution.

6.4 Results & Discussion

The clinical information of the patient cohort used in the study is presented in Table 6-1.
The comparison of the urine proteome of T1-stage BCa patients that had experienced recur-
rence (RG) versus patients that had not (NRG) is explained in a comprehensive flow-chart in
Fig.6-5. This comparison is presented in the format of a volcano plot in Fig.6-6. A set of 197
proteins differentially expressed between both groups was found. The bioinformatics analysis
of the set of 197 proteins, focusing on both single proteins and biochemical networks, showed
that (i) myeloperoxidase (MPO) was up-regulated (12.6 fold change and p-value = 0.0028) in
the RG group and (ii) cubilin (CUBN) was up-regulated (3.6 fold change and p-value = 0.0289)
in the NRG group. The variation in the levels of both proteins for each patient is presented in
Fig.6-3A, whilst the CUBN/MPOQ ratio is presented in Fig.6-3B. The orthogonal validation of the
MPO levels in urine was done using ELISA as shown in Fig.6-3G. The set of 197 proteins dysreg-

ulated between both groups of patients was used to obtain the biochemical networks
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dysregulated between RG and NRG. Such networks are shown in Fig.6-3H and |, displaying the
protein-protein interaction and network analysis focusing on the inflammation process. Finally,
the most interesting protein-protein interactions and biological functions addressed by 197

statistically significant proteins are integrated comprehensively in Fig.6-4.

6.4.1 CUBN to MPO ratio

As the bladder is in direct contact with the urine, we hypothesized that the urine pro-
teome of BCa patients should contain critical and diagnostic/prognostic information about the
disease. So far, we have studied the differences in the urinary proteome of BCa patients with
and without a background of recurrence and/or progression, as this stratification is significant
for medical treatment, and there is no current way to make it. The groups are called RG and
NRG, respectively. The comparison is presented as a volcano plot in Fig.6-6. In this comparison,
the myeloperoxidase (MPO) was found on the proteins most up-regulated in the RG group.
On the other hand, the same data showed cubilin (CUBN), and lipopolysaccharide-binding
protein 2 (LRP2) proteins down-regulated in the same group.

The MPO is a hemoprotein expressed by polymorphonuclear neutrophils, which is se-
creted during leucocyte degranulation in a cellular process that releases antimicrobial cytotoxic
or mediator molecules as a defense response to invading microorganisms. More precisely,
MPO catalyzes the conversion of H,O, to hypochlorous acid, an efficient intracellular bacterial
killer. In addition, it inactivates protease inhibitors, thus allowing lytic enzymes released from
neutrophils to degrade tissue matrix and foreign materials facilitating tumor growth [13].

Furthermore, MPO has been proposed recently as a marker of poor prognosis in the
lung [14] and ovarian carcinomas [15]. However, to the best of our knowledge, no studies re-
port MPO levels as a prognosis biomarker for BCa carcinoma. Our data in Fig.6-3A shows that
those patients experiencing recurrence and progression presented the highest levels of MPO.
In addition to MPO, the RG presented down-regulation of CUBN and LRP2. Remarkably, the
down-regulation of CUBN has already been noted as a poor prognosis biomarker for renal cell
carcinoma [16]. Thus, the lower the CUBN level, the worst the prognosis for renal carcinoma.
Our data address the same trend also for BCa. It is worth noting that the group with recurrence
and progression has the lowest levels of CUBN (see Fig.6-3A, B, and C). Therefore, an index
based on the MPO to CUBN ratio can be established such that patients with ratios equal to or

lower than one present recurrence and/or progression.
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D &E. Violin plot showing the relative expression of MPO and CUBN by the protein label-free quantification (LFQ)
levels. Expression of those proteins is shown in the group of patients with recurrence and no recurrence. Student’s
t-test was used for statistical analysis. ** p < 0.01; **** p < 0.0001. F. Label-free quantification of myeloperoxidase
and G. Validation of mass spectrometry data using myeloperoxidase (MPO) protein by ELISA (ng/mL). X-axes rep-
resent the patient number. H. The top 20 pathways were obtained with the differential protein expression between
the RG and NRG groups. Pathways were obtained by the software platform cystoscope using StringApp with the
Reactome pathway database. Pathways: (1) Innate immune system; (2) Immune system; (3) Neutrophil degranula-
tion; (4) Regulation of insulin-like growth factor (IGF) transport and uptake by Insulin-like growth factor binding
proteins (IGFBPs); (5) Post-translational protein phosphorylation; (6) Platelet degranulation; (7) Hemostasis; (8) Plate-
let activation, signaling and aggregation; (9) Regulation of complement cascade; (10) Formation of fibrin clot (clot-
ting cascade); (11) Extracellular matrix organization; (12) Metabolism of proteins; (13) Integrin cell surface interac-
tions; (14) Common pathway of fibrin clot formation; (15) Intrinsic pathway of fibrin clot formation; (16) Terminal
pathway of complement; (17) Plasma lipoprotein assembly; (18) Chylomicron assembly; (19) Post-translational pro-
tein modification; (20) Degradation of the extracellular matrix. I. Protein-protein interaction and pathway analysis

related to immune responses focus on the neutrophile action.

6.4.2 Biochemical networks

The study of the differences between the biochemical networks of the RG and NRG
groups using the 197 proteins differentially expressed between them were analyzed, and the
first 20 pathways with the lowest p-value were selected (Fig.6-3H). Most of them are linked to
immune and inflammatory responses. Therefore, we decided to assess the pathways that mark-
edly differentiate RG and NRG groups, namely neutrophile degranulation and degradation of
extracellular matrix pathways (Fig.6-3l).

It is well known that the tumorigenesis process comprises the activation of several bi-
ochemical pathways, among which the ones related to invasion, proliferation, and inflamma-
tion are critical in tumor progression. Accordingly, our results address such pathways overex-
pressed in the recurrence group and are presented comprehensively in Fig.6-4. Thus, our re-
sults suggest that the first line of defense, the neutrophils, are recruited and deployed near the
tumor to destroy the tumoral cells. The neutrophils mature into the tumor-associated neutro-
phils, TAN-N1 and TAN-N2 [17]. The TAN-N1 Type has pro-inflammatory and antitumor ef-
fects, whiles the TAN-N2 type has anti-inflammatory and pro-tumor effects. The TAN-N2 type
tries to destroy the tumoral cells by releasing their cellular content rich in proteases, histones,
and DNA, forming the so-called neutrophil extracellular traps, NETs, that are thought to coat
tumor cells, shielding them from immune attack [18]. Pointing this process to occur, we found
that matrix metalloproteinase 9 (MMP9) was up-regulated in the RG group. This protein and
MMP8 are proteases that, in conjunction with other enzymes released during the NETs for-

mation, are known to degrade the extracellular matrix, collagen, and gelatin [19]. This
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extracellular degradation also increases the concentration of fibrin-related proteins, such as
fibrinogen beta and gamma (FGB and FGG), that we found in the RG group. These proteins
further promote tumor invasion [20].

Furthermore, several proteins released during NETs formation have been associated
with a poor prognosis in other cancer types [21,22]. Belonging to this group, we have found
proteins Neutrophil Gelatinase-Associated Lipocalin (LNC2), Cathelicidin antimicrobial peptide
CAMP, and MPO up-regulated in the RG group (see Fig.6-4). The last one, MPO, is a notable
finding because here we have found it markedly up-regulated in the patients with RG in agree-
ment with results reported in other cancer types [14,15]. As mentioned above, MPO is involved
in forming H>O: to kill cancer cells via reactive oxygen species (ROS)-induced apoptosis. This
also leads to an increment in the ROS and a higher number of mutations in the cancer cells.
This may promote, to some extent, for the tumor to evolve and change expression patterns to
survive by escaping the immune system [23]. The cancer cells respond to this attack by over-
expressing proteins that promote protection against ROS, such as catalase (CAT) and beta-
globulin (HBB), which we also found in the RG group [24].

Finally, we have found the inflammatory response unbalanced for RG patients. Thus,
whilst the serpin protein family involved in controlling the inflammatory response is down-
regulated (SERPINAS), the S100 family, which promotes inflammation, is overexpressed (S100P,
S100A9). Remarkably, STO0A9 is a calcium- and zinc-binding protein that plays a prominent
role in regulating inflammatory processes and the immune response [25]. It can induce neu-
trophil chemotaxis and adhesion and increase the bactericidal activity of neutrophils by pro-
moting phagocytosis via activation of SYK, PI3K/AKT, and ERK1/2 pathways. Also, it can induce
the degranulation of neutrophils by a MAPK-dependent mechanism [26].
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Figure 6-4. Data integration for T1 BCa stage patients. Gene name, protein name and protein ID: (1) Myeloperoxi-
dase (MPO, P05164-2); (2) Neutrophil gelatinase-associated lipocalin (LCN2, X6R8F3); (3) Cathelicidin antimicrobial
peptide (CAMP, J3KNB4); (4) Matrix metalloproteinase-9 (MMP9, P14780); (5) Matrix metalloproteinase 8 (MMP8,
P22894; (6) Fibrinogen beta chain (FGB, P02675); (7) Fibrinogen gamma chain (FGG, P02679-2); (8) Alpha-1-antichy-
motrypsin (SERPINA 3, P01011); (9) Plasma serine protease inhibitor (SERPINA 5, P05154); (10) Protein S100-P
(S100P, P25815); (11) Protein S100-A9 (ST00A9, P06702); (12) Hemoglobin subunit beta (HBB, P68871); (13) Catalase
(P04040, CAT).

In summary, our data show the presence of an inflammatory microenvironment that
facilitates immune cell-matrix cross-talk, and promotes chronic inflammation. This state of in-
flammation further recruits more neutrophils and immune cells into the tumor microenviron-
ment resulting in a cycle that the tissue cannot resolve. In agreement with the literature [27,28],
our urinary proteome-based data suggest that the deregulation of inflammatory processes
leads to an accelerated BCa progression and a worse outcome for patients with BCa leading to
recurrence and tumor growth. On the other hand, when the inflammatory process is balanced,
the BCa seems to evolve slowly and with a better prognosis for the patient. In support of our
conclusions, it has been recently reported that NET formation in chronic inflammation leads to

radio-resistance in a mouse heterotopic model of invasive BCa [29].

6.5 Conclusions

We conclude that inflammation dysregulation is an essential driver of BCa recurrence
and progression and that anti-inflammatory or immune checkpoint therapies should be further
explored in treating patients with BCa. Furthermore, consider the MPO to CUBN ratio a prom-

ising candidate for a urine prognosis tool in BCa. A limitation of this study is its small patient
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sample, which may not fully capture the variability of T1-stage bladder cancer. Another issue

is that some patients' prognoses were not evaluated within the time frame of this study. Further

validation with larger patient groups is necessary.

6.6 Supplementary material

6.6.1 Supplementary data

The mass spectrometry proteomics data have been deposited to the ProteomeXchange Con-

sortium via the PRIDE [30] partner repository with the data set number PXD026784.

6.6.2 Supplementary figures & tables
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Figure 6-6. Volcano plots showing statistically significant changes in protein levels in the group of T1-stage bladder
cancer patients that had experienced recurrence, (RG), versus patients that had not, (NRG).
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Table 6-1. List of patients with the respective medical information.

Complete Intersection of Age Follow up time Mitomycin Time of recur- Time of progression Status
Patient Stage Grade Gender Smoker BCG Treatment Recurrence Progress
resection Muscular layer (years) (months) Treatment rence (months) (months) (Alive)
1 Yes Yes ptl HighGrade M 61 Yes 26 Maintenance therapy No Yes 6 Yes 16 No
2 No Yes pt1 High Grade M 91 - 24 No - Yes 2 Yes 2 No
3 Yes No ptl HighGrade M 81 - 9 No No Yes 2 Yes 2 No
4 No Yes ptl HighGrade M 74 No 15 Induction No Yes 8 Yes 13 No
5 Yes Yes pt1 High Grade M 77 Yes 33 Induction No Yes 3 No - Yes
6 Yes Yes pt1 High Grade M 75 Yes 9 Induction No Yes 5 No - Yes
7 Yes Yes ptl HighGrade M 75 Yes 31 Maintenance therapy No No - No - No
8 Yes Yes pt1 High Grade M 60 Yes 69 Maintenance therapy No Yes 8 Yes 11 Yes
9 Yes Yes pt1 High Grade M 81 Yes 47 Maintenance therapy No Yes 3 No - Yes
10 No Yes pt1 High Grade M 78 Yes 28 Induction No Yes 7 Yes 15 Yes
1 No No ptl HighGrade M 76 Yes 65 Maintenance therapy No Yes 39 No - Yes
12 Yes Yes pt1 HighGrade M 77 Yes 27 Maintenance therapy No No - No - Yes
13 Yes Yes pt1 High Grade F 74 - 75 Induction - Yes 5 No - Yes
14 Yes Yes pt1 High Grade M 75 Yes 9 Maintenance therapy - No - No - Yes
15 Yes Yes pt1 High Grade M 65 Yes 69 Maintenance therapy No Yes 69 No - Yes
16 Yes Yes pt1 High Grade M 56 - 6 Maintenance therapy - No - No - No
17 Yes Yes ptl HighGrade M 74 No 63 Maintenance therapy No Yes 12 No - Yes
18 Yes No pt1 High Grade M 68 Yes 28 Maintenance therapy No No - No - Yes
19 Yes Yes ptl HighGrade M 76 - 24 Induction Yes No - No - Yes
20 Yes Yes pt1 High Grade M 66 - 22 - - No - No - No
21 No Yes pt1 High Grade M 78 Yes 75 No No No - No - Yes
22 Yes No pt1 HighGrade M 74 Yes 66 Maintenance therapy No No - No - Yes
23 Yes Yes pt1 High Grade M 51 Yes 7 Induction - No - No - Yes
24 Yes Yes pt1 HighGrade M 83 No 24 No No No - No - Yes
25 Yes Yes pt1 High Grade M 58 Yes 27 No Yes No - No - Yes
26 Yes Yes pt1 High Grade M 66 No " Induction - No - No - Yes
27 Yes Yes ptl HighGrade M 73 Yes 27 Maintenance therapy No No - No - Yes
28 Yes Yes pt1 High Grade M 77 Yes 7 - - No - No - Yes
29 Yes Yes pt1 High Grade M 61 Yes 10 Induction No No - No - Yes
30 Yes Yes pt1 High Grade M 79 - 12 - - No - No - No
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7.1 Abstract

Monitoring bladder cancer over time requires invasive and costly procedures. Less inva-
sive approaches are required using readily available biological samples such as urine. In this
study, we demonstrate a method for longitudinal analysis of the urine proteome to monitor
the disease course in patients with bladder cancer. We compared the urine proteomes of pa-
tients who experienced recurrence and/or progression (n = 13) with those who did not (n =
17). We identified differentially expressed proteins within various pathways related to the hall-
marks of cancer. The variation of such pathways during the disease course was determined
using our differential personal pathway index (dPPi) calculation, which could indicate disease
progression and the need for medical intervention. Seven hallmark pathways are used to de-
velop the dPPi. We demonstrate that we can successfully longitudinally monitor the disease
course in bladder cancer patients through a combination of urine proteomic analysis and the
dPPi calculation, over a period of 62 months. Using the information contained in the patient’s
urinary proteome, the dPPi reflects the individual’s course of bladder cancer, and helps to op-

timise the use of more invasive procedures such as cystoscopy.

7.2 Introduction

Bladder cancer (BCa) is among the worst neoplasms because of its high incidence and
mortality [1,2] and because cystoscopy is necessary to diagnose BCa. If BCa is confirmed, the
patient undergoes surgery, then the patient must undergo a control cystoscopy every three
months [3,4]. Cystoscopy is an expensive intervention that requires a surgical block and a min-
imum of two physicians and one nurse. However, an even worse problem is the detrimental
effect on the patient’s state of mind, as cystoscopy is highly invasive and is performed through
the urethra. Furthermore, some patients experience a rapid recurrence; thus, the control inter-
vention is performed too late, and transurethral resection of the bladder tumour is needed.
Therefore, new approaches to diagnose BCa and follow-up are needed.

The biochemical changes that occur at the protein level in an individual after they de-
velop a disease provides information, and with this information, we can adjust therapy, provide
follow up medical care and make precision medicine truly personalized [5][6]. The concept of
performing longitudinal profiling with individual proteomes has been described in the litera-
ture [7-9]; however, to date, there is no easy way to achieve this in a simple, straightforward

and robust manner. The possibility of following the course of BCa using the urinary proteome
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has not yet been described in the literature. To overcome this gap, we explored the evolution
of the urinary proteome of BCa patients using high-resolution mass spectrometry-based pro-
teomics in conjunction with advanced bioinformatics tools. Thus, we introduced, as far as we
know, a new concept named the differential personal pathway index (dPPi), which uses the
variation in the expression of selected biochemical pathways, which is calculated using a large
number of urine proteins that are linked to Hanahan and Weinberg's biological hallmarks of
cancer (HWhc [10,11]). Thus, based on variation in the levels of tens of signature urine proteins,
the dPPi reflects both the response of the individual's urine proteome to whatever course the
disease takes and any medical care that ensues. The variation reflects the status of the bio-
chemical pathways to which the proteins correspond, and these pathways are specifically cho-
sen to combine multiple sources of diagnostic information. Thus, in this work, we showed how
to monitor the evolution of BCa in a comprehensive yet straightforward and personalized man-
ner using the patient’s urine proteome. Essentially, the more positive the dPPi is, the more
severe the course of BCa; the more negative the dPPi is, the better the clinical outlook. There-
fore, the dPPi flags the need for medical intervention at an early stage. This work further
demonstrates this concept using six patients diagnosed with T1-BCa who were followed for 62

months.

7.3 Experimental Section

7.3.1 Patients

Human mid-stream second void morning urine specimens were collected from patients
with a pT1 bladder cancer diagnosis that was confirmed by pathological examination. All pa-
tients were informed about the study and provided a signed informed consent according to
the policies by the Central Lisbon Hospital Center Ethics Committee. The approval ethics com-
mittee number is 669/2018. The patients that were enrolled in the study were selected based
on the following criteria: (a) Inclusion—clear bladder cancer diagnosis, and (b) Exclusion—no
records of urinary cancer history, no HIV, no organ transplant, and no recent chemo/radiother-
apy. We compared the proteome of 30 patients from two groups— those who had experienced
BCa recurrence and/or progression (a total of 13) and those who had not (a total of 17). Fig.7-
2A depicts the steps from proteome analysis to pathway, and clinical data interpretation, while
the medical information for the cohorts of patients is presented in Fig.7-2B. Furthermore, we

followed six patients for up to 62 months.
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7.3.2 Sample treatment

Urine samples were collected in 50 mL centrifuge tubes (DB Falcon) that contained 38
mg of boric acid (Sigma-Aldrich) to prevent bacterial growth [12]. Samples with haematuria
were not included in our study. The urine samples were centrifuged at 5,000 x g for 20 min to
remove cell debris, and 10 mL aliquots of the resulting supernatants were stored at -60°C until
further use. An aliquot of urine (10 mL) was concentrated by centrifugal ultrafiltration using a
VivaSpin 15R (10 kDa MWCO, Sartorious) at 5,000 x g for 20 min. Finally, the concentrated
urinary proteomes were quantified via a 96 well plate Bradford protein assay (Sigma-Aldrich)

using bovine serum albumin to generate the calibration curve.

7.3.3 Filter-aided sample preparation (FASP)

Filter Aided Sample Preparation (FASP) was used to perform urinary proteome digestion,
following a modified FASP method [5,13-15]. Briefly, different amounts of protein ranging from
50 and 100 pg were diluted with H>O to obtain 200 pL and an additional 200 pL of 8 M urea
(Sigma-Aldrich), 75 mM Tris-HCI (Sigma-Aldrich), 100 mM NaCl (Sigma-Aldrich), and 0.02%
SDS (Sigma-Aldrich). Then this protein solution was loaded onto a VivaSpin 500 (10 kDa
MWCQO, Sartorious) and centrifuged for 20 min at 14,000 x g. Each sample was processed in
duplicate. The proteins in the membrane were washed with 200 uL of 8 M urea 25 mM AmBic
solution and then centrifuged for 20 min at 14,000 x g. Protein disulfide bonds were reduced
by adding 200 uL of 50 mM dithiothreitol (DTT) in 8 M urea and 25 mM AmBic and incubated
for 60 min at 37°C. Then, centrifugation for 20 min at 14,000 x g was performed, and the
sample was alkylated for 45 min in the dark by adding 100 uL 50 mM iodoacetamide (IAA) in
8 M urea and 25 mM AmBic solution. Subsequently, centrifugation for 20 min at 14,000 x g
was performed, and then the samples were washed twice with 200 pL of 25 mM AmBic. Finally,
protein digestion was performed by adding 100 uL of trypsin solution (1:30 trypsin to protein
ratio) prepared in 12.5 mM AmBic. Protein digestion was performed overnight (approximately
16 hours) at 37°C, and then the peptides were collected by 20 min centrifugation at 14,000 x
g, followed by two additional membrane washing steps with 100 pL of 3% (v/v) acetonitrile
that contained 0.1% (v/v) aqueous formic acid and centrifugation of 20 min at 14,000 x g.
Finally, peptides were transferred to a 500 uL microtube, dried and stored at -20°C until further
analysis by Nano-LC-MS/MS.
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7.3.4 LC-MS/MS

LC-MS /MS analysis was carried out using an Ultimate 3000 nano-LC system coupled to
an Impact HD (Bruker Daltonics) with a CaptiveSpray nanoBooster that used acetonitrile as a
dopant. The protein digests were resuspended in 100 uL of 3% (v/v) acetonitrile containing
0.1% (v/v) aqueous formic acid (FA) and were sonicated for 10 min using an ultrasonic bath at
100% ultrasonic amplitude, and 35 kHz ultrasonic frequency. Afterwards, the samples were
quantified using a Pierce™ quantitative colorimetric peptide assay. Then, 3 uL of protein digest
containing 563 ng of peptides was loaded onto a trap column (Acclaim PepMap100, 5 um, 100
A, 300 um i.d. x 5 mm) and desalted for 5 min from 3% to 5% B (B: 90% acetonitrile 0.08% FA)
at a flow rate of 15 uL.min™". The peptides were separated using an analytical column (Acclaim™
PepMap™ 100C18, 2 um, 0.075 mm i.d x 150 mm) with a linear gradient at 300 nL.min™" (mobile
phase A: aqueous FA 0.1% (v/v); mobile phase B 90% (v/v) acetonitrile and 0.08% (v/v) FA) 5-
90 min from 5% to 35% mobile phase B, 90-100 min linear gradient from 35% to 95% of mobile
phase B, 100-110 min 95% B. Chromatographic separation was carried out at 35°C. MS acqui-
sition was set to cycles of MS (2 Hz), followed by MS/MS (8-32 Hz) with a cycle time of 3.0 s
and active exclusion (precursors were excluded from the precursor selection for 0.5 min after
the acquisition of the 1 MS/MS spectrum; the intensity threshold for fragmentation was 2,500
counts). As, the active exclusion was set to one, we reconsidered the precursor and whether
the intensity of a precursor increased by a factor of three; this mass was taken from the tem-
porarily exclusion list and fragmented again, ensuring that fragment spectra were taken near
to the peak maximum. All spectra were acquired in the range 150-2200 m/z. The mass spec-
trometry proteomics data were deposited in the ProteomeXchange Consortium [16] via the
PRIDE [17] partner repository with the data set identifier PXD025139. To confirm myeloperox-
idase label-free quantification levels, validation was performed using a commercially available
ELISA kit (ab136943 - Myeloperoxidase (MPO) Human ELISA kit from Abcam). The method was

carried out according to the standard protocol described by the manufacturer.

7.3.5 Bioinformatics and statistical analyses

Relative label-free quantification was performed using the precursor signal intensity
method and delayed normalization, MaxLFQ, on MaxQuant software V2.0.3.0[18]. All raw files
were processed in a single run with default parameters [19,20]. Database searches were per-
formed using Andromeda against the human UniProt UP000005640_9606 database (20,600
sequences; 11,395,157 residues, downloaded on April 27, 2021) [21]. Searches were configured
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with cysteine carbamidomethylation as a fixed modification and N-terminal acetylation and
methionine oxidation as variable modifications. We set the false discovery rate (FDR) to 0.01
for protein and peptide levels with a minimum length of seven amino acids for peptides. The
FDR was determined by searching a reverse database. Enzyme specificity was set as C-terminal
to arginine and lysine as expected using trypsin. A maximum of two missed cleavages were
allowed. Data processing was performed using Perseus (version 1.6.15.0) with default settings
[22]. Protein group LFQ intensities were log2-transformed, and the quantitative profiles were
filtered for missing values with the following settings: min valid percentage of 50% in at least
one group and values greater than 0. To overcome the obstacle introduced by missing LFQ
values, the missing values were imputed using the parameters, with = 0.5 and downshift = 1.8.
The list of differentially expressed proteins was obtained with a two-tailed Student’s t test be-
tween the two groups (permutation-based FDR 0.05 and SO of 0.1), and then the log ratios
were calculated as the difference in average log, LFQ intensity values between the tested con-
ditions. Perseus was also used to obtain clusters, using average linkage, no constraint, prepro-
cess with k-means and Euclidean distance between column trees. GraphPad Prism 8.2.1. was
employed for graphic construction and statistical analysis. Cytoscape V3.8.2 and the applica-
tion ClueGo V2.5.8 was used for pathway enrichment analysis. Reactome and biological process

GO terms were used as ontologu databases.

7.3.6 dPPi calculation

The dPPi is calculated from the numerical output of proteomics analysis of urine at dif-
ferent time points, as follows:
nx=! Protnx LFQq, — YZ! Protnx LFQy

dPPi = — i)
Txzt Protnx LFQy

where Y= Protnx LFQy, accounts for the sum of all label-free quantitation (LFQ) val-
ues of proteins of interest at a given time ¢, while ¥**= Protnx LFQ,, accounts for all LFQ

measurements of the same proteins at the time of disease onset #.
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Figure 7-2. Proteome analysis of 30 pT1 bladder cancer patients. A Workflow of the experimental design. B Clinical
information of the patient cohort used in the study. C Volcano plots showing statistically significant changes in
protein levels in T1-BCa patients with recurrences and/or progression (n=13 patients, two technical replicates per
patient) compared to the group with nor recurrence (n=17 patients, two technical replicates per patient), according
to Student’s t test (FDR 0.05 and So of 0.1). Dots represent proteins that show statistically significant increases (red),
decreases (blue) nonstatistically significant changes (grey). The total numbers of proteins that exhibited statistically
significant differential expression are shown in the corresponding-coloured circles. D Hierarchical clustering of the
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T1-BCa patients into two groups, as expected, recurrence and no recurrence (average linkage, no constraint, pre-
processing with k-means, and Euclidean distance, n=30 patients, two technical replicates per patient). E & F. Vali-
dation of mass spectrometry data using myeloperoxidase (MPO) protein label-free quantification (LFQ) and ELISA
(ng/mL). Bars represent the average of two technical replicates. The MPO protein was recently proposed to be a
marker of poor prognosis in lung [27] and ovarian[28] carcinomas. To the best of our knowledge, no studies report
MPO overexpression as a prognostic tool for BCa carcinoma. G. Pathways selected for calculating the Personal
Pathway Index, after applying the guidelines provided by Hanahan and Weinberg [10,11] to the proteins showing
statistically significant differential expression derived from the volcano plot in C (Supplementary Data 1). Differen-
tially expressed proteins were grouped according to their functions, and networks were analysed in ClueGo (v 2.5.8),
and Cytoscape (v 3.8.2). The LFQ average for all proteins involved in the pathway is expressed as a circle area plot.
The maximum number of proteins identified in one single urine of our set was 494. The number of unique proteins
considering all the samples of our set was about 754. For our studies, we have chosen the proteins that are found
common in at least 50% of the urines of each group. This way, the number of proteins used in Fig.7-2 (recurrence

versus no recurrence) was 380.

7.4 Results & Discussion

7.4.1 Selection of pathway hallmarks of cancer

The differentially expressed proteins between the two groups (n = 197, Fig.7-2C) were
submitted to clue-go analysis (cystoscope) to select the biochemical pathways involved in re-
currence and/or progression. The 197 differentially expressed proteins distinguished 93.5% of
patients with recurrence and 100% of patients with progression, as shown in Fig.7-2D. The
statistically significant pathways were cross-checked against the HWhc [10,11], and seven path-
ways were selected. These pathways involve 35 related proteins (Fig.7-2G. and Table 7-1). These
35 proteins were used to calculate the dPPi as defined in (I). Four of these 35 proteins have
been described in literature as potential biomarkers for bladder cancer (highlighted in red color
in Table 7-1) [23-25]. Two of these four proteins namely fibrinogen B chain (FGB) [25,26] and
fibrinogen y chain (FGG) [25] have been described with increased expression in urine of BCa
patients. In addition, we found the protein STO0A9 which has been described as a biomarker
candidate in plasma of BCa patients [23]. Protein myeloperoxidase (MPO) was found to exhibit
the largest overexpression in patients with recurrence (Fig.7-2C). MPO has been recently pro-
posed to be a marker of poor prognosis in lung [27] and ovarian [28] carcinomas. Therefore,
MPO was used for quality control to validate the mass spectrometry data using ELISA as an
orthogonal method (Fig.7-2E and Fig.7-2F). Next, we investigated how the status of the seven
pathways changed over time by following six patients with BCa for up to 40 months. A com-

prehensive flow chart of the process is provided in Fig.7-6.
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Table 7-1. Pathways and proteins used on the longitudinal follow up of bladder cancer patients. Red color highlights
the potential biomarkers for bladder cancer describe in literature.

Path- ) )
Associated Proteins
way GOID Name Ontology Source
Found
Number
Interleukin-12- GO_BiologicalProcess-EBI-Uni-
P1 GO0:0035722 mediated signal- Prot-GOA-ACAP- [LCP1, PPIA, STO0A9]
ling pathway ARAP_08.05.2020_00h00

GO_BiologicalProcess-EBI-Uni-
Endodermal cell
p2 G0:0035987 Prot-GOA-ACAP- [FN1, MMP8, MMP9]

differentiation
ARAP_08.05.2020_00h00

GO_MolecularFunction-EBI-Uni-
Proteoglycan [AZU1, CFH, CTSB, FN1,
P3 G0:0043394 o Prot-GOA-ACAP-
binding HRG, LCP1, NID1]
ARAP_08.05.2020_00h00

GO_BiologicalProcess-EBI-Uni-

Peroxidase activ- [CAT, HBA1, HBB, HBD,
P4 G0:0004601 ) Prot-GOA-ACAP-
ity MPOQO]
ARAP_08.05.2020_00h00
R- Complement cas- REACTOME_Path-
P5 [C3, C4A, C9, CD55, CFH, F2]
HSA:166658 cade ways_08.05.2020

[A2M, APCS, AZU1, C3, C4A,
GO_BiologicalProcess-EBI-Uni- C9, CAMP, CD55, CFH, F2,
Humoral immune
P6 GO0:0006959 Prot-GOA-ACAP- FGB, HPX, HRG, IGHGT1,
response
P ARAP_08.05.2020_00h00 IGKV2D-30, KRT1, LCN2,
LTF, LYZ, PRTN3, ST00A9]
R- Oncogenic MAPK REACTOME_Path-

P7 [FGB, FGG, FN1]
HSA:6802957  signaling ways_08.05.2020

7.4.2 Longitudinal follow-up of BCa patients

In the following section, we will discuss three of the six patients in detail, and the other
three are discussed in the Figs.7-8, 7-9 and 7-10.

During the diagnosis period, Patient | presented with symptoms that matched BCa. One
reference urine sample was taken before urinary and bladder exploration was performed (see
Fig.7-3A for a comprehensive analysis timeline). Then, the urine proteome was extracted and
analysed via mass spectrometry, and the PPi was calculated as explained in (I) and is presented

in Fig.7-3D. Physicians diagnosed this patient with T1-stage BCa and performed a transurethral
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resection of the bladder tumour, TURBT. Then, one month later, a second analysis of the urinary
proteome revealed a difference of +35% between the PPi at time point 1 and at time point 2
(Fig.7-3D, PPi2 — PPi1), suggesting that the patient had not improved. In fact, all the hallmark
pathways were obtained with higher values. This prompted us to call the patient and perform
a medical inspection of the bladder, and the patient was diagnosed with cystitis; thus, no sur-
gical intervention was needed. Another advantage of this type of analysis is that the mass spec
LFQ values of individual protein biomarkers can also be used to obtain additional information
about the course of the disease (Fig.7-3C). For instance, APOA4, a urinary candidate biomarker
for the presence of BCa, exhibited lower value at sampling point 2 which is a good indicator in
terms of cancer evolution. Increased levels of APOA4 in urine have been linked to bladder
cancer [29]. The same applies to the biomarker CDH1, in which an increment is also a good
signal. On the other hand, MMP9 is a biomarker linked to inflammation, and MMP9 exhibited
an augmented value at sampling point 2, which is a negative indicator that is not necessarily
related to cancer [30].

In conclusion, the evolution of these biomarkers is consistent with cystitis rather than a
recurrence or progression. Further information supporting the consistency of this diagnostic is
the complex MMP9/NGAL described augmented in urine of children with acute cystitis [30]. At
sampling point 2, both proteins are augmented. This result shows that dPPi is useful as an alert
tool to follow individual variations in the urine proteome caused by disease. Another cystos-
copy three months later was performed and revealed no evidence of recurrence. Fourteen
months later, a third urine sample was monitored again, showing a dPPi of -80% relative to
time 1 (Fig.7-3D3), indicating the key immunological and inflammatory responses were down-
regulated (Fig.7-3E), which thus reflected the excellent progression of this patient, as it was
confirmed by medical analysis. Nine months later, a fourth urine analysis revealed an increase
in the dPPi index from -80% to -61%, with a clear increase in the MAPK oncogenic signalling
pathway. This pathway has been reported to be involved in BCa development [31], and over-
expression of MAPK signalling proteins has been linked to a mutation in the P53 gene and
poor prognosis [32]. Furthermore, the variations in APOA4 and CDH1 indicated that the cancer
progression had worsened. Additionally, the MMP9 variation showed an increase in the inflam-
matory response. Altogether, it was concluded that the patient was worsening. A new urine

analysis was requested to confirm this evolution before medical intervention was performed.
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Figure 7-3. Longitudinal analysis of the urinary proteome of patient I. A Timeline of the disease course in Patient |
shows the intervals in months (m) between medical interventions and urine sampling (time 1 to time 4). TURBT:

transurethral resection of bladder tumour; Re-TURBT: repeated transurethral resection of bladder tumour. B.
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Volcano plot matrix showing proteome changes in the urine samples at time points 1-4. The dots represent the
proteins that showed a statistically significant increase (red), decrease (blue) or nonstatistically significant changes
(grey) according to the Student’s ¢ test (FDR 0.05 and SO of 0.1). C. Variation in the following known protein bi-
omarkers for bladder cancer: angiotensinogen (AGT)[33], apolipoprotein E (APOE)[34], matrix metalloproteinase-9
(MMP9)[35], apolipoprotein A-IV (APOA4)[29], alpha-1-acid glycoprotein 1 (ORM1)[36] and cadherin-1
(CDH1)[37,38]. The green and red squares indicate whether the variation in the urine of Patient | matched or not,
respectively, with trends reported for each marker in the literature. Dots represent the average of two biological
samples with two technical replicates each. D. Personal pathway index (PPi) at each time point and estimated dif-
ferential PPI (dPPi) were calculated as explained in the text. P1: interleukin-12-mediated signalling pathway; P2:
endodermal cell differentiation; P3, proteoglycan binding; Pa: peroxidase activity; P5: complement cascade; P6: hu-
moral immune response; P7: oncogenic MAPK signalling. E. Distribution and density variation protein LFQ values
(including two biological replicates) at each sampling point for each pathway assessed. Continuous bar in the middle
represents the median. The thin discontinuous line represents the quartile lines. F. Hierarchical clustering of the
three urinary proteomes of Patient I. Protein LFQ values were used to perform the cluster analysis (with average

linkage, no constraint, preprocessing with k-means and Euclidean distance).

Patient Il is an interesting case due to their frequent recurrences (Fig.7-4). The first pro-
teome analysis of the urine was performed 64 months after the onset of BCa. Then, the PPi for
this urine, which is presented in Fig.7-4D1, was calculated. At this point, the patient experienced
a TURBT intervention. Two months later, a new urine analysis revealed a dPPi variation of +99%,
(Fig.7-4D2), indicating that the patient’s course was worsening. It is worth noting the increase
in the expression of the MAPK pathway (P7, Fig.7-4D2). Based on these data, the patient un-
derwent a urological assessment that revealed another tumour recurrence, confirming that the
alert from the dPPi approach is valuable. Another TURBT was performed, and BCa was docu-
mented.

After 35 months, a routine surveillance assessment was performed, and the urine prote-
ome analysis revealed a dPPi of +35% relative to the time one reference value. The patient thus
underwent another cystoscopy evaluation, which agreed with the dPPi alert and demonstrated
the recurrence of BCa. Consequently, a new TURBT was performed. A fourth urine proteomic
analysis was completed 15 months later (Fig.7-4D4), which showed a change in the dPPi value
of +5%, suggesting that the tumour had not evolved positively. Our prediction was again con-
firmed by cystoscopy as recurrence was diagnosed. Finally, ten months later an increase of
+95% in the dPPi suggested that the disease was worsening. According to our medical inter-
vention advice, the patient underwent one cystoscopy that confirmed our result. The patient

was submitted to a TURBT.
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Figure 7-4. Longitudinal analysis of the urinary proteome of patient Il. A Timeline of disease course in Patient |l

showing the intervals in months (m) between medical interventions and urine sampling (time 1- time 5). TURBT:

transurethral resection of bladder tumour; Re-TURBT: repeated transurethral resection of bladder tumour. B.
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Volcano plot matrix showing proteome changes in urine collected at time points 1-5. The dots represent proteins
showing statistically significant increases (red), decreases (blue) or nonstatistically significant changes (grey) accord-
ing to the Student’s t test (FDR 0.05 and SO of 0.1). C. Variation in the known protein biomarkers for bladder cancer,
including angiotensinogen (AGT)[33], apolipoprotein E (APOE)[34], matrix metalloproteinase-9 (MMP9)[35],
apolipoprotein A-IV (APOA4)[29], alpha-1-acid glycoprotein 1 (ORM1)[36] and cadherin-1 (CDH1) [37,38]. The green
and red squares indicate whether the variation in the urine of Patient Il matched or not, respectively, with trends
reported for each marker in the literature. Dots represent the average of two biological samples with two technical
replicates each. D. Personal pathway index (PPi) at each time point and the estimated differential PPi (dPPi) were
calculated as explained in the text. P1: interleukin-12-mediated signalling pathway; P2: endodermal cell differentia-
tion; P3, proteoglycan binding; P4: peroxidase activity; P5: complement cascade; P6: humoral immune response; P7:
oncogenic MAPK signalling. E. Distribution and density variation protein LFQ values (including two biological repli-
cates) at each sampling point for each pathway assessed. Continuous bar in the middle represents the median. The
thin discontinuous line represents the quartile lines. F. Hierarchical clustering of the four urinary proteomes for
Patient Il. The protein LFQ values were used to perform the cluster analysis (with average linkage, no constraint,

preprocessing with k-means and Euclidean distance).

Patient Il (Fig.7-5) presented with symptoms of BCa, and a TURBT was performed be-
cause the cystoscopy results were positive. Histopathological analysis documented stage T1
BCa. The patient’s urine sample was collected prior to medical intervention, and the dPPi was
calculated, as it is shown in Fig.7-5D1. Afterwards, the patient underwent three more TURBT
procedures within the following four months. A second urine sample was taken one month
after the fourth TURBT was performed (time point 2). The dPPi augmented a +36% (Fig.7-5D2),
presenting seven pathways that were increased. Again, the value of the dPPi approach was
illustrated by the variation observed in the MAPK signalling pathway (P7 in Fig.7-5D).

Our diagnosis alert was confirmed as the medical diagnosis indicated that the disease
had progressed to the T2-stage, and a radical cystectomy was perfomed. The urine proteome
was analysed again eight and eleven months after cystectomy, as shown in Fig.7-5D3 and 7-
5D4, respectively. The expression levels of all the pathways were found to be lower after resec-
tion of the bladder (Fig.7-5D). The dPPi decreased 63% and 79% between onset and time points
three and four, respectively. The latter is consistent with the recovery experienced by this pa-
tient. Currently, this patient is in good health. The profile of the four proteomes since the onset
of disease were compared (Fig.7-5F) and clearly show that the urines were clustered into two
groups (before and after radical cystectomy). Three further patient examples are presented in

the supplementary Fig. 7-8, 7-9 and 7-10.
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Figure 7-5. Longitudinal analysis of the urinary proteome of patient Ill. A. Timeline of the disease course in Patient
Il showing intervals in months (m) between medical interventions and urine sampling (time 1 to time 4). TURBT:

transurethral resection of bladder tumour; Re-TURBT: repeated transurethral resection of bladder tumour. B.
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Volcano plot matrix showing proteome changes in urine collected at time points 1-4. The dots represent proteins
showing statistically significant increases (red), decreases (blue) or nonstatistically significant changes (grey) at the
different time points according to Student’s ¢ test (FDR 0.05 and SO of 0.1). C. Variation in the following known
protein biomarkers for bladder cancer: angiotensinogen (AGT)[33], apolipoprotein E (APOE)[34], matrix metallopro-
teinase-9 (MMP9)[35], apolipoprotein A-IV (APOA4)[29], alpha-1-acid glycoprotein 1 (ORM1)[36] and cadherin-1
(CDH1)[37,38]. The green and red squares indicate whether the variation in the urine of Patient Il matched or not,
respectively, with trends reported for each marker in the literature. Dots represent the average of two biological
samples with two technical replicates each. D. Personal pathway index (PPi) for each time point and the estimated
differential PPi (dPPi) were calculated as explained in the text. P1: interleukin-12-mediated signalling pathway; P2:
endodermal cell differentiation; P3, proteoglycan binding; P4: peroxidase activity; P5: complement cascade; P6: hu-
moral immune response; P7: oncogenic MAPK signalling. E. Distribution and density variation protein LFQ values
(including two biological replicates) at each sampling point for each pathway assessed. Continuous bar in the middle
represents the median. The thin discontinuous line represents the quartile lines.. F. Hierarchical clustering of the
four urinary proteomes of Patient Ill. The protein LFQ values were used to perform the cluster analysis (with average

linkage, no constraint, preprocessing with k-means and Euclidean distance).

Table 7-2. The dPPi index column shows the index calculated as explained in the methods section. The dPPi inter-
vention column shows whether medical intervention is necessary or not (Yes/No). The medical procedure column
indicates the medical intervention performed for the patient, while the outcome column highlights the diagnosis
given by the physicians. The column named dPPi intervention true? Confirms whether the intervention that was
recommended by the dPPi index was necessary or not (Yes/No). Note that patient numbers 4,5 and 6 are described

in the supplementary Fig. 7-8, 7-9 and 7-10.

. ) . . dPPi Interven- . dPPi interven-
Patient Time point dPPi index ) Medical procedure Outcome )
tion ? tion true?

1 2 20 Yes Cytoscopy Cystitis Yes

1 3 -80 No Medical Monitoring* No tumor Yes

1 4 -61 No Medical Monitoring* No tumor Yes

2 2 99 Yes Cytoscopy/RE-TURBT  Tis stage recurrence Yes

2 3 35 Yes Cytoscopy/TURBT T1 stage recurrence Yes

Recurrence (no AP

2 4 5 Yes Cytoscopy Yes

exam)
) ) Recurrence (no AP

2 5 95 Yes Medical Monitoring* Yes
exam)

3 2 36 Yes Cytoscopy/RE-TURBT T2 Stage recurrence Yes

3 3 -63 No Medical Monitoring* No recurrence Yes

3 4 -79 No Medical Monitoring* No Recurrence Yes

4 2 -80 No Medical Monitoring* No Recurrence Yes

4 3 -56 No Medical Monitoring* No Recurrence Yes

5 2 -3 Yes Cytoscopy/RE-TURBT  Ta stage recurrence Yes

] o Nonneoplastic Bladder

5 3 -2 Yes Medical Monitoring* Yes
Mass

6 2 -41 No Cytoscopy No recurrence Yes
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6 3 -7 No Medical Monitoring* No Recurrence Yes

Table 7-2 shows the dPPi index for each time point for each patient in a comprehensive
manner. First, the urine was monitored, the dPPi was calculated, and an alert for intervention
was set as yes or no. Next, the patient was examined by the physician’s team through a medical
procedure as described in the table. The diagnostic provided was then compared with the alert
provided by the dPPi. As shown in Table 7-2, 100% of the alerts (yes or no) were accurate.

In this work, we demonstrated how using the dPPi algorithm to assess the urine prote-
ome is a robust tool to (i) monitor the course of BCa disease and (ii) guide clinical decisions
regarding intervention. As the disease progresses, the levels of selected cancer hallmark path-
ways change. This variation is used to monitor the course of BCa disease in a simple, straight-
forward, and robust manner. This study would benefit from a large cohort of patients and will

need to be replicated on a larger scale to validate the reported conclusions.

7.5 Conclusions

Bladder cancer must be closely monitored for progression, but this requires expensive
and invasive procedures such as cystoscopy. Less invasive procedures using readily available
samples such as urine are needed. Here, we present an approach that measures the levels of
various proteins in the urine. We compare protein levels at different points during the disease
course in patients with bladder cancer, and show this helps to flag disease recurrence and the
need for medical intervention. Our approach could help clinicians to determine which patients

require more invasive testing and treatment.

7.6 Supplementary material

7.6.1 Supplementary data

The mass spectrometry proteomics data that support the findings of this study have been
deposited in ProteomeXchange Consortium [16] via the PRIDE [17] partner with the PXD025139

accession codes.
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7.6.2 Supplementary figures

BCa Patients and medical information assessment

:

Group of patients with recurrence (n=13) and no
recurrence (n=17)

.

r v

Comparison of the proteome expression between
the group with recurrence and no recurrence.
(Perseus V1.6.15.0)

l

Selection of proteins related to the previous
selected pathways

J

List of differential expressed proteins

v

Patient longitudinal follow up

Enrichment pathway analysis (Cytoscape V3.8.2,
ClueGo V2.5.8)

Pathway curation. Cancer related pathway
selection

.

Interpretation of the pathway evolution using the
PPi index

.

Patient outcome evaluation using the dPPi

Figure 7-6. Bioinformatics analysis workflow. List of differentially expressed proteins was obtained with a Student’s
t test (FDR 0.05 and SO of 0.1). Reactome and biological process GO terms for the enrichment pathway analysis were
used as ontologies databases. The curation of pathways was carried out based on the enrichment pathways analysis

from ClueGo. Pathways with 60% or more up-regulated proteins and lower p-values were selected. Furthermore,

those pathways were crosscheck with a bibliography to select the ones correlated with Hanahan and Weinberg

biological hallmarks of cancer [10,11] as shown in as shown in Table 7-1.
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Figure 7-7. Proteomics data summary with the number of identified proteins for each patient. Bars represent the
average of two technical replicates.

7.6.3 Supplementary discussion

Patient IV was diagnosed with T1 stage bladder cancer (BCa) and was submitted to the
standard TURBT procedure. One reference urine sample was taken at the disease onset before
the medical intervention, as shown in Fig.7-8A, where a comprehensive clinical outcome time-
line for 25 months, including the sampling time points, is shown. Control urine was taken ten
days after surgical intervention, and the lower values for all the pathways are reflected in a dPPi
value of -80, indicating an amelioration period. However, 25 months later, all the pathways
presented higher levels, with a dPPi value of -56. The increase in the MAPK pathway and the
increment in the levels of the APOA4 and APOE biomarkers indicate a worsening of the disease
course. Also, the cluster shows that the sampling point three patient’s proteomics profile (25
months) is similar to the one present in sampling point one, Fig.7-8F. Under our request, the

patient is waiting for cystoscopy revision.
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Figure 7-8. Longitudinal analysis of the urinary proteome of patient IV. A. Timeline of disease course in Patient IV
showing the intervals in months (m) between medical interventions and urine sampling (time 1 to time 3). TURBT:

transurethral resection of bladder tumour. B. Volcano plot matrix showing proteome changes in the urine collected
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at timepoints 1-3. The dots represent the proteins that showed statistically significant increases (red), decreases
(blue) or nonstatistically significant changes (grey) according to Student’s t test (FDR 0.05 and SO of 0.1). C. Variation
in the known protein biomarkers for bladder cancer: angiotensinogen (AGT) [29], apolipoprotein E (APOE) [30],
matrix metalloproteinase-9 (MMP9) [31], apolipoprotein A-IV (APOA4) [32], alpha-1-acid glycoprotein 1 (ORM1)
[33] and cadherin-1 (CDH1) [34,35]. The green and red squares indicate whether the biomarker variation in the urine
of Patient V matched or not, respectively, with trends reported in the literature (considering only the first two sam-
pling points). Dots represent the average of two biological samples with two technical replicates each. D. Personal
pathway index (PPi) at each time point and the estimated differential PPI (dPPi) were calculated as explained in the
text. P1: interleukin-12-mediated signalling pathway; P2: endodermal cell differentiation; P3, proteoglycan binding;
P4: peroxidase activity; P5: complement cascade; P6: humoral immune response; P7: oncogenic MAPK signalling.
E. Distribution and density variation protein LFQ values (including two biological replicates) at each sampling point
for each pathway assessed. Continuous bar in the middle represents the median. The thin discontinuous line repre-
sents the quartile lines. F. Hierarchical clustering of the three urinary proteomes of Patient IV. The protein LFQ values
were used to perform the cluster analysis (with average linkage, no constraint, preprocessing with k-means and
Euclidean distance).

Patient V followed our standard procedure. As he presented for a potential BCa, one
urine was taken, and a cystoscopy was carried out. Because T1 stage BCa was diagnosed, a
TURBT was performed. The comprehensive timeline analysis of patient V is shown in Fig.7-9A.
The evolution of the urine proteome reveals that this patient is not responding to medical
surgery and treatment. As a matter of fact, after one month, the levels of the hallmark pathways
were virtually the same. Then, a new cystoscopy was done at our request, and as a recurrence
was detected, a new TURBT was done. Seven months later, the dPPi remains almost the same,
the MAPK pathway presents higher when compared with the onset, and the single biomarkers
APOA4 and APOE shows an increment. Taking it all together, we concluded that a new cystos-
copy was needed. Afterwards, the patient was diagnosed with a Nonneoplastic bladder mass

that was removed.
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Figure 7-9. Longitudinal analysis of the urinary proteome of patient V. A. Timeline of disease course in Patient V
showing the intervals in months (m) between medical interventions and urine sampling (time 1 to time 4). TURBT:

transurethral resection of bladder tumour. B. Volcano plot matrix showing proteome changes in the urine collected
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at timepoints 1-3. The dots represent the proteins that showed statistically significant increases (red), decreases
(blue) or nonstatistically significant changes (grey) according to the Student’s t test (FDR 0.05 and SO of 0.1). C. Var-
iation in the known protein biomarkers for bladder cancer: angiotensinogen (AGT) [29], apolipoprotein E (APOE)
[30], matrix metalloproteinase-9 (MMP9) [31], apolipoprotein A-IV (APOA4) [32], alpha-1-acid glycoprotein 1
(ORM1) [33] and cadherin-1 (CDH1) [34,35]. The green and red squares indicate whether the biomarker variation in
the urine of Patient V matched or not, respectively, with trends reported in the literature (considering only the first
two sampling points). Dots represent the average of two biological samples with two technical replicates each.
D. Personal pathway index (PPi) at each time point and the estimated differential PPl (dPPi) were calculated as ex-
plained in the text. P1: interleukin-12-mediated signalling pathway; P2: endodermal cell differentiation; P3, proteo-
glycan binding; P4: peroxidase activity; P5: complement cascade; P6: humoral immune response; P7: oncogenic
MAPK signalling. E. Distribution and density variation protein LFQ values (including two biological replicates) at each
sampling point for each pathway assessed. Continuous bar in the middle represents the median. The thin discon-
tinuous line represents the quartile lines. F. Hierarchical clustering of the three urinary proteomes of Patient V. The
protein LFQ values were used to perform the cluster analysis (with average linkage, no constraint, preprocessing

with k-means and Euclidean distance).

Patient VI was diagnosed as T1 BCa after cystoscopy and resection. 25 months later a
urinary analysis revealed a dPPi level 41% lower than the one in the onset, with all the pathway
hallmarks presenting lower values. In addition, the single markers MMP9 and APOA4 showed
lower values. Our diagnosis was a good evolution of the patient, which the physicians con-
firmed via cystoscopy. However, eight months later, routine urine surveillance revealed an in-
crement of the dPPi from -41% to -7%, with a general increment in all the pathway hallmarks.
An analysis done using the cells present in the urine revealed no recurrence. However, as the
single markers MMP9, APOA4 and APOE were found augmented, we have requested new urine

to follow up the course of this patient before recommending a cystoscopy.
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Figure 7-10. Longitudinal analysis of the urinary proteome of patient VI. A. Timeline of disease course in Patient VI

showing the intervals in months (m) between medical interventions and urine sampling (time 1 to time 3). TURBT:
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transurethral resection of bladder tumour. B. Volcano plot matrix showing proteome changes in urine collected at
timepoints 1-3. The dots represent the proteins that showed statistically significant increases (red), decreases (blue)
or nonstatistically significant changes (grey) according to Student’s t test (FDR 0.05 and SO of 0.1). C. Variation in
the known protein biomarkers for bladder cancer: angiotensinogen (AGT) [29], apolipoprotein E (APOE) [30], matrix
metalloproteinase-9 (MMP9) [31], apolipoprotein A-IV (APOA4) [32], alpha-1-acid glycoprotein 1 (ORM1) [33] and
cadherin-1 (CDH1) [34,35]. The green and red squares indicate whether the biomarker variation in the urine of
Patient V matched or not, respectively, with trends reported in the literature (considering only the first two sampling
points). Dots represent the average of two biological samples with two technical replicates each. D. Personal path-
way index (PPi) at each time point and the estimated differential PPI (dPPi) were calculated as explained in the text.
P1: interleukin-12-mediated signalling pathway; P2: endodermal cell differentiation; P3, proteoglycan binding; P4:
peroxidase activity; P5: complement cascade; P6: humoral immune response; P7: oncogenic MAPK signalling. E.
Distribution and density variation protein LFQ values (including two biological replicates) at each sampling point
for each pathway assessed. Continuous bar in the middle represents the median. The thin discontinuous line repre-
sents the quartile lines. F. Hierarchical clustering of the three urinary proteomes of Patient VI. The protein LFQ values
were used to perform the cluster analysis (with average linkage, no constraint, preprocessing with k-means and
Euclidean distance).
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8.1 Abstract

This study investigates the proteomic landscapes of chromophobe renal cell carcinoma
(chRCC) and renal oncocytomas (RO), two subtypes of renal cell carcinoma that together ac-
count for approximately 10% of all renal tumors. Despite their histological similarities and
shared origins, chRCC is a malignant tumor necessitating aggressive intervention, while RO, a
benign growth, is often subject to overtreatment due to difficulties in accurate differentiation.
We conducted a label-free quantitative proteomic analysis on solid biopsies of chRCC (n =5),
RO (n =5), and normal adjacent tissue (NAT, n = 5). The quantitative analysis was carried out
by comparing protein abundances between tumor and NAT specimens. Our analysis identified
a total of 1610 proteins across all samples, with 1379 (85.7%) of these proteins quantified in at
least seven out of ten LC-MS/MS runs for one renal tissue type (chRCC, RO, or NAT). Our
findings revealed significant similarities in the dysregulation of key metabolic pathways, in-
cluding carbohydrate, lipid, and amino acid metabolism, in both chRCC and RO. Compared to
NAT, both chRCC and RO showed a marked downregulation in gluconeogenesis proteins, but
a significant upregulation of proteins integral to the citrate cycle. Interestingly, we observed a
distinct divergence in the oxidative phosphorylation pathway, with RO showing a significant
increase in the number and degree of alterations in proteins, surpassing that observed in
chRCC. This study underscores the value of integrating high-resolution mass spectrometry pro-
tein quantification to effectively characterize and differentiate the proteomic landscapes of
solid tumor biopsies diagnosed as chRCC and RO. The insights gained from this research offer
valuable information for enhancing our understanding of these conditions and may aid in the

development of improved diagnostic and therapeutic strategies.

8.2 Introduction

Renal cell carcinoma (RCC), a disease characterized by abnormal cell proliferation in the
epithelial cells of the kidney, accounts for 400,000 new cases of adult kidney cancer globally
each year [1]. There are several subtypes within the RCC classification, each displaying unique
histological and cytological phenotypes [2]. Chromophobe renal cell carcinoma (chRCC) and
renal oncocytomas (RO) are two RCC subtypes that represent approximately 10% of all renal
tumors [3]. RO, a benign growth often found in the kidney collecting ducts, typically lends itself
to conservative treatment approaches. Conversely, chRCC is a malignant tumor that, despite

sharing a similar origin in distal kidney nephrons, requires more aggressive intervention to
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prevent dire consequences to the patient[3]. Given the strikingly similar anatomical origins and
histological features of these two tumor types, their accurate differentiation poses a significant
challenge [4]. Therefore, most patients undergo surgery, often involving a partial or total ne-
phrectomy. This can lead to overtreatment in RO, as benign lesions may not require such in-
vasive interventions if correctly identified beforehand. Thus, accurately distinguishing between
these two conditions is essential not only to guide optimal treatment strategies but also to
reduce the potential burden on patients and the healthcare system, thereby improving overall
patient care [4,5].

Building on our recent development of a highly efficient, ultrasonic-based methodology
for extracting, identifying, and quantifying the proteome of solid renal biopsies embedded in
optimal cutting temperature (OCT) compound [6], we sought further to leverage these tech-
nological advancements in our current study. In this context, we employed the total protein
approach (TPA), a computational tool adept at converting spectral intensities into protein con-
centrations. The efficacy of the TPA methodology has been proven in various scenarios, such
as evaluating metabolic pathways in slow and fast skeletal muscle [7], exploring biological pro-
cesses associated with colorectal cancer[8], and assessing the impact on mitochondrial bioen-
ergetics in disease-induced conditions[9]. Additionally, we previously investigated differentially
expressed proteins in renal cancers using high-resolution MS combined with the TPA method
[10]. In this work, we focused on the metabolic features associated with chRCC and RO versus
NAT using the TPA method to identify undisclosed new features characterizing each tu-
mor [11]. We compared our findings with the literature addressing the metabolic characteris-

tics of these renal neoplasms [12,13].

8.3 Materials and Methods

8.3.1 Study design and sampling

In this manuscript, we have conscientiously reused a portion of the raw data from our
previous by Jorge et al''. The raw data in question forms the basis of a comprehensive dataset
that was collected with significant effort and resources. This dataset is rich and multifaceted,
allowing for various analyses and interpretations. While our previous publication focused on
the identification of novel histochemical markers in renal neoplasm, the current manuscript
focuses on the discovery of shared metabolic features between chromophobe renal cell carci-

noma and renal oncocytoma. We believe that the use of this data, in this manner, is a
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responsible use of resources, avoiding unnecessary duplication of data collection efforts. These
data comprises the use of high-resolution mass spectrometry to examine the proteomes of 15
human renal tissue biopsies that were flash-frozen and embedded in OCT. These included
chromophobe renal cell carcinoma (chRCC, n = 5), renal oncocytoma (RO, n = 5) and normal
adjacent renal tissue (NAT, n = 5). The University of Pittsburgh Biospecimen Core provided the
human kidney tissue samples used in this study, which received approval from the University
of Pittsburgh's Institutional Review Board (IRB # 02-077). All neoplasms in the study consisted

of at least 85% tumor cells. Table 1 summarizes the patient data involved in this research.

8.3.2 Ethics approval and consent to participate

The human kidney tissue samples were collected by the University of Pittsburgh Biospec-
imen Core, and the study was approved by the Institutional Review Board at the University of
Pittsburgh (IRB # 02-077).

8.3.3 Proteomic analysis

The processing of biopsies followed the methodology outlined in Jorge et al[6] Briefly,
tissues were first cleaned of OCT using an ultrasonic bath model TI-H-5 from Elma (Singen,
Germany). Then, proteins were extracted in 8 M urea prepared in 25 mM ammonium bicar-
bonate using an ultrasonic probe (UP50H from Hielscher Ultrasonics, Teltow, Germany). Next,
protein digestion was carried out with trypsin for four minutes using an ultrasonic microplate
horn assembly device (QSonica, Newtown, CT, USA). The digested proteome extracts were sub-
sequently analyzed by a label-free nanoLC-HR-MS/MS approach (UHR-QqTOF IMPACT HD
from Bruker Daltonics, Bremen, Germany) as described before by Jorge et a/'' A step-by-step
protocol, including OCT Cleaning, proteome extraction, proteome digestion, and LC-MS/MS

data acquisition is available in Supplementary Material 1.

8.3.4 Data analysis and statistics

The MaxQuant software V1.6.0.16 was utilized for relative label-free quantification. All
raw files were processed in a single run using default settings [14,15]. The Andromeda search
engine was employed for database searches, using the UniProt-SwissProt Human database as

a reference, along with a database of common contaminants.
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For absolute protein quantification, the Total Protein Approach (TPA) was used to exam-
ine raw spectral intensities from the MaxQuant output[10]. The calculation of protein concen-

tration was performed as follows:

c(@=

MS signal (i) mol ]
total MS signal x MW (i) lg total protein

Data processing was performed using Perseus (version 1.6.15.0) with default set-
tings [16,17]. In brief, reverse hits and proteins only identified by site were removed from the
protein list, and TPA-based concentrations were logz-transformed to reduce the effect of out-
liers. Protein groups were filtered based on a minimum presence of 70% in at least one group.
Pearson correlation was performed on filtered values. Missing values were imputed from the
total matrix with width = 0.5 and downshift = 1.8. PCA was performed on the filtered and
imputed data. Log ratios were calculated as the difference in average log: values between the
two conditions tested in volcano plots (two-tailed Student’s t test, FDR = 0.01 and SO = 0.1).
Protein network analysis was integrated and visualized using the software platform Cytoscape
V3.8.2 with the application StringApp V1.6.0 [18]. KEGG [19], Reactome [20] and GO terms [21]

were used as ontology databases.

8.4 Results

8.4.1 Renal tumor profiling

The tissue biopsies were analyzed in duplicate using liquid chromatography coupled to
tandem mass spectrometry (nanoLC-ESI-HR-MS/MS). Raw spectral intensity values were con-
verted into absolute concentrations using the TPA method [10]. A total of 1610 proteins were
identified (1% FDR) across all samples, with 1379 (85.7%) of these proteins being quantified in
at least seven out of the ten LC-MS/MS runs for one renal tissue type (chRCC, RO or NAT).
Fig.8-2A displays the principal component analysis (PCA) of the quantified proteins, showing
that each specimen class segregates into distinct clusters.

The reproducibility of the MS biological replicates was verified by comparing the Pearson
correlation between all pairs of samples as well as visualizing pairwise scatter plots in a matrix
(Fig.8-2B). The calculated Pearson correlation coefficients spanned from 0.79 to 0.97 for chRCC,
from 0.76 to 0.95 for RO, and from 0.83 to 0.95 for NAT. The Pearson coefficients were higher
when tumors were compared to each other (0.68 - 0.86) than when compared to NAT (0.56 -

0.70). These results underline a marked deviation of both chRCC and RO from NAT.
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Furthermore, the data also demonstrate that there are discernible differences between chRCC
and RO, highlighting the potential to differentiate these two neoplasms using this profiling

approach.
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NATs. Two instrumental replicates were run for each biopsy, resulting in 30 chromatograms that identified a total
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of 1610 proteins. Of these proteins, a total of 1379 were obtained from at least one tissue group (chRCC, RO, or
NAT), with a reproducibility ranging from 70% to 100%. A. Principal component analysis (PCA) of chRCC, RO, and
NAT group samples. B. Heatmap representation of Pearson correlation of biological (n = 5) and technical (n = 2,
each sample) replicates (lower left) in combination with a scatterplot matrix protein of TPA-based quantification
(upper right) demonstrating the reproducibility of the MS data. Volcano plots illustrate the significantly different
(FDR = 0.01, SO = 0.1) protein expression levels between C. chRCC and NAT samples and D. RO and NAT samples.
Venn diagrams comparing proteomes of chRCC and RO in terms of the E. downregulated proteins and F. upregu-
lated proteins.

8.4.2 Dysregulated proteins between tumors and NATs

A two-tailed Student’s t test (FDR = 0.01 and SO = 0.1) was used to distinguish the abun-
dance of proteins between each tumor and NAT. In chRCC, 532 proteins exhibited significant
differences compared to NAT, with 260 upregulated and 272 downregulated proteins (Fig.8-
2C). Similarly, in the case of RO versus NAT, 578 proteins showed significant differences, with
226 upregulated and 352 downregulated proteins (Fig.8-2D). Comparing the upregulated and
downregulated proteins between each tumor and NAT, 241 downregulated proteins (63%) and

117 upregulated proteins (32%) were found to be common (Fig. 8-2E and Fig.8-2F).
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Figure 8-3. Metabolic pathway proteomes similarly affected in chRCC and RO tumors. A. Network representation of
a subset of pathways in four areas of metabo-lism in which proteins were differentially regulated in tumors. Signif-
icantly (FDR < 0.01) upregulated and downregulated proteins are shown in red and blue, respectively. Protein path-
way analysis was performed by searching the KEGG database [19] using differentially expressed proteins between
tumor and NAT biopsies. B. Correlation between levels of dysregulation of individual proteins (log2 fold change (FC)
in abundance in tumor vs NAT) in chRCC and RO for proteins in carbohydrate (n = 47), lipid (n = 27) and amino acid
(n = 91) metabolism and oxidative phosphorylation (n = 47). The correlation coefficient r was calculated using the

Pearson test. Shading areas represent the confidence of the in-terval, and p represents the p value of the test.
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To elucidate the biochemical processes driving the phenotypes of chRCC and RO, the
differentially expressed proteins for each tissue type were used to interrogate comprehensive,
functional proteomic databases. We found a common signature of metabolic dysregulation for
chRCC and RO compared to NAT (Fig.8-3A), affecting carbohydrate metabolism, lipid metab-
olism, amino acid metabolism and oxidative phosphorylation. Among KEGG protein pathways
linked to carbohydrate metabolism, the most dysregulated were glycolysis/gluconeogenesis,
pyruvate metabolism and the citric acid cycle (FDR < 8.94 x 10™"). In our analysis, we identified
up to 23 proteins implicated in these pathways that exhibited dysregulation across both tumor
subtypes.

The KEGG glycolysis/gluconeogenesis pathway includes processes involved in the deg-
radation of glucose into pyruvate and the generation of glucose from noncarbohydrates. Based
on the differential protein expression data, proteins involved in gluconeogenesis, such as fruc-
tose-1,6-bisphosphatase 1 (FBP1), pyruvate carboxylase (PC), and phosphoenolpyruvate car-
boxykinase 1 and 2 (PCK1 and PCK2), were significantly downregulated in tumors. In contrast,
glycolytic proteins remained unchanged or upregulated, e.g., ATP-dependent 6-phosphofruc-
tokinase (PFKM). These data indicate that gluconeogenesis was downregulated in tumors com-
pared to NATSs. For instance, the results of FBP1 match well with its well-known inhibitory ef-
fects on glycolysis and tumor growth [22]. Furthermore, the downregulation of PC, which cat-
alyzes the conversion of pyruvate to oxaloacetate in the first step of gluconeogenesis, suggests
a shift in cellular metabolism toward the conversion of pyruvate into acetyl-CoA, as evidenced
by the observed upregulation of proteins such as pyruvate dehydrogenase E1 component sub-
unit alpha and beta (PDHA1 and PDHB) and the dihydrolipoyl lysine-residue acetyltransferase
component of the pyruvate dehydrogenase complex (DLAT). Several TCA cycle proteins were
upregulated, including citrate synthase (CS), aconitate hydratase (ACO2), isocitrate dehydro-
genase [NADP] and [NAD] subunits alpha and beta (IDH2, IDH3A and IDH3B), dihydrolipoyl
lysine-residue succinyltransferase component of the 2-oxoglutarate dehydrogenase complex
(DLST), 2-oxoglutarate dehydrogenase (OGDH) and malate dehydrogenase (MDH2). The ex-
pression of proteins active in lipid metabolism was modified in both tumors, with most being
downregulated relative to NAT controls. In the chRCC and RO samples, 91 downregulated pro-
teins were linked to amino acid (AA) metabolism.

Pearson correlations were calculated for chRCC and RO based on the fold change in
abundance of differentially expressed proteins in carbohydrate, lipid and AA metabolism path-

ways (Fig.8-3B). Positive correlations were found for the four pathways compared, with the
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oxidative phosphorylation pathway showing the highest p and lowest Pearson correlation val-

ues.

8.4.3 Main chRCC and RO features

The functional protein pathway analysis also revealed divergent features between chRCC
and RO that may underlie differences in the tumor subtypes. Proteins involved in energy me-
tabolism of chRCC were less dysregulated than RO. For instance, in chRCC, 28 proteins involved
in the oxidative phosphorylation pathway were expressed at different levels compared to NAT,
while in RO, 40 proteins belonging to this pathway were dysregulated (Fig.8-3A). Comparing
the variation between the proteins belonging to the oxidative phosphorylation pathway in both
tumors versus NAT, a Pearson coefficient of 0.79 was obtained. The same comparison for car-
bohydrate, lipid, and AA metabolism resulted in Pearson coefficients of 0.94, 0.92 and 0.94,
respectively (Fig.8-3B).

Mitochondrial KEGG pathways were dysregulated more extensively in RO biopsies, with

256 differentially expressed proteins (Fig.8-4A) compared to 175 in chRCC.
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Figure 8-4. Differences in protein pathways underlying each tumor sub-type. A. Specific dysregulation of mitochon-
drial protein pathways in ROs, including those of respiratory chain complexes. Protein pathway analysis was per-
formed by using the differentially expressed proteins in each tumor biopsy (relative to NAT) in searches against
KEGG [19] and GO [21] databases. Significantly (FDR < 0.01) upregulated and downregulated proteins are shown in
red and blue, respectively. B. Comparison of the protein deregulation (log2 fold change (FC) in abundance in tumor
relative to NAT) be-tween chRCC and RO for the five respiratory chain complexes [Complex I, n = 44; Complex II, n
= 4; Complex lll, n = 10; Complex IV, n = 19; Complex V, n = 20]. Blue dots, downregu-lated proteins (RO vs NAT);
red dots, upregulated proteins (RO vs NAT). The correlation coefficient r was calculated using the Pearson test.
Shading areas represent the confi-dence of the interval, and p represents the p value of the test. C. Absolute protein
amount, expressed as pmol/mg of tissue, calculated through the TPA methodology.

The common chRCC versus NAT and RO versus NAT dysregulations of proteins related
to respiratory chain complexes were evaluated and compared. The results depicted in Fig.8-4B
present Pearson correlation coefficients of 0.81, 0.79, 0.93, 0.57, and 0.40 for complexes |, I, Ill,
IV and V, respectively. The TPA-based concentration values for the respiratory chain complex

proteins are presented in Fig.8-4C, Fig.8-5 and Fig.8-6.

8.5 Discussion

In our research, we utilized the total protein approach to quantify the absolute protein
amounts in chRCC, RO, and NAT tissues. These data enabled us to examine the unique protein
expression patterns in chRCC and RO compared to NAT and to delve into potential biological
implications. In this context, we believed that the most informative approach was to assess and
compare the deviations from the normal state in both chRCC and RO. By contrasting these
differences, we aimed to elucidate the unique dysregulation patterns associated with each ma-
lignancy, shedding light on their molecular characteristics.

PCA of the variance in protein abundance showed that the proteomes of the two tumor
subtypes exhibited greater similarity to each other than to the proteomes of NAT samples. This
similarity suggests a shared tumor phenotype between the two subtypes. However, PCA also
highlighted discernible differences in the quantified proteomes of the two tumor subtypes,
indicating unique characteristics associated with each subtype (Fig.8-2A).

Comparing dysregulated pathways between chRCC and NAT with those between RO and
NAT, as depicted in Fig.8-3, reveals a similarity in dysregulation levels. This is evidenced by a
Pearson coefficient of 0.92 or higher for carbohydrate metabolism, lipid metabolism, and
amino acid metabolism, which strongly suggests parallel patterns of dysregulation in both
chRCC and RO subtypes when compared to normal tissue (Fig.8-3B). This observation aligns

with the well-established hallmark of cancer, namely, the reprogramming of central metabolic
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pathways. It also corroborates the findings reported by Xiao et a/. [13] who similarly identified
decreased levels of proteins involved in gluconeogenesis and fatty acid metabolism in chRCC
compared to NAT. Additionally, our data suggest that gluconeogenesis and lipid metabolism
are also reduced in RO compared to NAT, which aligns with the findings reported by Kirschner
et al[23].

This collective evidence sheds light on the shared metabolic traits between chRCC and
RO, thus confirming common signatures of metabolic dysregulation for chRCC and RO com-
pared to NAT. The evident suppression of amino acid synthesis in both cancer types further
highlights the possibility of amino acid auxotrophy as a defining feature of these conditions.
The downregulation of argininosuccinate synthetase (ASS1), phosphoglycerate dehydrogenase
(PHGDH), and glutamic-oxaloacetic transaminase 1 and 2 (GOT1 and GOT2) in both chRCC and
RO tumors compared with NAT confirms this result [24]. Inhibition of this protein leads to
decreased production of important amino acids such as arginine, serine and glycine, forcing
cancer cells to depend on healthy tissue surrounding the tumor as a source of nutrients [24].

Additionally, the analysis of the oxidative phosphorylation pathway revealed a Pearson
coefficient of 0.74 (Fig.8-3B), suggesting the presence of distinct mechanisms of oxidative
phosphorylation between the chRCC and RO subtypes. Notably, our findings align with previ-
ous studies, demonstrating significant alterations in mitochondrial pathways in both RO and
chRCC when compared to NAT [25,26]. It is interesting to note that the levels of dysregulated
mitochondrial-related proteins were higher in RO than in chRCC (Fig.8-4). Our findings agree
with those reported by Joshi et a/. [25], who suggest that mitochondrial activity acts as a barrier
to tumorigenesis in RO, which means that normal mitochondrial activity can prevent or slow
down the development of tumors. Reduced mitochondrial activity may contribute to the de-
velopment of tumors by promoting a protumorigenic environment in cells. This is because
normal mitochondrial activity is necessary to maintain healthy cellular metabolism, and altered
mitochondrial activity in cancer cells can affect cellular metabolism and promote tumor growth.
This suggests that targeting mitochondrial metabolism may be explored as a coadjutant ther-
apeutic strategy for treating chRCC.

In addition to mitochondrial abnormalities, mutations in respiratory chain complex |
genes are frequently observed in RO [23]. Our RO versus NAT proteomic data revealed down-
regulation of complex I-related proteins and predominant upregulation of proteins associated
with complexes Ill, IV and V, as shown in Fig.8-4B and Fig.8-4C, 8-5 and Fig.8-6. Our data agree
with the work of Xiao et a/.[12] who also reported reduced expression of complex I-related

proteins and an increase in all other proteins related to respiratory chain complexes. In this
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way, the direct difference in the absolute levels of expression of these mitochondrial proteins

demonstrates the utility of the TPA in discriminating between these two tumor subtypes.

8.6 Conclusions

In summary, this work presents an in-depth exploration of the contrasting protein ex-
pression profiles found in chRCC and RO compared to their normal adjacent tissue. The study
used the TPA-based method to determine the absolute amounts of proteins in each tissue
type. The findings suggest that both chRCC and RO show dysregulation of carbohydrate, lipid,
and amino acid metabolism, as well as mitochondrial abnormalities, when compared to NAT.
The study found that the proteomes of the two tumor subtypes were more similar to each
other than to NAT, reflecting their shared tumor phenotype. The observed decrease in ar-
gininosuccinate synthetase (ASS1) expression in both chRCC and RO tumors relative to adja-
cent healthy tissue indicates shared metabolic characteristics between these cancers. One such
shared trait appears to be auxotrophy, which is prominently featured in both conditions. Tar-
geting mitochondrial metabolism may be explored as a coadjutant therapeutic strategy for
treating both chRCC and RO. The reduced number of samples per group used in this study

must be considered in future studies.

8.7 Supplementary material

8.7.1 Supplementary data

The mass spectrometry proteomics raw data have been deposited in the Proteo-
meXchange Consortium via the PRIDE [27] partner repository with the dataset identifier
PXD022018.

8.7.2 Supplementary figures & tables

Table 8-1. Description of human kidney biopsies used in the study

Biopsy Age Gender Diagnosis* Sample Type*
N1 54 Male RCC NAT
N2 49 Female Papillary NAT
N3 58 Female RCC NAT
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*RCC: renal cell carcinoma; NAT: normal adjacent tissue; chRCC: chromophobe renal cell carcinoma; RO:

renal oncocytoma
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GENERAL CONCLUSIONS

The present works show different types of contributions to the field of bladder cancer

(BCa) research, offering innovative proteomics answers to the current challenges in BCa diag-

nosis, prognosis, and treatment. Additionally, the expanded analysis of a different urological

cancer, renal carcinoma, further highlights the versatility and potential of such answers in dif-

ferent types of cancers and/or conditions.

By addressing the different objectives outlined throughout the thesis, significant ad-

vancements were made, yielding different contributions to both proteomics research and clin-

ical practice:

Urine sample treatment and storage by using an integration of heat stabilization with
the Filter-Aided Sample Preparation (FASP) approach to preserve and transport the
urine proteome at room temperature. This novel approach avoids the need for the
standard expensive freeze storage while keeping the integrity of samples over extended
periods at room temperature. With no risk of degradation facilitates the sample
transport and collection for large-scale or longitudinal studies. Furthermore, this ap-
proach can be further expanded to a wide range of liquid biopsy samples, showing a
promising transformative implication for diagnostic and prognostic.

Urine proteome analysis and preparation by the development of an ultrasonic-assisted
FASP (US-FASP) protocol that increases sample processing efficiency. By using ultra-
sound energy, it substantially reduces the processing time and increases the scalability
and compatibility with mass spectrometry platforms. This method holds the potential
to be used as the general method in clinical proteomics workflows. Its simplicity of

execution makes it suitable for implementation in hospital settings.
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Vi.

LC-MS/MS data processing and normalization, through the evaluation of different nor-
malization methods. Different normalization approaches, particularly the Z-score nor-
malization method, show the importance of data treatment to uncover clinically rele-
vant protein alterations. Evaluating and finding the optimal data treatment method fur-
ther enhances the robustness of biomarker discovery efforts and strengthens the de-
velopment of personalization of targeted therapeutic interventions.

Analysis of bladder cancer protein networks, which uncovers the identification of in-
flammation dysregulation as a key pathway for BCa recurrence and progression. Such
finding highlights the therapeutic potential of anti-inflammatory and immune check-
point modalities. Additionally, the use of the Myeloperoxidase to Cubilin ratio as a
prognostic tool underscores the clinical utility of urine-based biomarkers in comple-
menting and guiding therapeutic decisions.

Personalized medicine in bladder cancer, focused on the longitudinal monitoring of
BCa patients. Using the differential personal pathway index (dPPi), allows for the follow-
up of the patient's response to treatment. Focusing on the pathway analysis and the
shift of different pathways regulation using the dPPi score as an indication represents
a shift to the current way of follow-up BCa patients. Furthermore, due to the non-inva-
sive nature of the method it can offer insights into disease trajectory and treatment
response while minimizing the reliance on invasive methods.

Lastly, the application of such methods to a different oncoprotein study, focusing on
renal cancer pathway analysis to comprehensively characterize protein expression pro-
files in chromophobe renal cell carcinoma (chRCC) and renal oncocytomas (RO). Differ-
ent shared metabolic signatures and potential therapeutic targets such as mitochon-
drial metabolism offer a promising target for therapeutic target. Additionally, this ap-
proach further shows the versatility of proteomics to different types of cancer and/or
condition.

This doctoral work not only advances the understanding of BCa pathophysiology but

also aims to decrease the patient disease burden and improve the treatment outcome. Fur-

thermore, more new perspectives arrive from this work, allowing for continuous work in the

field of proteomics and personalized medicine, signalling a new era for precision oncology.
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10

FUTURE PERSPECTIVES

Based on the considerable advances highlighted in this work, various next directions
might be taken to improve bladder cancer (BCa) and other types of cancer research and pro-
teomics applications. Such directions attempt to expand the influence of existing works and
turn it into actual clinical solutions.

i. Expanding to other liquid biopsies. Extend the heat stabilization and Filter-Aided Sam-
ple Preparation (FASP) method to different types of liquid biopsies and assess the preservation
of additional biological information such as DNA/RNA and metabolites. This can help with the
early identification and monitoring of a variety of disorders, not just bladder cancer.

il. Developing a portable urine processing device. Currently being developed in part-
nership with the University of Bologna, a portable device ready to incorporate the fast ultra-
sonic-assisted FASP (US-FASP) technology. These devices are design to be employed in remote
or resource-constrained places, making sample processing and preparation for mass spec-
trometry easier.

iii. Integrating artificial intelligence. Use Al and machine learning to improve data pro-
cessing and standardization procedures, as well as to easily construct an automated biomarker
discovery pipeline. These enhanced models' goals are to detect small trends in proteomic data,
increasing the accuracy of biomarker discovery and resulting in more tailored treatment rec-
ommendations.

iv. Conducting large-scale longitudinal studies with a focus on patient-centred ap-
proaches. Currently underway in partnership with Medical Harvard University, experimenting

with new types of cancer, such as breast cancer, and conducting large-scale longitudinal
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research to evaluate the stability and reproducibility of urine proteome analysis methodologies
over time.

v. Create Real-Time Monitoring Platforms. Ongoing collaboration with Dr. Rajiv Dhir of
the University of Pittsburgh and Dr. Nataly Kravchenko-Balasha of the Hebrew University of
Jerusalem to build systems for real-time monitoring of patient response to treatment us-
ing the differential personal pathway index (dPPi) approach and prescriptomics. These ap-
proaches aim to provide clinicians with quick feedback, allowing them to make timely therapy
adjustments.

vi. Establishing collaborative research networks. Different networks are being
formed between research institutes and hospitals to accelerate the translation of discoveries
into clinical practice. The vast projects described in the document are currently being imple-
mented through collaboration with various institutions, including Harvard Medical School, Uni-
versity of Pittsburgh Medical Center, Washington University in St. Louis, University of Bologna,
Max Planck Institute, Hospital Sdo Jose, and Boston Children's Hospital.

By addressing these future ideas with some of them already ongoing, the work can
continue to develop the area of proteomics and tailored medicine, providing up new paths for

precision oncology and improved patient outcomes across a range of tumors.
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HIGHLIGHTS GRAPHICAL ABSTRACT

o Urine proteome preservation at room
temperature in a membrane that is
ready for processing using FASP
digestion method.

 Stabilizor T1 as a method to preserve
urine proteome by a heat treatment.

o Urine storage at room temperature
for 6 months with no significant

changes.
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Am‘cl_e history: We present a method to preserve and process urine proteins for proteomic analysis in a filter aided
Received 6 April 2019 sample preparation (FASP) format. The method combines concentration of urine proteins in ultrafiltra-
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Label-free quantitative mass spectrometry Furthermore, the shipping of large number of samples can be made without the need of freezing. The

application of the FASP format to isolate and preserve the proteins facilitates long-term storage and
processing of proteome of urine samples.
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1. Introduction

Human body fluids such as urine, serum, plasma, cerebrospinal
fluid, saliva, and tears have characteristic protein profiles that can
be used to unravel diseases [1,2]. Of the fluids mentioned above,
serum and plasma are still the most used for biomarker discovery.
However, urine is gaining momentum due to a number of unique
advantages, such as that large sample volumes can be collected in a
non-invasive and therefore painless manner, it can be collected at
any time and at any place [3,4]. Urine contains proteins of which
circa 70% are from the urinary tract, while the remaining 30% cor-
responds to blood proteins [5]. Urinary proteins can originate from
(i) glomerular filtration of blood proteins, (ii) secretion of proteins
by the renal tubular epithelial cells, (iii) shedding of cells along the
urinary tract and (iv) exosome secretion [6]. Some reliable bio-
markers present in urine has been identified as candidates to
diagnostic and prognostic of some diseases [7,8]. Such biomarkers
are mainly related to diseases of the urinary system, and some have
been approved and also adopted by the FDA qualification program
[9]. By now, the proteomics community is intensively working on
finding new biomarkers for a number of diseases.

In urine-based proteomics biomarker discovery, second-
morning urine is becoming the standard sample to be collected
for biomarker-based studies. Such urine is collected during mid-
stream due to the low probability of protein contamination from
overgrown bacteria and epithelial cells [10]. During collection,
urine preservation is often done using bacterial growth inhibitors
[11]. However, the use of protease inhibitors is no longer recom-
mended [12].

The in-depth study of the urine proteome by mass spectrometry
is time consuming due to the time required to complete the anal-
ysis, usually 90 min gradients, plus the subsequent bioinformatic
data interrogation. The impossibility of analysing the proteome of
many urine samples in short periods of time makes mandatory the
need of urine preservation and storage. Thus, after collection, the
conditions for the stabilization and storage of urine proteomes in
the short, medium and long term are critical because urine can
degrade. Currently, the gold standard methodology for urine stor-
age for proteomics applications was defined by the Human Kidney
and Urine Proteome Project (HUKPP) [13] and by the European
Urine and Kidney Proteomics (EuroKUP) [14] as follows: after
collection, it is recommended urine centrifugation to remove cell
debris and then to storage it at —20°C or —80°C [15,16]. Such
recommendations present some drawbacks, as there is the need for
expensive freezers which, in addition to the price, must be con-
nected to emergency energy supply systems to prevent the effects
of electric power failures. Furthermore, repeated freezing and
thawing cycles have a detrimental effect in the sample. Thus, it has
been shown urine proteome alterations after just 5 freeze-thaw
cycles [17,18]. Finally, to store a large amount of urine samples is
space troubling.

Of the many different sample treatment methods available to
deal with complex proteomes, the Filter-Aided Sample Preparation
method, FASP [19], is one of the most versatile bottom-up proteo-
mic approaches, outperforming another in-solution digestion pro-
cedures [20]. Thus, FASP consists in a protein extraction and
subsequent digestion approach that uses an ultrafiltration weight
cut-off molecular membrane inserted in an microtube. Such device
facilitates removal of salts, detergents and other contaminants from
the protein sample using centrifugation [21]. It was first designed to
extract and digest proteins from tissues [22] and cell samples [23],
and it has been further applied to a large variety of biological
samples including urine [24]. In addition, large scale sample
handling is possible as the application of FASP in 96 well plates has
also been shown [25]. To date, the use of membranes to separate

and preserve the urine proteome has been cited in literature few
times [26,27].

The Stabilizor™ T1 is a portable, benchtop instrument that uses
rapid conductive heating to preserve biological samples as closely
as possible to their original state. This technology has proven to be
very useful in the preservation of the proteome complex samples
such as tissues and blood [28,29].

In this work we describe a new approach to preserve the urinary
proteome at constant laboratory temperature (20 °C). The novel
method combines urine proteome separation using the FASP
membrane followed by proteome thermal snap using the Stabili-
zor™ TI. In brief, the urinary proteome was separated and
concentrated using the filter aided sample preparation method,
and then the proteome attached to the FASP membrane was snap-
heated by a thermal shock treatment provided by a rapid conduc-
tive heating that results in irreversible denaturation of proteins,
permanent elimination of all enzymatic activity and also in the
inactivation of viral and bacterial pathogens.

We demonstrate in this work that by using a volume as low as
1.2 mL of urine, the proteome of urine samples can be preserved
and stored in the FASP membrane during at least 6 monthsat a
constant temperature of 20°C. Furthermore, the handling of the
proteome for subsequent label-free quantification analysis by high
resolution mass spectrometry is facilitated as the standard FASP-
protocol can be followed. Therefore, sampling large volume of
urine for proteomic analysis, and urine storage and preservation in
large volume containers with the aid of freezers is no longer
necessary, at least for a six months period. This work is not a
biomarker discovery one but it presents a new analytical method to
separate and preconcentrate the urine proteome, to preserve it and
to further processing it for peptide-based mass spectrometry
interrogation. The latter includes, but is not limited to, biomarker
discovery.

2. Experimental section
2.1. Urine specimens and collection

Fig. 1 depicts the sample handling and sample treatment
workflow. The urine samples were collected according the HUKPP
guideline. Briefly, fresh second-morning mid-stream urines were
collected from four healthy male volunteers in the same age group
(24 + 1 years old). All the volunteers provided a signed consent for
the usage of their urine in this study. The urine samples were
collected into 100 mL urine collection tube containing 37 mg of
boric acid. The urine was divided into two 50 mL tubes and were
then centrifuged at 1000 g for 10 min to remove cell debris. After
centrifugation, the supernatants were extracted and divided into
10 mL aliquots.

2.2. Urinary proteome extraction

Urine sample concentration was processed in a Vivacon 500,
10,000 molecular weight cut-off hydrosart membrane. Before
sample loading, 100 L of 70% ethanol solution was added to the
vivacon and then centrifugated at 14,000g for 15 min. A urine
volume of 400 uL was then loaded into the filter device and then
was centrifuged during 15 min at 14,000 g. This step was repeated
three times, and a total of 1.2 mL urine was passed through the
membrane. In the last centrifugation, the time of centrifugation
was 25 min to ensure that the membrane was dried and there was
no urine on the top of the membrane (Supplementary material
SM1a). The proteins remained on the membrane.
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Fig. 1. Method Workflow chart. (1) First, urine is collected, then centrifuged to avoid cell debris and then aliquoted and (2) stored following one of these 3 conditions: (A) using the
ultrafiltration membrane, the heat shock preservation and stored to laboratory temperature (20°C); (B) using the membrane, the heat shock preservation and stored to —-60°; (C)
standard storage at —20°C. (3 and 4). After 48 h or 6 months all stored samples are treated following the FASP protocol for protein cleavage and then samples are quantified by
label-free high-resolution mass spectrometry. (5) Urine storage conditions and proteome comparisons done is this work. The proteomes were quantitatively compared to find out
differences between the storage conditions within the same period of storage, 48 h or 6 months, and between periods of storage, 48 h versus 6 months.

2.3. Heat shock preservation

Urinary proteome present in the membrane was preserved by a
heat treatment using the bench instrument stabilizor™ T1. The
membrane containing the urine proteome was storage in a stabi-
lizor™ T1 maintainor® tissue card that then undergoes inside the
stabilizor™ T1 equipment where is applied a rapid conductive
heating to preserve the biological samples (conditions A and B). The
preservation is processed under a custom program with a
controlled pressure and the following parameters: 30s of sample
treatment time, cavity vacuum pressure set to 5mbar and heater
position to 2.1 mm with a temperature of 95°C (Supplementary
material SM1 b—d). For control purposes, urine samples were
stored at —20 °C without heating treatment (condition C).

24. Urine storage
Urine sample storage and preservation were processed in 3

different conditions, as it follows: (A) Urine proteome separation
using ultrafiltration and heat stabilization followed by storage at

laboratory room temperature (RT, 20 °C), (B) Heat stabilization and
storage at —60°C and (C) and for control purposes, freezing
at —20°C with no heating stabilization. When urine samples in
condition C were thawed a precipitate was observed. In order to
resolubilize the precipitate, urine sample pH was adjusted to
approximately 8 using 1 M tris-HCI. After storage, the total protein
of each urine was quantified by a Bradford protein assay.

2.5. Protein digestion using filter aided sample preparation

The preserved and stored urinary proteins were analysed at two
different time points: (i) TO, 48 h of storage and (ii) T1, 6 months of
storage. After storage, the urinary proteins were digested using the
FASP method with a few modifications [19]. Briefly, FASP, was used
as the methodology to first separate, preserve and then digest the
proteome of the urines. The protein present in the membrane were
washed with 200 uL of 8 M urea 25 mM ammonium bicarbonate
(AmBic) solution to remove low-weight material and then centri-
fuged for 20 min at 14,000 g. Next, the proteins were reduced by
adding 200 pL of 50mM dithiothreitol in 8 M urea and 25 mM
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AmBic and incubated for 60 min at 37 °C. Then, a centrifugation of
20 min at 14,000 g was done, and then, the sample was alkylated
during 45 min in the dark by the addition of 100 pL 50 mM iodoa-
cetamide in 8 M urea and 25 mM AmBic solution. Subsequently, a
centrifugation of 20 min at 14,000 g was processed and then the
sample was washed twice with 200 uL 25mM AmBic. Finally,
protein digestion was initiated by the addition of 100puL 1:30
trypsin in 12.5 mM AmBic solution. Protein digestion proceeded
overnight (approximately 14 h) at 37°C and the peptides were
collected with a centrifugation of 20 min at 14,000 g. The peptides
were transferred to a 500 uL microtube and were dried and stored
at —20°C.

2.6. Nano-LC-MS/MS

Peptides were resuspended in 100 pL of 3% (v/v) acetonitrile
containing 0.1% (v/v) aqueous formic acid (FA). Then, samples
were homogenized by 5 min on vortex followed by 10 min on an
ultrasonic bath at 100% ultrasonic amplitude. Afterwards, sam-
ples were quantified using a pierce™ quantitative colorimetric
peptide assay. Following the previous step, 4uL containing
400 + 6 ng of peptides were loaded onto a trap column (Acclaim
PepMap100, 5pum, 100A, 300 um i.d. x 5mm) and desalted for
5 min from 3% to 5% B (B: 90% acetonitrile 0.08% FA) at a flow rate
of 15uLmin~%. Then the peptides were separated using an
analytical column (Acclaim™ PepMap™ 100C18, 2 um, 0.075 mm
i.d x 150mm) with a linear gradient at 300 nLmin ' (mobile
phase A: aqueous FA 0.1% (v/v); mobile phase B 90% (v/v)
acetonitrile and 0.08% (v/v) FA) 5-90 min from 5% to 35% of
mobile phase B, 90—100 min linear gradient from 35% to 95% of
mobile phase B, 100—110 95% B. Chromatographic separation was
carried out at 35 °C. MS acquisition was set to cycles of MS (2 Hz),
followed by MS/MS (8—32Hz), cycle time 3.0s, with active
exclusion (precursors were excluded from precursor selection for
0.5min after acquisition of 1MS/MS spectrum, intensity
threshold for fragmentation of 2500 counts). Together with
active exclusion set to 1, reconsider precursor if the intensity of a
precursor increases by a factor of 3, this mass will be taken from
temporarily exclusion list and fragmented again, ensuring that
fragment spectra were taken near to the peak maximum. All
spectra were acquired in the range 150—2200 m/z.

2.7. Protein identification and quantification

LC-MS/MS data were analyzed using Data Analysis 4.2 software
(Bruker). Relative label-free quantification was carried out using
MaxQuant software V1.6.0.16. All raw files were processed in a
single run with default parameters [30,31]. Database searches were
performed using Andromeda search engine with the UniProt-
SwissProt Human Uniprot Proteome database as a reference and a
contaminants database of common contaminants [32]. Data pro-
cessing was performed using Perseus (version 1.6.2.2) with default
settings [33]. Protein group LFQ intensities were log2-transformed
and the quantitative profiles were filtered for missing values with
the following settings: min valid number 2 in at least one group and
values greater than 0. To overcome the obstacle of missing LFQ
values, missing values were imputed using default parameter,
with = 0.3 and down shift = 1.8 [33]. Log ratios were calculated as
the difference in average log2 LFQ intensity values between the
tested conditions (two-tailed, Student's t-test, permutation-based
FDR 0.05 and SO of 1.5). SO controls the relative importance of the
resulted p-value and difference between means. At SO = 0 only the
p-value matters, while at nonzero SO also the difference of means
plays a role [34].

3. Results and discussion

3.1. Quantitative comparison between different storage conditions
at TO (48 h)

To assess the potential differences between the conditions of
storage, the proteins levels of the urine samples were compared at
TO using label-free mass spectrometry-based protein quantifica-
tion. The results presented in Supplementary material SM2 (vol-
cano plots of the storage comparisons at TO) show that within 48 h
the differences among the three conditions of preservation were
minimal for the urines assessed. Red dots represent proteins with
levels found statistically higher than expected between conditions
(two-tailed, Student's t-test, permutation-based FDR 0.05, SO of 1.5,
n = 3). Blue dots represent proteins with levels found statistically
lower than expected between conditions (two-tailed Student's t-
test, permutation-based FDR 0.05, SO of 1.5, n = 3). The number of
proteins quantified was between 388 and 560, from which, less
than 1% were found statistically significant (two-tailed, Student's t-
test, permutation-based FDR 0.05, SO of 1.5, n=3), with the
exception of condition A versus B in urine 1, where 20 proteins over
a total of 560 were found statistically significant (two-tailed, Stu-
dent's t-test, permutation-based FDR 0.05, SO of 1.5, n = 3).

3.2. Quantitative comparison between different storage conditions
at T1 (6 months)

The same comparison as for TO was done to compare the storage
conditions after 6 months of preservation. Volcano plots regarding
the storage comparisons at T1 in Supplementary material SM2
show that less than 5% proteins were found statistically significant
(up or down, two-tailed Student's t-test, permutation-based FDR
0.05, SO of 1.5, n = 3) for most of the urine and conditions assessed,
with the exception of condition A versus condition C in urine
number 4. However, the number of proteins found different was
lower than 15%.

3.3. Quantitative TO versus T1 comparison for each storage
condition

The variation of the levels of the common proteins with storage
conditions and storage time was assessed using Pearson's correla-
tion plots with all the technical replicates as shown in Fig. 2A. The
Pearson's correlation c coefficient was higher than 0.9 for the 87% of
the comparisons done, thus showing the excellent preservation for
a period of six months provided by each one of the different con-
ditions tested in this work.

Once it was verified that the urine proteomes were preserved
with similar performance between methods either at TO or at T1
regardless the storage condition chosen, the variability in preser-
vation for each method within the time period of 6 months was
investigated next. Volcano plots from the urines 1, 2, 3 and 4 in
Fig. 2B show that proteome preservation was successfully achieved
within 6 months for the three storage conditions tested. Indeed,
preservation conditions performed in a similar way, resulting in
less than 2% statistically significant proteins (up or down, two-
tailed Student's T-test, permutation-based FDR 0.05, SO of 1.5,
n=3) for all urines and conditions with the unique exception of
condition A in urine 1 which was lower than 6%. SM3, shows the
analysis of the quantification coefficient of variation (CV%) for all
the urines tested, as follows: the LFQ values obtained at TO (three
technical replicates) and the LFQ values at T1 (three technical
replicates) were considered together, a medium and a standard
deviation were calculated and then the CV% was also calculated. As
SM3 shows the number of proteins with CV% below 5% for the LFQs
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Fig. 2. (A) Color-coded Pearson'’s correlation values for the binary comparison of technical replicates and conditions tested showing the linearity of protein levels between con-
ditions of storage and/or time of storage. Pearson's correlation values up to 0.99 demonstrate high reproducibility. The magnifications show the correlation between technical
replicates (A1T1 vs. A2T1, for urine 1 and A1T1 vs. A2T1 for urine 2) and for urine 3 and 4 the magnifications show the correlation between different preservation times (urine 3
A2TO vs. A2T1 and urine 4 A1TO vs. A1T1). (B) Volcano plots showing the variation in protein levels with storage condition and storage time. TO: storage time 48 h. T1: storage time 6
months. Red and blue arrows indicate the statistically significant features (two-tailed Student's t-test, permutation-based FDR 0.05 and SO of 1.5, n = 3). (For interpretation of the
references to color in this figure legend, the reader is referred to the Web version of this article.)
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obtained vary from a minimum of 62% to a maximum of 80% of the
total proteins. This excellent result is even better if we consider the
proteins with LFQs with a CV% bellow 10%, where the minimum
was 95% and the maximum was 98%.

3.4. Hierarchical cluster analysis of each storage methods and time

Fig. 3 depicts the hierarchical clusters obtained when all the LFQ
data series for each urine obtained at different storage conditions
and storage time are compared. The LFQ data of each preservation
method for TO and T1 was compared using an ANOVA test (per-
mutation-based FDR, FDR 0.05, SO of 0 [34,35]) and the significant
proteins were normalized by Z-scores. The Z-score offers infor-
mation about how many standard deviations differ from the mean.
Once this data for each technical replicate is selected as explained
above, they are grouped by storage conditions and storage time.
Then, all are compared by unsupervised clustering. The hierarchical
clusters shown in Fig. 3 suggest that data obtained with condition
of storage A (Stabilizor T1 and room temperature) tend to group
together whilst data obtained with condition B (Stabilizor T1 and
-60 °C) and condition C (—20°C) tend to group together. This sec-
ond group cannot be grouped correctly for urines 1, 2 and 3. In
urine 4, conditions A and B are mixed. The aforementioned results
obtained with the hierarchical cluster analysis are in agreement
with the information retrieved from the volcano plots, which
address that the three methods perform equally in terms of
preservation.

3.5. Proof-of-concept: preservation of (i) acute kidney injury
urinary biomarkers; (ii) kidney tubular injury; and (iii) FDA -cleared
or -approved protein assayed in serum or plasma

To further investigate the preservation conditions studied in this
work we decided to check the status of different urinary bio-
markers of (i) Acute Kidney Injury (AKI), namely neutrophil
gelatinase-associated lipocalin and cystatin-C; (ii) kidney tubular
injury, namely clustering and osteoporin; and (iii) other 20 FDA
-cleared or -approved protein assayed in serum or plasma [36].
Thus, a total of 24 biomarkers was assessed. Further details about
the selected biomarkers, are shown in Fig. 4 and Supplementary
Material SM4.

Over the last decade, different biomarkers have been studied
and identified to diagnose AKI disease [37], and thus It can be found
in literature the effect of urine storage at - 70 °C on the preservation
of different AKI biomarkers. As an example, Liu et al. [38], have
found in a study about biomarker preservation at - 70 °C that there
was no significant impact of storage time over a median of 18
months on urine KIM-1, NGAL, IL-18 or L-FABP biomarkers in hos-
pitalized samples; but a statistically significant effect towards a
decrease over time was noted for KIM-1 in outpatient samples. In
our case, the number of biomarkers with LFQ variation lower that
5% between the analysis done after 48 h and after 6 months
(considering the three conditions evaluated) was around 20 +2
(n=24, range 16—24) as depicted in Fig. 4. The number of bio-
markers with a variation comprised between 5% and 10% was 3 +2
(n= 24 range 0—6) and the number of biomarkers with a variation
between 10% and 20% was 1+ 1 (n=24, range 0—2). The afore-
mentioned results are a good indicative that the three conditions
assessed in this study works well. Interestingly, some of the bio-
markers assessed in this proof of concept are typically used in
studies done with plasma samples. Furthermore, we show here
that such biomarkers can be found also in urine and that they are
well preserved at least for six months. As an example, for the NGAL
protein our result is in agreement with the one reported by Liu et al.
[38] and by van de Vrie et al. [39] who claim that the levels of this

Intensity

Fig. 3. Cluster analysis presenting the variation of proteins levels between the
different conditions of storage and different time of storage. The profiles of preser-
vation for conditions A present higher similarities among them and cluster together
whiles the profiles for samples preserved at low temperature, condition B and con-
dition C, cluster together.

biomarker remain substantially the same at —70°C and —80°C,
respectively, for 6 months. The variation for this biomarker was
lower than 5% in all the comparisons done by us as shown in
Table SM1, thus confirming that preservation at low temperatures
works well, as it also works the preservation using the snap-heat
shock filter aided method. Further literature is in agreement with
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Fig. 4. Comparison of LFQ intensities for 24 selected -cleared or -approved protein assayed in serum or plasma between TO (48 h) and T1 (6 months) for the 3 conditions tested in
this study. It can be seen that most of the biomarker’s present variations lower than 5% between TO and T1. Serum and plasma biomarkers (blue): Albumin, 2-1-acid glycoprotein, 2~
1-antitrypsin, 2-2-HS-glycoprotein, #-2-macroglobulin, amylase, antithrombin III, apolipoprotein Al, -2 microglobulin, biotinidase, ceruloplasmin, complement C3, fibrinogen,

fibronectin, her-2/neu protein, lactoferrin, pl prostatic acid ph

pyruvate kinase, thyroxine binding globulin. Urinary biomarkers (orange): clusterin, cystatin C,

neutrophil gelatinase-associated lipocalin, osteopontin. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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us, as Collins et al. [40] reported albumin preservation during
6 months at —20 °C with no significant changes; and Giensen et al.
[41] reported albumin and NGAL preservation at room temperature
(18°C) and at —20°C with the addition of boric acid with no
changes for 1 week.

4. Conclusions

The work here presented shows clearly that the use of heat
stabilization in combination with the FASP approach allows pres-
ervation and further processing of the entire urine proteome within
six months without the need of storing the sample in a freezer. Such
a novel approach is going to change the way urine proteome is
preserved as space and conditions needed for storage are dramat-
ically simplified. The risk of sample degradation caused by
misfunction of freezers is also overcome, decreasing the cost of
sample storage. Furthermore, the use of FASP approach to pre-
concentrate the urinary proteins simplifies storage and transport of
samples. The approach presented in this work opens new per-
spectives in sample preservation as it would be interesting to test
for how long samples can be preserved at room temperature using
heat stabilization. Finally, although this method has been applied to
urine, it can be extended to any liquid biopsy such as serum and
plasma. Therefore, it is expected that this study will open new
avenues for other types of liquid biopsies.
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ABSTRACT: We propose a new high-throughput ultrafast method
for large-scale proteomics approaches by speeding up the classic filter
aided sample preparation protocol, FASP, from overnight to 2.5 h.
Thirty-six samples can be treated in 2.5 h, and the method is scalable
to 96-well plate-based pipelines. After a modification of the FASP-
tube, the steps of protein reduction, protein alkylation, and protein
digestion of complex proteomes are done in just 5.25 min, each one
under the effects of an ultrasonic field (7 cycles: 30 s on and 15 s
off). The new method was compared to the standard overnight
digestion FASP protocol, and no statistical differences were found for
more than 92.4%, 92%, and 93.3% of the proteins identified by
studying the proteome of E. coli, mouse brain, and mouse liver tissue
samples, respectively. Furthermore, the successful relative label-free
quantification of four spiked proteins in E. coli samples, BSA, f-lactoglobulin, a-casein, and a-lactalbumin, was achieved, using either
the ultrasonic-based FASP protocol or the classic overnight one. The new US-FASP method matches the analytical minimalism rules
as time, cost, sample requirement, reagent consumption, energy requirements, and production of waste products are reduced to a
minimum while maintaining high sample throughput in a robust manner as all of the advantages of the filter aided sample
preparation protocol are maintained.
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Mass spectrometry-based bottom-up protein quantifica-
tion of complex proteomes relies on extensively
handling and time-consuming approaches; all of them share
several steps, including proteome extraction and solubilization,
fractionation of the proteome (to reduce complexity),
reduction and alkylation of protein disulfide bonds, and
proteome digestion using enzymes.1

The protein digestion step is the most time-consuming in
the pipeline for proteome-wide quantification, as the standard
protocols often rely on overnight incubations lasting up to 18
h."”” Therefore, attempts to reduce such time-consuming steps
are reported in the literature. Thus, it has been demonstrated
that the enzymatic digestion of proteins can be accelerated
through an array of different tools, including microwave
energy, infrared energy, heating, electrical fields, ultrasonic
energy, and immobilized enzymes.”” In this context, ultrasonic
energy as a way to speed up digestion of complex proteomes
for protein identification from overnight to some minutes was
first reported in 2005 by Ferrer et al.* Subsequent develop-
ments of this methodology showed that ultrasonic energy can
also accelerate from tens of minutes to some few the reduction
and alkylation of protein’s disulfide bonds.”™"" Furthermore, it
has been shown recently that ultrasonic energy can also be
successfully applied in the format of a 96-well plate, which thus
makes it possible to digest 96 samples in just 4 min.'” As the
methodology was applied for protein identification, it remains

© 2020 American Chemical Society

" 4 ACS Publications
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unknown if such an approach can also be applied for protein
quantification by mass spectrometry.

Filter aided sample preparation (FASP) is a frequently used
sample treatment method in proteomics.'”'* The method uses
ultrafiltration membrane for protein handling and isolation of
clean peptide fraction. In brief, in-solution complex protein
mixtures are separated from other components using an
ultrafiltration device where a membrane, with a certain cutoff,
is used to retain the proteome content, while allowing the
removal of smaller contaminant molecules and interfering
buffers. With use of such membranes as a solid support,
proteins are first reduced, then alkylated, and finally digested.
Furthermore, there is an array of membranes types and cut-offs
that make this method extremely versatile for proteomics. The
FASP protocol offers a convenient way to handle the different
steps of complicated workflows for proteome-wide quantifica-
tion.

Received:  April 6, 2020
Accepted: June 2, 2020
Published: June 2, 2020

https://dx.doi.org/10.1021/acs.analchem.0c01470
Anal, Chem. 2020, 92, 9164-9171

Luis B. Carvalho | NOVA University

219



PhD Thesis | Appendix B

Analytical Chemistry

pubs.acs.org/ac

In the present work, ultrasonic energy is introduced as a tool
to speed up sample preparation in the standard FASP pipeline,
and this new approach is named US-FASP. The ultrafiltration
membrane in FASP acts as a proteomic reactor for detergent
removal and buffer exchange, while ultrasonic energy is used to
speed up chemical reactions and protein digestion. Overall, the
treatment time is reduced from overnight to 2.5 h, which
allows 36 samples to be processed simultaneously and
facilitates high throughput sample preparation.

B EXPERIMENTAL SECTION

E. coli Proteome. E. coli samples were prepared using the
ReadyPrepTM E. coli lysate sample from BioRad, following the
manufacturers’ instructions with minor modifications, as
described in Supporting Information SI1. In some experiments
to access the different methods’ reproducibility, five different
known concentrations of bovine serum albumin (BSA), f-
lactoglobulin, a-casein, and a-lactalbumin were spiked to the
E. coli proteome.

Mouse Liver and Brain Proteomes. Fresh frozen mouse
liver and brain were obtained from Patricell Limited. Tissue
proteome extraction was performed as described in SI2. Total
protein content was determined by the Bradford protein assay.

Filter Aided Sample Preparation (FASP). The standard
overnight digestion FASP, ON-FASP, depicted in Figure 1A,
was used to process the E. coli, mouse brain, and liver
proteome with a few minor modifications.'>™"* A total of 100
g of E. coli protein was loaded in a membrane with a 10 000
molecular weight cutoff (MWCO). The same amounts of
mouse brain and liver protein were loaded in a membrane with
a 30000 molecular weight cutoff (MWCO). The proteins
present in the membrane were washed with 200 xL of 8 M
urea, 25 mM AmBic solution and then centrifuged for 20 min
at 14 000g. E. coli samples were reduced by adding 200 uL of
50 mM dithiothreitol (DTT) in 8 M urea and 25 mM AmBic
and incubated for 60 min at 37 °C. Mouse brain and liver
proteomes skipped the step of reduction as the lysis buffer had
this already incorporated. A centrifugation of 20 min at
14 000g was then done, and the sample was alkylated during 45
min in the dark by the addition of 100 xL of 50 mM
iodoacetamide (IAA) in 8 M urea and 25 mM AmBic solution.
Subsequently, a centrifugation of 20 min at 14000g was
processed, and then the sample was washed twice with 200 uL
of 25 mM AmBic. Finally, protein digestion was initiated by
the addition of 100 uL of 1:30 trypsin in 12.5 mM AmBic
solution. Protein digestion was proceeded overnight (approx-
imately 16 h) at 37 °C, and then the peptides were collected by
20 min of centrifugation at 14 000g. To ensure that all of the
peptides were extracted, 100 L of 3% (v/v) acetonitrile and
0.1% (v/v) formic acid were added followed by a
centrifugation of 20 min at 14000g. This previous step was
repeated one more time, and then the peptides were
transferred to a 500 uL microtube, dried, and stored at —20
°C until further peptide quantification (SI3) and analysis by
Nano-LC—MS/MS (SI4).

Ultrasonic-Based Filter Aided Sample Preparation
(US-FASP). The US-FASP depicted in Figure 1A was used to
process the protein E. coli, mouse brain, and mouse liver
proteome and compared to the standard FASP described
above. The same workflow, including cleaning steps, as
described before, was used; however, ultrasound energy was
applied to speed up the reduction, alkylation, and digestion
steps. Briefly, the proteins were reduced by adding 200 uL of
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Figure 1. Ultrasonic-based filter aided sample preparation workflow
and optimization. (A) Different methods, standard overnight
digestion FASP (ON-FASP) and ultrasound FASP (US-FASP),
were used to process E. coli, mouse brain, and liver proteomes.
Ultrasound energy was used to speed up the reduction, alkylation, and
digestion FASP steps. (B) Effect of ultrasound energy in $ cm X § em
aluminum foils. (1) 30 s ultrasonic time, UT, in an ultrasound bath at
100% ultrasonic amplitude, UA, and 35 kHz ultrasonic frequency, UF.
(2) 30 s UT in an ultrasound bath at 100% UA and 130 kHz UE. (3)
305 UT in an ultrasonic microplate horn assembly at 25% UA and 20
kHz UF. (4) 5.25 min UT in an ultrasonic microplate horn assembly
at 25% UA and 20 kHz UF (0.5 cm X 0.5 cm aluminum foil inside the
FASP tube). (C) Digestion time optimization. Different total elapsed
ultrasound digestion times (30, 60, 180, 210, and 240 s) were
accessed using the ultrasonic microplate horn assembly at 25% UA
and 20 kHz UF and compared to the ON-FASP. (D) Ultrasound in
the reduction, alkylation, and digestion steps. Bars with gray color
with and without dots represent different batches of E. coli. Different
conditions using the ultrasonic microplate horn assembly were done
(1, no reduction and alkylation step, use of ultrasound energy in the
digestion; 2, standard alkylation step and use of ultrasound energy in
the reduction and digestion step; 3, use of ultrasound in the
reduction, alkylation, and digestion step) and compared to the ON-
FASP (4, S).

50 mM dithiothreitol (DTT) prepared in 8 M urea and 25
mM AmBic. Tissue samples skipped the step of reduction as
this was already done during the tissue homogenization using
the lysis buffer. Ultrasound energy was then applied using the
ultrasonic microplate horn assembly for 5.25 min (7 cycles: 30
s on and 15 s off UT, 25% UA, 20 kHz UF). Afterward,
centrifugation for 20 min at 14 000g was done, followed by
protein alkylation by the addition of 100 gL of 50 mM
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iodoacetamide (IAA) prepared in 8 M urea and 25 mM AmBic
solution. The alkylation step was sped up using the ultrasonic
microplate horn assembly during $.25 min (7 cycles: 30 s on
and 15 s off UT, 25% UA, 20 kHz UF). Finally, 100 uL of 1:30
trypsin in 12.5 mM AmBic solution was added, and the protein
digestion was processed using the ultrasonic microplate horn
assembly for 5.25 min (7 cycles: 30 s on and 15 s off UT, 25%
UA, 20 kHz UF). Peptides were dried and stored at —20 °C
until further peptide quantification (SI3) and analysis by
Nano-LC—MS/MS (SI4).

Nano-LC—MS/MS. Analysis was carried out using an
Ultimate 3000 nano LC system coupled to an Impact HD
(Bruker Daltonics) with a CaptiveSpray nanoBooster using
acetonitrile as the dopant. Further details are provided in SI4.
The mass spectrometry proteomics data have been deposited
to the ProteomeXchange Consortium®’ via the PRIDE®
partner repository with the data set identifier PXD018360.

Label-Free Protein Quantification and Statistical
Analysis. Relative label-free quantification was carried out
using MaxQuant software V1.6.10.43. All raw files were
processed in a single run with default parameters.'®!” Database
searches were performed using the Andromeda search engine
with the UniProt - Proteome_UP000000625, which contains
proteins from E. coli and the sequences from the spiked
proteins that were added to the fasta file."® Data processing
was performed using Perseus (version 1.6.5.0) with default
settings}q Protein group LFQ_intensities were log 2-trans-
formed, and the quantitative profiles were filtered for missing
values with the following settings: min valid percentage of 70%
in at least one group and values greater than 0. To overcome
the obstacle of missing LFQ_ values, missing values were
imputed using the parameters, with = 0.5 and down shift =
1.8." Log ratios were calculated as the difference in average
log 2 LFQ intensity values between the tested conditions (two-
tailed, Student’s ¢ test, permutation-based FDR 0.05 and SO of
0.1).

B RESULTS AND DISCUSSION

Initial Considerations about Variables Affecting
Ultrasonic Performance. Previous research performed in
our laboratory has recently shown that the ultrasonic
microplate horn assembly is the ultimate ultrasonic tool to
speed up complex proteomics pipelines as 96 samples can be
digested in 4 min, and volumes as low as 10 uL can be
handled.'” Thus, the analytical minimalism rules, as explained
by Halls, are a::complished.12'20 We have also shown that high
intensity focused ultrasonic energy has two effects over
enzymatic kinetics, first speeding up the kinetics and then,
after S min, inactivating the enzyme.“ Therefore, ultrasonic
energy was not applied in this work for longer than 5 min. We
have observed that ultrasonic amplitudes higher than 25% led
to the rapid deterioration of the microplate horn assembly
surface, but we demonstrated that for in-solution digestion of
complex proteomes, such as E. coli lysates and tissue extracts, a
25% ultrasonic amplitude is adequate to speed the overnight
proteome digestion process up to 4 min (intervals of 30 s on
and 15 s off). Consequently, the ultrasonic amplitude chosen
was 25%."

Effect of Ultrasonic Frequency over the FASP
Membrane. The implosion of ultrasonic nanobubbles
generated by high-intensity ultrasound produced at frequencies
between 20 and 40 kHz creates shock waves with disruptive
effects.”””" However, at higher frequencies, this disruptive

9166

effect is less intense. Figure 1B1 and B2 shows two aluminum
foils (S X 5 cm) that were exposed to an ultrasonic field
generated in an ultrasonic bath. Figure 1B1 clearly shows the
disruptive effects over the aluminum foil of ultrasound
generated at a frequency of 35 kHz, while Figure 1B2 shows
that at a frequency of 130 kHz there is no disruption. The
ultrasonic well plate works at a frequency of 20 kHz, and thus
has a disruptive effect, which could potentially affect the
membrane of the FASP tube. The difference in cavitation
effects between the ultrasonic bath and the microplate horn is
visualized in Figure 1B3, where it may be seen that the
microplate horn’s disruptive effect is more intense when the
following conditions were used to deliver ultrasound:
aluminum foil S X S ecm, 30 s UT, 20 kHz UF, 25% UA.
Therefore, the first task was to investigate the integrity of the
FASP membrane. To this end, the effect of ultrasound energy
over the FASP membrane was tested by introducing an
aluminum foil in the FASP tube just over the membrane as
depicted in Figure 1B4 (7 cycles: 30 s on and 15 s off UT, 25%
UA, 20 kHz UF). It was found that the microtube walls have a
protective effect, which diminishes the disruptive effects of
ultrasound, as no disruption was observed either in the
aluminum foil or in the FASP membrane (Figure SIS). This
fact was later confirmed by the results obtained for protein
identification and quantification as shown below. Moreover, no
membrane polymers were observed in the mass spectra.
However, during the first experiments with ultrasound, water
was observed inside the FASP tubes after some tens of seconds
of ultrasonication. To avoid this effect, it was necessary to
develop a small modification on the FASP tube design
consisting of the addition of two O-rings, as shown in video
S1. Finally, once it was verified that (i) no degradation of the
FASP membranes was observed under the effects of an
ultrasonic field and that (ii) no water entered inside the FASP
tube during ultrasonication, the next step was to assess the
acceleration of the FASP protocol using ultrasonic energy.
Effect of Time of Ultrasonication in the FASP-Based
Digestion Protocol. The workflow of complex proteomes
can be divided into three main steps: reduction, to break
disulfide bonds; alkylation, to inactivate sulfur groups, which
thus hampers disulfide bonds from forming again; and finally
protein cleavage using trypsin, also known as the protein
digestion step. The latter is by far the step that consumes more
time as it is generally done overnight (18 h). Therefore, our
first efforts were oriented to shorten this step. To this end, a
series of E. coli samples were digested overnight following the
standard FASP. Other series of the same E. coli were also
digested under the effects of an ultrasonic field during different
times, comprising the range 0.5—4 min (reduction and
alkylation were done with no US applied for both sets of
samples). If the success of the digestion is measured as the
concentration of peptides obtained with the overnight
digestion protocol, Figure 1C shows that after 3 min of
digestion under the effects of an ultrasonic field, the peptide
content of the ultrasonically digested sample is 91 + 8% of the
sample digested overnight. Therefore, an ultrasonication time
of 5.25 min was settled as optimum for the digestion protocol
(7 cycles: 30 s on and 15 s off UT, 25% UA, 20 kHz UF).
Effect of Ultrasonication in Reduction and Alkylation
Steps. Once it was verified that the overnight digestion
process in the FASP membrane can be accelerated to 5.25 min,
it was investigated if the alkylation and digestion processes
could be also shortened. To this end, a series of experiments

https://dx.doi.org/10.1021/acs.analchem.0c01470
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Figure 2. E. coli proteome digestion using the US-FASP and ON-FASP. (A) Venn diagram of the identified peptides and proteins in the US-FASP
and ON-FASP. Different proteins identified in each method with a filter of 70% in at least one group. (B) Volcano plot showing the variation in
protein levels in the comparison of ON-FASP versus US-FASP. Proteins were normalized by the median of each protein, and a two-tailed Student’s
t test (FDR 0.05 and SO of 0.1, n = 8) was used for statistical analysis. Blue and red color dots represent the statistically significant proteins
(numbers inside the colored circles), while the gray dots represent the nonstatistically significant proteins, respectively. (C) Protein molecular
weight rank in the methods of digestion ON-FASP and US-FASP. (D) Hierarchal clustering with average linkage using the statically significant
proteins (two-tailed Student’s f test, FDR 0.05 and SO of 0.1, n = 8). (E,F) Batch effect in each method. Protein levels were normalized by the
median of each protein, and statistically significant changes were detected using a two-tailed Student’s ¢ test (FDR 0.05 and SO of 0.1, n = 4). (G)
Correlation plot and density from the comparison of ON-FASP versus US-FASP. Correlation plot of the proteins with median-based normalization
shows a distribution centered around 1, which reflects a lower variation between the tested methods.

were designed in which E. coli extracts were submitted to
reduction, alkylation, and digestion, with and without the
effects of an ultrasonic field (7 cycles: 30 s on and 15 s off UT,
25% UA, 20 kHz UF). First, it was investigated whether the
process could be done by applying ultrasound only in the
digestion step, while skipping the alkylation and reduction
steps. The results of this experiment are shown in Figure 1D1,
and it may be seen that 60% of the expected peptide
concentration is obtained. Next, we apply ultrasound only in
the reduction and digestion steps, while skipping the
application of ultrasound in the alkylation process. However,
the results were not satisfactory as only 80% of the expected
peptides were obtained (Figure 1D2). Finally, when all of the
steps, reduction, alkylation, and digestion, were done under the
effects of an ultrasonic field, the concentration of peptides was
more than 90% of the expected amount (Figure 1D3). Thus,
the set of experiments described above showed that ultrasonic
energy conveniently speeds up each step of the proteomic
workflow (Figure 1D4 and DS).

Finally, in further experiments, and as best conditions, for
each step assessed (reduction, alkylation, and digestion), 525
min of ultrasonication time was applied in periods of 30 s
followed by resting periods of 15 s seconds (total time of 5.25
min UT, with a 25% UA and at an UF of 20 kHz).

Mass Spectrometry Label Free-Based Protein Quan-
tification: Ultrasonic-Based FASP versus Classic Over-
night FASP. Figure 2 shows the comparison of ultrasonic-

9167

based FASP protocol, US-FASP, versus classic overnight FASP,
ON-FASP, protocol using E. coli samples and label free-based
mass spectrometry (n = 2 different batches for each protocol
run in two different days, with two technical replicates each
batch, resulting in a total of four samples for each method).
The two conditions tested resulted in 11 653 unique peptides
and 1053 proteins, Figure 2A. Of the unique peptides
identified, 8583 (73.7%) were found common for both
methods, from which (i) 7022 peptides (81.8%) had no
missed cleavages, (i) 1432 peptides (16.7%) had one missed
cleavage, and (iii) 125 unique peptides (1.5%) had two missed
cleavages. Of the 1053 identified proteins, 995 (94.5%) were
found common for both methods, Figure 2A. The second step
was to quantify differences in digestion efficiency across the
detected proteome. These differences are shown in Figure 2B.
This volcano plot shows that only 25 proteins are differentially
digested, which represents 2% of the detected proteome (two-
tailed Student’s t test, FDR 0.05 and SO of 0.1, n = 8). This
result shows the similarity of both proteomic pipelines (Figure
S16). Furthermore, Figure 2C shows that the majority of the
2% of proteins found with different digestion efficiencies are of
a molecular weight below 50 kDa. Interestingly, when these 25
proteins are used to generate a hierarchical clustering, Figure
2D, it becomes evident that such proteins are preferentially
digested either by the US-FASP or by the ON-FASP. This
observation is in agreement with the results reported
previously.”"*

https://dx.doi.org/10.1021/acs.analchem.0c01470
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1-5.

The reproducibility for each method was assessed as the
difference between two batches of the same sample done in
different days, and it is shown in Figure 2E and F. These
volcano plots show that the interdaily variability of both
methods is negligible (two-tailed Student’s ¢ test, FDR 0.0S
and SO of 0.1, n = 4 each method). When the 1053 protein
LFQ values obtained after finishing each experimental pipeline
are compared using the median-based normalization, the
distribution is centered around 1, as shown in Figure 2G,
which further reflects the few differences between both US-
and ON-sample treatments.

Performance of Ultrasonic-Based FASP. To verify the
homogeneity of the ultrasonic effects inside the microplate
horn, E. coli samples were distributed randomly and were
spiked at different levels with four proteins, as depicted in
Figure 3A and B. The samples then were overnight or
ultrasonically digested as depicted in Figure 3C. When the
complete set of E. coli proteins of each sample is identified and
quantified and then used to cluster the samples, the
reproducibility as expressed by the Pearson correlation value
is higher than 0.985 (Figure 3D), which shows that the
digestion of the E. coli proteomes is done with the same
efficiency in all of the positions and thus concludes that the
effects of the ultrasound energy are homogeneously distributed

9168

in the entire microplate horn. Moreover, when the ultrasonic
treated samples are compared to the overnight treated ones
(Figure 1D), the Pearson correlations are higher than 0.94S,
which again indicates that for a few proteins both methods
perform slightly different but for the majority both perform
equally.

Ultrasonic-Based FASP Label-Free Quantification of a
Set of Spiked Proteins in E. coli Samples. To get a deeper
insight into the potentialities of the proposed US-FASP
method, E. coli samples were spiked with four known proteins,
BSA, f-lactoglobulin, a-casein, and a-lactalbumin. The known
protein amount ratios (Figure 3A) between samples were
compared to their respective mass spectrometer signal ratios
(LFQs ratio) using the formulas:

Spikeg,.
pmol ratio (theo) = ——=
Spikes, )
X LFQ,
LEQ ratio (exp) = _—Q“
X LFQ @

where x and y can be samples S1, S2, S3, $4, or S5, Spikeg, and
Spikeg, refer to the spikes added to the samples as they are
presented in Figure 3A, and LFQs, and LFQ, refer to the

https://dx.doi.org/10.1021/acs.analchem.0c01470
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Figure 4. Mouse liver and brain proteome digestion using the US-FASP. (A—C) Quantitative proteomics analysis using the US-FASP and ON-
FASP methods in brain mouse tissues. (D—F) Quantitative proteomics analysis using the US-FASP and ON-FASP methods in liver mouse tissues.
(A and D) Batch and plate position effect in the US-FASP method. Volcano plot comparing each batch of tissue with random position in the
ultrasonication plate. Protein levels were normalized by the median of each protein, and the different quantified proteins were obtained using a two-
tailed Student’s ¢ test (FDR 0.05 and SO of 0.1, n = 4). Blue and red color dots represent the statistically significant proteins (numbers inside the
colored circles), while the gray dots represent the nonstatistically significant proteins, respectively. (B and E) Protein quantitative levels comparison
between the US-FASP and ON-FASP methods. Volcano plot comparing the protein levels in each method. Protein levels were normalized by the
median of each protein, and the different quantified proteins were obtained using a two-tailed Student’s f test (FDR 0.05 and S0 of 0.1, n = 8). (C
and F) Venn diagram with the proteins identified by US-FASP and ON-FASP method. Different proteins identified in each method with a filter of
70% presence in at least one group. (G) Cluster of the mouse brain and liver tissues processed by ON-FASP and US-FASP. Protein identified with
a filter of 70% presence in at least one group was normalized by Z-score and a multisample test; ANOVA (FDR 0.0, n = 16) were plotted in a
hierarchal clustering. (H) Number of peptides identified in each tissue type with the different FASP methods used. ON-FASP method is
represented by the green color bars and US-FASP by the blue color bars.

respective mass spectrometry data of samples x and y. The Ultrasonic-Based FASP versus Classic FASP Label-
quantification results are depicted in Figure 3E, where it may Free Quantification of a Set of Spiked Proteins in E. coli
be seen that for proteins BSA, f-lactoglobulin, and a-casein the Samples. The final insight was done by comparing the values
spiked ratios match close to the LFQ ratios, which is reflected of the US-FASP versus ON-FASP for the four spiked proteins
in the regression coefficients close to 1. For the case of a- as follows:

lactalbumin, the match is worst, with a regression coefficient of

ca. 0.7. Spikeg; on

| ratio (theo) =
In an ideal situation, where the proteins are efficiently el xatlo (She) Spikes, ys (4)

digested and where the LFQs are proportional to the protein
concentration, the ratio using the formula

X LFQ,
) LFQ ratio (exp) = ——— N
ratio = LEQratio (exp) B TRy ®
pmol ratio (theo) (3)

where Spikeg, s can be ultrasonic treated samples S1, S2, S3,
should be 1. When this ratio is calculated for the different S4, or SS, Spikeg, o refers to the sample treated overnight (see
positions inside the microplate horn, as shown in Figure 3F, it Figure 3C), LFQs, g refers to the mass spectrometry data of
can be seen that the effects of ultrasonic energy are ultrasonic treated samples S1, S2, S3, $4, or S5, and LFQg, on
homogeneously distributed all over the surface, with the best refers to the mass spectrometry data obtained for the sample

results being obtained for BSA and the worst for a-lactalbumin. treated overnight.
Thus, for BSA protein, the differences between the pmol ratios The ratio, using formula 3, was then calculated. This ratio

and the LFQs ratios were up to 6% (n = 10, range 1—13.5%), should ideally be 1. It can be seen in Figure 3G that proteins
for the f-lactoglobulin they were 20% (n = 10, range 15—22%), BSA, flactoglobulin, and a-casein are digested at the same

and for a-casein they were 15% (n = 10, range 6—19%). For a- level using either the ultrasonic or the overnight method. For
lactalbumin, the results were the worst, and the difference was the case of the a-lactalbumin, the digestion was better for the
56% (n = 10, range 35—91%). overnight method, almost 1.5 times better.

9169 https://dx.doi.org/10.1021/acs.analchem.0c01470
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Application to Brain and Liver Tissue Samples. The
optimum sample treatment conditions were also applied to
tissue samples. To this end, brain and liver tissue samples were
submitted to the protein extraction explained in the
Experimental Section, and, of each protein tissue extract,
four subsamples were made. These subsamples were divided
into two groups of two samples each. Samples were digested
with the optimized conditions in different positions inside the
microplate horn in different days as depicted in Figure 1. The
results are shown in Figure 4. The first interesting fact is that
no differences were found neither in the number of proteins
nor in their quantification values when the analysis was done
on different days (Figure 4A and D). Moreover, the same data
also reflect that the position where the digestion is done inside
the microplate horn does not affect the digestion efficiency
(Figure 4B and E). Furthermore, the number of common
proteins identified for each tissue type was almost the same
regardless of the sample treatment used, 1134 (93.3%) for the
brain tissue and 1097 (92%) for the liver tissue (Figure 4 C
and F, respectively). In addition, the number of peptides
identified was also similar for each method and each tissue type
(Figure 4H). Finally, the data obtained also allow a nice
classification of both tissues (Figure 4G).

B CONCLUSION

A novel ultrasonic-assisted filter aided sample preparation
protocol has been developed for large-scale proteomics
approaches, which allows high sample throughput and reduces
the treatment time from 18 to 2.5 h for a total of 36 samples.
The method is scalable to 96 samples using 96-well plates and
virtually applicable to similar digestion platforms such as S-
Trap.”” We foresee this method as the universal one for
proteomics pipelines as it paves the way to clinical proteomics
in hospitals because it is of easy handling as the operator needs
no special skills. Also, this method matches perfectly the new
high-resolution mass spectrometers that allow fast chromato-
graphic runs in 15 min, which thus allows one to measure the
proteome of about 100 samples a day per spectrometer.
Further, shortening of the sample processing time can be
achieved by skipping the cysteine alkylation step.®
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Normalization is a crucial step in proteomics data analysis as it enables data adjustment and enhances compa-
rability between datasets by minimizing multiple sources of variability, such as sampling, sample handling,
storage, treatment, and mass spectrometry measurements. In this study, we investigated different normalization
methods, including Z-score normalization, median divide normalization, and quantile normalization, to evaluate
their performance using a case study based on renal cell carcinoma datasets. Our results demonstrate that when

comparing datasets by pairs, both the Z-score and quantile normalization methods consistently provide better

results in terms of the number of proteins identified and quantified as well as in identifying statistically sig-
nificant up or down-regulated proteins. However, when three or more datasets are compared at the same time
the differences are found to be negligible.

1. Introduction

Some analytical chemists encounter significant challenges in
analyzing large-scale proteomics data using bioinformatics tools, often
because these topics are not sufficiently developed in undergraduate or
post-graduate programs. As a result, analytical chemists may need to
acquire additional skills and knowledge to effectively handle these types
of data. From an analytical chemistry point of view, the so-called shot-
gun-based proteomics workflows are characterized by multiple sources
of variability, including sampling, sample handling, sample storage,
sample treatment and mass spectrometry measurements [1,2]. For
instance, analytical chemists know that large-scale and longitudinal
studies often encounter a source of variation associated with the

difference in storage time and ageing of the samples [2,3]. Samples are
typically collected and prepared at different times during the study,
introducing an environmental factor that may affect the data. This factor
may be compounded by other variables, such as the collection of sam-
ples in different centres or countries, which may be subjected to varying
numbers of freeze-thaw cycles. In addition, the sample collection pro-
tocol may be applied with different levels of attention by different op-
erators, which can lead to unwanted differences in the samples.
Furthermore, transporting the samples to the laboratory where they will
be stored or analysed can also introduce noise into the data, as the
transportation conditions may vary, potentially altering the samples
differently. Finally, in a typical shot-gun proteomics workflow, samples
are collected and treated in the analytical laboratory before being stored
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Fig. 1. Schematic representation of the data process applied to the proteomic data when comparing Neat Adjacent Tissue, NAT (control group) against multiple renal
tumour types. A: Type and number of tumours (description of patients is given in Table SM1). B: Data treatment for the proteins quantified using the five datasets. C:
Types of normalization made: Z-Score, median divide, Quantile and types of comparisons done: Volcano plots, Cluster analysis and Multisample Test Anova.

or investigated using mass spectrometry. The samples are then cleaved
with various enzymes depending on the experimental strategy, and the
resulting cleavage proteome composed of thousands of peptides is sub-
jected to chromatography-mass spectrometry analysis. The noise
generated during the pipeline of work, from sampling to mass spec-
trometry, makes shot-gun proteomics challenging to compare samples,
extract meaningful information and derive accurate conclusions. The
ultimate tools to overcome this challenge of variability in shotgun pro-
teomics workflows are the so-called normalization methods [4-6].

Normalization is a method used to adjust the data obtained from
different samples, platforms, or batches to remove unwanted variability
and enhance comparability between the datasets. It involves applying a
mathematical correction to the data to reduce the effects of systematic
technical variation and other sources of bias. The choice of normaliza-
tion method depends on the nature of the data and the research question
at hand [7-9]. However, this choice is not as simple as it seems at first
glance. The importance of selecting an appropriate normalization
method is critical to obtain well-grounded results. Therefore, selecting
the optimal way to normalize data has important implications, as it
significantly impacts downstream analyses, delivering different results
depending on the normalization method selected [1,10,11]. Although
several studies have evaluated different proteome normalization ap-
proaches, primarily focusing on their ability to enhance data repeat-
ability, there is no consensus about which normalization method must
be used, or whether the use is conditioned by the number of groups or
the number of samples in each group [10,12-15].

There are several normalization methods, but the most popular ones
include Z-score normalization, median divide normalization, and

quantile normalization.

The z-score normalization method creates an induced normal matrix
by subtracting to each protein in each sample their respective median
across all samples in the dataset and then dividing each protein value by
the standard deviation of the respective protein across all samples. This
process forces the dataset to follow a normal distribution, which can
improve the accuracy of downstream statistical analyses. By normal-
izing the data in this way, the z-score normalization method can address
variations in the data, making it a valuable tool for data normalization in
proteomic studies [10].

The median divide normalization approach involves dividing all
results by the median, which reduces the impact of bias caused by
equipment variations and makes the data more comparable to other
assays. This method is particularly useful when dealing with large
datasets that are collected over time and across different batches, as it
reduces the variation in the data introduced by the technical aspects of
the assay. The median divide normalization method is a reliable
approach for comparing protein expression levels between different
samples and provides an accurate representation of the overall distri-
bution of the data. However, this method may not be appropriate for
datasets with extreme values or when most values are close to zero [7].

The quantile normalization involves substituting the value of each
data point in a sample with the mean of the corresponding quantile,
thereby modifying the data distribution of each sample to be identical.
This normalization method is particularly useful for comparing samples
with different distributions. By standardizing the distribution of each
sample, quantile normalization can improve the accuracy and repro-
ducibility of downstream analyses, such as differential expression
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Fig. 2. Comparison of the numbers of proteins found statistically differentially expressed using each normalization method when comparing the near adjacent tissue

(NAT) against each renal tumour type. Each column represents the volcano plots

1

q

using one nor

lization method: A: Z-score; B: Quantile; C: Median. Each

row shows the comparison by pairs (Volcano plot, according to Student’s i-test, FDR 0.05 and Sg of 0.1, red dots: overexpressed proteins in NAT; blue dots over-
expressed proteins in tumours). chRCC: chromophobe renal cell carcinoma; ccRCC: clear cell renal cell carcinoma; pRCC papillary renal cell carcinoma; RO: Renal
oncocytoma. D: column summarizes the common and uncommon proteins found among pair comparisons for each normalization method.
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analysis and pathway analysis [6,16,17].

In a previous work [18], we applied Z-Score normalization and the
Total Protein Approach (TPA) to proteomic data derived from renal
carcinoma solid biopsies. Thus, near adjacent tissue (NAT), Papillary
Renal Cell Carcinoma (pRCC), Clear Cell Renal Carcinoma (ccRCC),
Chromophobe Renal Cell Carcinoma (chRCC) and Renal Oncocytoma
(RO), samples were interrogated with the main aim of obtaining new
immunohistochemical markers for diagnosis and prognosis. The best
biomarkers found via mass spectrometry, namely perilipin-2 (PLIN2),
beta-tubulin III (TUBB3), lysosomal-associated membrane protein-1
(LAMP1) and hexokinase-1 (HK1) were later successfully validated
using tissue microarrays.

In the present work, the complete mass spectrometry datasets ob-
tained for the different types of renal carcinomas and NAT are interro-
gated using bioinformatic pipelines differing only in the selected
normalization methods, namely Z-score, median divide and quantal
normalization. Selecting these specific tumour types allows for a
comprehensive analytical assessment of the normalization methods in a
clinically relevant context. Through this evaluation, we aim to provide
insights into the selection process of appropriate normalization tech-
niques that can enhance the accuracy and reproducibility of proteomic
analyses in tumour research. The results obtained were compared with
those previously validated using tissue microarrays.

2. Methods
2.1. Patients and sample collection

The experimental workflow developed to interrogate the renal car-
cinoma and the NAT tissue samples, along with the extended study
design and patient sampling collection is described elsewhere [19],
furthermore the validation of the biomarkers found using tissue micro-
arrays is also described elsewhere [18] A brief patient summary is
provided in Supplementary material Table SM1.

2.2. Mass spectrometry raw data

This study used frozen tissue biopsies of human renal tissues from
four different tumour types (ccRCC, chRCC, pRCC, and RO) and a con-
trol group (NAT). The samples were properly treated and analysed by
mass spectrometry to identify and quantify the protein expression levels
[19]. Mass spectrometry raw data was accessed in ProteomeXchange
Consortium [20] using the Proteomics IDentications Database (PRIDE)
[21] with the unique identifier PXD023296.

2.3. Identification and quantification of proteins

Protein identification and relative label-free quantification (LFQ)
was newly performed used the previous described raw data using the
precursor signal intensity method and delayed normalization, MaxLFQ,
on MaxQuant software V2.0.3.0 [12]. The newly generated proteins
group table containing protein identification and quantification can be
found in Supplementary material 2. All raw files were processed in a
single run with default parameters [22,23]. Database searches were
performed using peptide search engine Andromeda against the human
UniProt UP000005640_ 9606 and UniProt UP000005640_9606_addi-
tional database [24]. Searches were configured with cysteine carbami-
domethylation as a fixed modification and N-terminal acetylation and
methionine oxidation as variable modifications. We set the false dis-
covery rate (FDR) to 0.01 for protein and peptide levels with a minimum
length of seven amino acids. The FDR was determined by searching a
reverse database. Trypsin enzyme specificity was set as C-terminal to
arginine and lysine with a maximum allowance of two missed cleavages.

Talanta 266 (2024) 124953
2.4. Bioinformatics data processing

Bioinformatic data processing was conducted using Perseus V1.6.0
[25,26] as explained in Fig. 1B. Briefly, the data processing can be
roughly divided into stages: (i) Elimination of protein groups that were
reversely identified or only identified by site from the list of proteins; (ii)
Annotation of sample condition and technical replicates; (iii) Trans-
formation of LFQ intensities into Log (2x) value to lessen the impact of
outliers and to understand the protein changes proportional across the
conditions; and finally (iv) Proteins were filtered so that they were at
least present in 70% of the samples in at least one of the created groups
and the remaining missing values were imputed according with the
respective sample normal distribution with a width of 0.3 and down shift
of 1.8.

2.5. Bioinformatic data analysis and normalization comparisons

Bioinformatic data analysis was carried out in Perseus V1.6.0 [25,
26] as explained in Fig. 1C in which the analytical comparison of three
different types of commonly used normalizations was conducted
(Z-Score normalization, Median divide normalization and Quantile
normalization). Z-Score and Median divide normalization were obtained
using the standard tools in Perseus while Quantile normalization was
acquired by using the R package limma add-on for Perseus [27,28]. To
access the impact of normalization, the NAT (control group) data set of
protein expression was compared with the renal tumours using the three
different types of normalization. The number of proteins whose levels
were found to be statistically different between the group comparison
were accessed by using a volcano plot analysis (Student’s t-test, FDR
0.05 and S of 0.1). Finally, all the datasets were compared together for
each type of normalization using a Multisample Test ANOVA with a FDR
of 0.05. All comparison resulting in statistically different proteins were
used respectively in a hierarchical clustering analysis with an average
linkage, no constraint, pre-processing with k-means, and Euclidean
distance. The proteomic data was also processed (i) by comparing the
NAT group of samples against two, three or four tumour types at the
same time, as shown in Fig. 1 and (ii) by comparing each tumour con-
dition and the control group at a time, as shown in Supplementary
material Fig. SM1. This approach was adopted to ensure that the results
would be consistent across different subtypes of renal tumour and would
be useful for researchers focusing on precision medicine.

These analytical approaches allowed for a comprehensive evaluation
of the normalization methods in terms of their ability to accurately
identify significant proteins and their impact on downstream analyses,
such as differential expression analysis and pathway analysis. Enrich-
ment pathways analysis was carried out using the software platform
Cytoscape v3.9.1 [29] and the application StringApp [30] v2.0.0 for
protein-protein analysis and biochemical pathway analysis. Different
types of databases for enrichment pathway analysis (GO biological
process [31], The Kyoto Encyclopedia of Genes and Genomes - KEGG
[32], Reactome pathways [33]) were considered to access the impact of
normalization on downstream analysis.

3. Results

The data pre-processing steps were standardized across all normali-
zation methods. A detailed workflow of the pre-processing steps is
illustrated in Fig. 1 and Supplementary material Fig. SM1.

3.1. Comparing each type of renal carcinoma against NAT

After comparing the datasets in pairs, we tested three normalization
methods. Our findings revealed that both z-score normalization and
quantile normalization produced similar results in terms of the number
of statistically significant differentially expressed proteins throughout
all comparisons, as shown in Fig. 2A-D. However, quantile
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against NAT and 3 datasets: ccRCC and RO against NA'T'. B: Ilierarchical clusters were performed by using proteins that were found to be statistically different using
cach normalization method when comparing all tumours against NAT (average linkage, no constraint, pre-processing with k-means, and Euclidean distance, n = 25).

normalization consistently identified a slightly higher number of pro-
teins, depending on the carcinoma compared against the near adjacent
tissue, NAT. On the other hand, the median divide method consistently
produced about 37% fewer differentially expressed proteins for all the
pairs compared, as depicted in Fig. 2. This trend was also observed for
the down- and upregulated proteins as shown in Fig. SM2.

In a previous study utilizing the same raw data, our team employed
mass spectrometry to identify four potential biomarkers: PLIN2, TUBB3,
LAMP1, and HK1. The Z-score and Total Protein Approach (TPA) were
utilized for this purpose, and these markers are depicted in Fig. SM2.
TPA is a label-free mass spectrometry method developed by Wisniewski
etal. [34,35] that enables the measurement of absolute expression levels
of numerous proteins without the need for standards.

Using TPA, we were able to highlight these potential biomarkers, and
their validity was subsequently confirmed through immunohistochem-
ical tissue arrays [18]. Interestingly, in our current study, we observed
statistically significant differential expression for the same proteins
across all three normalization methods employed, with similar p-values.
This suggests that when a protein exhibits high significance, it will be
consistently identified as significant regardless of the specific normali-
zation method used.

These findings emphasize the robustness and reliability of the iden-
tified biomarkers and support the notion that they are biologically
relevant. It further reinforces the notion that the choice of normalization
method does not significantly impact the detection of highly significant
proteins.

Furthermore, we compared the top 100 proteins with the highest log
P-values across the three normalization methods in all two-group com-
parisons. We found that the z-score and quantile normalization methods
had 94 proteins in common, while the median method shared 86 and 84
proteins with the z-score and the quantile methods, respectively. These

results suggest that the z-score and quantile normalization methods may
be more consistent with each other in identifying highly differentially
expressed proteins, while the median method may identify a slightly
different set of proteins.

3.2. Comparison of the two, three and four renal carcinomas at a time
against NAT

Our next step was to compare the tumours datasets in groups of 2, 3
and 4 against NAT. Proteins for further processing were selected if they
were found in any dataset in at least 70% of the replicates.

Focusing on the results obtained comparing the four neoplasia’s
datasets against NAT (Fig. 3A) it can be concluded that when the com-
parison is not made in pairs, the numbers of proteins found to be sta-
tistically different is almost the same (i.e., 1075, 1086 and 1034 for the
Z-score, the quantile and the median divide, respectively). In addition,
1008 of all the proteins were identified with any normalization method.
The same patterns were repeated comparing three or two tumours
against NAT, Fig. 3A respectively.

These results suggest that the choice of normalization method did not
have a substantial impact on the number of differentially expressed
proteins identified when datasets are not compared in pairs, as
explained in the previous section. This is due to the fact that the Max-
Quant statistics varied differently, from comparing pairs to comparing
three or more datasets, so the differences were not on the same scale as
those observed when comparing datasets in pairs, as shown in the pre-
vious section.

To cluster the samples, we exploited the differentially expressed
proteins identified by each normalization method using the five datasets
(Supplementary Material 3). As noted in Fig. 3B, we found that three
distinct clusters were formed regardless of the normalization method.
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Fig. 4. Comparison of candidate biomarkers for cach renal tumour subtype across all different type of data normalization. A: Biomarkers found in this work for cach
normalization method versus those found in our previous work [18]. B: Biomarkers proposed in our previous work (Fig. SM2) found with each normalization method

in the present work. Note that for all of them the standard deviations of the normalized LFQ values overlap.

The tumours pCRR and ccRCC were grouped together in the first cluster,
while RO and chRCC formed a distinct cluster in the second. The third
one was NAT tissue. Notably, we observed that the proteomic expres-
sions of RO and chRCC tumours were more similar to NAT than to pRCC

and ccRCC.

When the differentially expressed proteins were analysed to extract
those whose levels make them unique for just one type of carcinoma, the
number of proteins was 178, regardless of the normalization process, as
depicted in Fig. 4A. Furthermore, we also found that 174 out of these

178 biomarkers were present in our previous work [18], including the
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four biomarkers validated by us using immunohistochemistry. These
results suggest that the choice of normalization method has a negligible
impact on the identification of specific biomarkers.

3.3. Comparison of the best biomarkers for immunohistochemistry

In a previous work we recommended several proteins as new po-
tential biomarkers for immunohistochemistry (Supplementary material
Fig. SM3). These proteins were first identified using mass spectrometry
(LFQs) and then with TPA. Of these proteins, those represented in grey
in Fig. 4B were selected in the previous work because the standard de-
viations did not overlap. These proteins were later validated against
tissue arrays [18].

When we used the levels obtained through each normalization
method for each protein to identify statistically significant proteins, we
obtained two interesting results. Firstly, the three normalization
methods delivered almost the same results, but they differed substan-
tially from those obtained using TPA as described above. As shown in
Fig. 4B, proteins PLIN2, TUBB3, and HK1 would have never been
identified as the best potential biomarkers because the standard de-
viations overlap each other (Fig. 4). This unexpected result highlights
the need to re-evaluate how data is treated and the importance of TPA in
biomarker discovery.

3.4. Exploring the impact of normalization methods on identifying main
pathways affected in renal tumours

To determine whether the identified dysregulated pathways changed
as a function of the selected normalization method, we used the set of
proteins found to be dysregulated when the five different datasets were
compared. Then, through this data set, using an ANOVA test, we
compared the proteins differentially expressed between NAT and
chRCC.

Fig. 5 shows the 10 most important (as per p-value) dysregulated
pathways for (i) GO biological process, (ii) KEGG, and (iii) Reactome
pathways. The results show that for the GO biological processes the first
7 pathways affected are the same, with no variations nor in the p-value,
neither in the number of proteins involved, thus showing no differences
in the normalization methods. For the KEGG, the Z-score and the
quantile normalizations were found more consistent between them than
when compared to the median, as they have the same top-10 pathways.
For the Reactome pathways, the three normalization methods were
found to provide similar results.

4. Conclusions

When comparing two groups of datasets, such as healthy versus
diseased samples, the Z-score normalization and the quantile methods
tend to yield a higher number of differentially expressed proteins
compared to the median normalization method. Thus, in these cases, we
recommend using the Z-score normalization method. However, when
comparing a larger number of datasets groups (3, 4, or 5), the differences
in terms of proteins and biochemical pathways statistically different
among the three normalization methods are negligible, and any can be
selected. Interestingly, our findings show that four biomarkers, previ-
ously identified using the z-score normalization (LFQs) in combination
with the TPA approach, and later validated with immunohistochemistry
[18], could not have been easily highlighted using any of the normali-
zation methods assessed in this study. This discovery opens new avenues
of research in biomarker discovery as it emphasises the TPA approach as
a powerful tool in biomarker discovery.
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Bladder cancer (BCa) is a prevalent disease with a high risk of aggressive recurrence in T1-stage patients. Despite
the efforts to anticipate recurrence, a reliable method has yet to be developed. In this work, we employed high-
resolution mass spectrometry to compare the urinary proteome of T1-stage BCa patients with recurring versus
non-recurring disease to uncover actionable clinical information predicting recurrence. All patients were diag-
nosed with T1-stage bladder cancer between the ages of 51 and 91, and urine samples were collected before
medical intervention. Our results suggest that the urinary myeloperoxidase to cubilin ratio could be used as a
new tool for predicting recurrence and that dysregulation of the inflammatory and immune systems may be a key
driver of disease worsening. Furthermore, we identified neutrophil degranulation and neutrophil extracellular
traps (NETs) as key pathways in the progression of T1-stage BCa. We propose that proteomics follow-up of the
inflammatory and immune systems may be useful for monitoring the effectiveness of therapy.

Significance: This article describes how proteomics can be used to characterize tumor aggressiveness in patients
with the same diagnosis of bladder cancer (BCa). LC-MS/MS in combination with label free quantification (LFQ)
were used to explore potential protein and pathway level changes related to the aggressiveness of the disease in
13 and 17 recurring and non-recurring T1 stage BCa patients. We have shown that the MPO/CUBN protein ratio
is a candidate for a urine prognosis tool in BCa. Furthermore, we identify dysregulation of inflammation process
as a driver for BCa recurrence and progression. Moreover, we propose using proteomics to track the effectiveness
of therapy in the inflammatory and immune systems.

unique characteristics. Precision medicine can retrieve unprecedented
levels of biological information by combining robust fast-sample treat-

1. Introduction

Precision medicine, which tailors treatment to the individual patient,
is becoming increasingly important. One way to achieve this is through
the use of personalized proteogenomics, which looks at the unique
proteins and genetic information of each patient rather than grouping
and pooling data from multiple patients [1]. This approach allows for
more accurate diagnosis and treatment, as it considers each patient’s

ment protocols, high-resolution mass spectrometry, and bioinformatics
[2]. Furthermore, the use of mass spectrometry-based multiple reaction
monitoring has made possible the large-scale validation of candidates as
it has never been seen before, thus ensuring the correctness and appli-
cability of the clinical information retrieved from each patient [3].
BCa is the ninth most common neoplasm, second in incidence and
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mortality of the genitourinary system [4]. Literature shows that BCa has
a high incidence, progression, and recurrence rates. Therefore, it is
extremely important to monitor BCa patients, especially those with
high-risk tumors, which require frequent and invasive examination
procedures [5]. Urinary cytology and cystoscopy are the current gold
standard tools to diagnose BCa. However, cystoscopy is an invasive
examination with a high burthen for the patient due to pain, bleeding,
urinary tract infections and other complications. On the other hand,
Cytology is a non-invasive test that can identify tumor cells shed in the
urine. It is simple to use and inexpensive, but it has low sensitivity and
low diagnostic efficiency [6]. Much effort has been made to diagnose
and prognose BCa patients using DNA, RNA, or proteins, focusing on
solid or liquid biopsies (blood-derived samples) [7]. Despite the valu-
able information the urinary proteome carries, this liquid biopsy re-
mains to be further explored to disclose new features about BCa.

The clinical outcome of individuals with T1-stage BCa with a high
incidence of recurrence and progression is highly variable. The aetiology
behind T1-stage BCa aggressiveness remains unclear [8]. Early and ac-
curate diagnosis of T1-stage BCa that will recur or progress is now a
significant challenge in treating patients with BCa.

In this work, the urinary proteome of T1-stage BCa with and without
recurrence was interrogated via high-resolution mass spectrometry and
bioinformatics to unveil prognosis signatures. Herein, we present the
myeloperoxidase to cubilin ratio as a potential indicator of recurrence,
and we propose to flag the course of BCa patients following the changes
in the information related to the immune and inflammatory systems
encoded in the urinary proteome.

2. Methods
2.1. Patients

Mid-stream second void urine specimens were collected from 30
patients, all male, diagnosed with T1-stage BCa, ranging between 51 and
91 years. Urine samples were collected before the medical intervention,
and T1-stage BCa diagnosis was assessed by pathological examination.
Exclusion criteria: (1) unclear BCa diagnosis, (2) urinary cancer history,
(3) HIV affected, and (4) organ transplant receivers or in recent chemo/
radiotherapy (last six months). Further information is given in supple-
mentary material 1.

2.2. Urine collection and preservation

Mid-stream second void morning urine samples (30 mL) were

Journal of Proteomics 278 (2023) 104865

collected in centrifuge tubes containing 38 mg of boric acid (Sigma-
Aldrich) to prevent bacterial growth. Urine samples were placed on ice
and were processed within the first two hours after collection. Samples
were centrifuged for 20 min at 5000g to remove cell debris and divided
into 10 mL aliquots, and these aliquots were stored at —80 °C until
further processing. The urinary proteome was concentrated by ultrafil-
tration from 10 mL to a final volume of c.a 300 pL using VivaSpin 15R
(cut-off 10 kDa, Sartorious) at 5000 g for 20 min. The concentrated
urinary proteomes were quantified for total protein using the Bradford
protein assay method with Bradford reagent (Sigma-Aldrich) and Bovine
Serum Albumin (BSA, Sigma-Aldrich) to perform the standard curve.
Each concentrated urine sample and BSA standard were measured in
duplicate. (See Fig. 1 flow chart for further information).

2.3. Filter-aided sample preparation

Filter Aided Sample Preparation (FASP) was used for urinary pro-
teome digestion using a modified protocol [9]. Two technical replicates
of each urine sample were prepared. An extended FASP protocol
description can be found in supplementary data 1.

2.4. LC-MS/MS

LC-MS/MS analysis was performed using an Ultimate 3000 nano LC
system in coupled to an Impact HD (Bruker Daltonics) with a Captive-
Spray nanoBooster using acetonitrile as dopant. Peptides were resus-
pended in 100 pL of 3% (v/v) acetonitrile containing 0.1% (v/v)
aqueous formic acid (FA). The samples were homogenized by 5 min on
vortex followed by 10 min on an ultrasonic bath at 100% ultrasonic
amplitude, 35 kHz. Afterward, samples were quantified using a Pierce™
quantitative colorimetric peptide assay (Thermo Fisher Scientific).
Following the previous step, 3 pL containing 563 ng of peptides were
loaded onto a trap column (Acclaim PepMap100, 5 pm, 100 /°\, 300 pm i.
d. x 5mm) and desalted for 5 min from 3% to 5% B (B: 90% acetonitrile
0.08% FA) at a flow rate of 15 pL.min"'. Then the peptides were sepa-
rated using an analytical column (Acclaim™ PepMap™ 100C18, 2 pm,
0.075 mm i.d x 150 mm) with a linear gradient at 300 nL.min 1 (mobile
phase A: aqueous FA 0.1% (v/v); mobile phase B 90% (v/v) acetonitrile
and 0.08% (v/v) FA) 5-90 min from 5% to 35% of mobile phase B, 90-
100 min linear gradient from 35% to 95% of mobile phase B, 100-110
95% B. Chromatographic separation was carried out at 35 °C. The MS
acquisition was set to cycles of MS (2 Hz), followed by MS/MS (8-32
Hz), cycle time 3.0 s, with active exclusion (precursors were excluded
from precursor selection for 0.5 min after the acquisition of 1 MS/MS

1 Urine Sample FASP LC-MS/MS 4 Bioinformatic Precision
Handling analysis analysis oncology
—_ S M Clinical background
L = ,‘}\ 8 and medical outcome
. ).
| \ ‘g:b‘.é’ PRI a8 Lab;I-fre;
Collection L] i quantification

Qq-TOF

o=l
Cent 'fugﬁon
raue

Filter Aided Sample
Preparation Steps:
.Cleaning
.Reduction
.Alkylation
.Digestion

Treatment

Pl ¥
&»;é’“b

Proteomic data
integration

Statistical analysis

Fig. 1. Proteomics and bioinformatics workflow. 1. Urine sample collection pre-treatment and preservation. 2. Filter-aided sample preparation (FASP). 3. LS-MS/MS
analysis. 4. Bioinformatic and statistical analysis 5. Data interpretation and correlation with a clinical background.
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spectrum; intensity threshold for fragmentation of 2500 counts).
Together with active exclusion set to 1, reconsider precursor if the in-
tensity of a precursor increases by a factor of 3; this mass was taken from
temporarily exclusion list and fragmented again, ensuring that fragment
spectra were taken near to the peak maximum. All spectra were acquired
in the range 150-2200 m/z.

2.5. Bioinformatics

Relative label-free quantification (LFQ) was carried out using Max-
Quant software V1.6.0.16. All raw files were processed in a single run
with default parameters [10]. Database searches were performed using
the Andromeda search engine against the UniProt UP000005640_9606
database (20,600 sequences; 11,395,157 residues, downloaded on April
27, 2021). Data processing was performed using Perseus software
V1.6.15.0 using default settings using the workflow depicted in Fig. 1.
Protein group LFQ intensities were log2-transformed, and the quanti-
tative profiles were filtered for missing values with the following set-
tings: min valid percentage of 50% in at least one group and values >0.
To overcome the obstacle of missing LFQ values, missing values were
imputed from the total matrix with width = 0.5 and down-shift = 1.8
[11]. Log ratios were calculated as the difference in average log2 LFQ
intensity values between the tested conditions (two-tailed, Student’s t-
test, permutation-based FDR 0.05, and SO of 0.1). Perseus was also used
to obtain clusters, using average linkage, no constraint, pre-process with
k-means, and Euclidean distance between column trees. Protein complex
networks were integrated and visualized using Cytoscape V3.8.2 with
the applications ClueGo V2.5.8, CluepediaV1.5.8, and StringApp V1.6.0.
Reactome and biological process go terms were used as ontologies da-
tabases [12].

2.6. MPO in vitro enzyme-linked immunosorbent assay

Quantitative measurement of urinary MPO was performed using an
in vitro ELISA kit from Abcam (ab119605) following manufacturer in-
structions. The plate was read for absorbance at 450 nm using a
CLARIOstar® High-Performance Monochromator Multimode from BMG
LABTECH within 30 min after adding the stop solution.

3. Results

The clinical information of the patient cohort used in the study is
presented in Table SM1. The comparison of the urine proteome of T1-
stage BCa patients that had experienced recurrence (RG) versus pa-
tients that had not (NRG) is explained in a comprehensive flow-chart in
Fig. SM1. This comparison is presented in the format of a volcano plot in
Fig. SM2. A set of 197 proteins differentially expressed between both
groups was found and is listed in supplementary material 2. The bioin-
formatics analysis of the set of 197 proteins, focusing on both single
proteins and biochemical networks, showed that (i) myeloperoxidase
(MPO) was up-regulated (12.6 fold change and p-value = 0.0028) in the
RG group and (ii) cubilin (CUBN) was up-regulated (3.6 fold change and
p-value = 0.0289) in the NRG group. The variation in the levels of both
proteins for each patient is presented in Fig. 2A, whilst the CUBN/MPO
ratio is presented in Fig. 2B. The orthogonal validation of the MPO levels
in urine was done using ELISA as shown in Fig. 2G. The set of 197
proteins dysregulated between both groups of patients was used to
obtain the biochemical networks dysregulated between RG and NRG.
Such networks are shown in Fig. 2H and I, displaying the protein-protein
interaction and network analysis focusing on the inflammation process.
Finally, the most interesting protein-protein interactions and biological
functions addressed by 197 statistically significant proteins are inte-
grated comprehensively in Fig. 3.

Journal of Proteomics 278 (2023) 104865
4. Discussion
4.1. CUBN to MPO ratio

As the bladder is in direct contact with the urine, we hypothesized
that the urine proteome of BCa patients should contain critical and
diagnostic/prognostic information about the disease. So far, we have
studied the differences in the urinary proteome of BCa patients with and
without a background of recurrence and/or progression, as this strati-
fication is significant for medical treatment, and there is no current way
to make it. The groups are called RG and NRG, respectively. The com-
parison is presented as a volcano plot in Fig. SM2. In this comparison,
the myeloperoxidase (MPO) was found on the proteins most up-
regulated in the RG group. On the other hand, the same data showed
cubilin (CUBN), and lipopolysaccharide-binding protein 2 (LRP2) pro-
teins down-regulated in the same group.

The MPO is a hemoprotein expressed by polymorphonuclear neu-
trophils, which is secreted during leucocyte degranulation in a cellular
process that releases antimicrobial cytotoxic or mediator molecules as a
defense response to invading microorganisms. More precisely, MPO
catalyzes the conversion of H,O, to hypochlorous acid, an efficient
intracellular bacterial killer. In addition, it inactivates protease in-
hibitors, thus allowing lytic enzymes released from neutrophils to
degrade tissue matrix and foreign materials facilitating tumor growth
[13].

Furthermore, MPO has been proposed recently as a marker of poor
prognosis in the lung [14] and ovarian carcinomas [15]. However, to the
best of our knowledge, no studies report MPO levels as a prognosis
biomarker for BCa carcinoma. Our data in Fig. 2A shows that those
patients experiencing recurrence and progression presented the highest
levels of MPO. In addition to MPO, the RG presented down-regulation of
CUBN and LRP2. Remarkably, the down-regulation of CUBN has already
been noted as a poor prognosis biomarker for renal cell carcinoma [16].
Thus, the lower the CUBN level, the worst the prognosis for renal car-
cinoma. Our data address the same trend also for BCa. It is worth noting
that the group with recurrence and progression has the lowest levels of
CUBN (see Fig. 2A, B, and C). Therefore, an index based on the MPO to
CUBN ratio can be established such that patients with ratios equal to or
lower than one present recurrence and/or progression.

4.2. Biochemical networks

The study of the differences between the biochemical networks of the
RG and NRG groups using the 197 proteins differentially expressed be-
tween them were analyzed, and the first 20 pathways with the lowest p-
value were selected (Fig. 2 H). Most of them are linked to immune and
inflammatory responses. Therefore, we decided to assess the pathways
that markedly differentiate RG and NRG groups, namely neutrophile
degranulation and degradation of extracellular matrix pathways
(Fig. 2I).

It is well known that the tumorigenesis process comprises the acti-
vation of several biochemical pathways, among which the ones related
to invasion, proliferation, and inflammation are critical in tumor pro-
gression. Accordingly, our results address such pathways overexpressed
in the recurrence group and are presented comprehensively in Fig. 3.
Thus, our results suggest that the first line of defense, the neutrophils,
are recruited and deployed near the tumor to destroy the tumoral cells.
The neutrophils mature into the tumor-associated neutrophils, TAN-N1
and TAN-N2 [17]. The TAN-N1 Type has pro-inflammatory and anti-
tumor effects, whiles the TAN-N2 type has anti-inflammatory and pro-
tumor effects. The TAN-N2 type tries to destroy the tumoral cells by
releasing their cellular content rich in proteases, histones, and DNA,
forming the so-called neutrophil extracellular traps, NETs, that are
thought to coat tumor cells, shielding them from immune attack [18].
Pointing this process to occur, we found that matrix metalloproteinase 9
(MMP9) was up-regulated in the RG group. This protein and MMP8 are

Luis B. Carvalho | NOVA University

243



PhD Thesis | Appendix D

L.B. Carvalho et al.

A

Journal of Proteomics 278 (2023) 104865

2 = MPO = CUBN
o
- | II |I| |
o 10
L |l i i
0
B o 20
- %
B s
=
e © © @0
%"51.0 e............
- o o0 e ® PO K
=)
LN ]
o .l @
c Patient# 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
Follow-up time [N I 155 I 1 I I T e e o
Timeof recurrence = ||| 1 E [ M m
Time of progression | | =
Recurence N ENENENENEE HIEEENE B B
Progression [ I I H . =
2 1925 365 5375 15
@ Deceased ® Alive [ Progression [l Recurrence
Time (months)
D CUBN F
7 1.5%107
5x107—
-, £ m
o § 1"106_ll|;|[;|r—|__
N £ 1x1055
e AN Eh - mA
—_— Ij 1%x104+ [=-| /
10 T T
Recurrence  No recurrence
E MPO G
3.45x104—
e |
(]
% 2x10°
S 1x100 I I I .
10 0-

Recurlrence No reclllrrence 1

H Pathways o

1

2 @

3 @)

4 @

5 [¢]

6 o

7 o

8 @®

9 @

10 <]

1 o)

12 @

13 (o}

14 ]

15 ]

6 e m

5 30 45 80

7 ® # of Proteins

o O NN S e

2 ® 9% Associated Genes degranulation

! z y 1 {Z71 Platelet degranulation

0 10 20 30

= Extracellular matrix
organization

Degradation of the
= extracellular matrix

-log p value
0

Difference Relapse vs No relapse

(caption on next page)

244

Luis B. Carvalho | NOVA University



PhD Thesis | Appendix D

L.B. Carvalho et al. Journal of Proteomics 278 (2023) 104865
Fig. 2. T1 Bea patients MPO/CUBN levels and protein-protein pathway analysis. A. Relative label-free quantification of CUBN and MPO within the T1 patients. Log,-
transformed Label-free quantification intensity (Logy LFQ I). B. CUBN/MPO ratio correlation with patient survival. C. Patients with T1 clinical and medical follow-up
information. D and E. Violin plot showing the relative expression of MPO and CUBN by the protein label-free quantification (LFQ) levels. Expression of those proteins
is shown in the group of patients with recurrence and no recurrence. Student’s r-test was used for statistical analysis. ** p < 0.01; **** p < 0.0001. F. Label-free
quantification of myeloperoxidase and G. Validation of mass spectrometry data using myeloperoxidase (MPO) protein by ELISA (ng/mL). X-axes represent the
patient number. H. The top 20 pathways were obtained with the differential protein expression between the RG and NRG groups (x-axis -Log; o p-value). Pathways
were obtained by the software platform cystoscope using StringApp with the Reactome pathway database. Pathways: (1) Innate immune system; (2) Immune system;
(3) Neutrophil degranulation; (4) Regulation of insulin-like growth factor (IGF) transport and uptake by Insulin-like growth factor binding proteins (IGFBPs); (5)
Post-translational protein phosphorylation; (6) Platelet degranulation; (7) Hemostasis; (8) Platelet activation, signaling and aggregation; (9) Regulation of com-
plement cascade; (10) Formation of fibrin clot (clotting cascade); (11) Extracellular matrix organization; (12) Metabolism of proteins; (13) Integrin cell surface
interactions; (14) Common pathway of fibrin clot formation; (15) Intrinsic pathway of fibrin clot formation; (16) Terminal pathway of complement; (17) Plasma
lipoprotein assembly; (18) Chylomicron assembly; (19) Post-translational protein modification; (20) Degradation of the extracellular matrix. I. Protein-protein
interaction and pathway analysis related to immune responses focus on the neutrophile action.
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Fig. 3. Data integration for T1 BCa stage patients. Gene name, protein name and protein ID: (1) Myeloperoxidase (MPO, P05164-2); (2) Neutrophil gelatinase-
associated lipocalin (LCN2, X6R8F3); (3) Cathelicidin antimicrobial peptide (CAMP, J3KNB4); (4) Matrix metalloproteinase-9 (MMP9, P14780); (5) Matrix met-
alloproteinase 8 (MMP8, P22894; (6) I'ibrinogen beta chain ('GB, P02675); (7) Fibrinogen gamma chain (GG, P02679-2); (8) Alpha-1-antichymotrypsin (SERPINA
3, P01011); (9) Plasma serine protease inhibitor (SERPINA 5, P05154); (10) Protein S100—P (S100P, P25815); (11) Protein $100-A9 (S100A9, P06702); (12)
Hemoglobin subunit beta (HBB, P68871); (13) Catalase (P01040, CAT).

proteases that, in conjunction with other enzymes released during the
NETs formation, are known to degrade the extracellular matrix,
collagen, and gelatin [19]. This extracellular degradation also increases
the concentration of fibrin-related proteins, such as fibrinogen beta and
gamma (FGB and FGG), that we found in the RG group. These proteins
further promote tumor invasion [20].

Furthermore, several proteins released during NETs formation have
been associated with a poor prognosis in other cancer types [21,22].
Belonging to this group, we have found proteins Neutrophil Gelatinase-
Associated Lipocalin (LNC2), Cathelicidin antimicrobial peptide CAMP,
and MPO up-regulated in the RG group (see Fig. 3). The last one, MPO, is
a notable finding because here we have found it markedly up-regulated
in the patients with RG in agreement with results reported in other
cancer types [14,15]. As mentioned above, MPO is involved in forming
H20; to kill cancer cells via reactive oxygen species (ROS)-induced
apoptosis. This also leads to an increment in the ROS and a higher
number of mutations in the cancer cells. This may promote, to some
extent, for the tumor to evolve and change expression patterns to survive
by escaping the immune system [23]. The cancer cells respond to this
attack by overexpressing proteins that promote protection against ROS,

such as catalase (CAT) and beta-globulin (HBB), which we also found in
the RG group [24].

Finally, we have found the inflammatory response unbalanced for
RG patients. Thus, whilst the serpin protein family involved in con-
trolling the inflammatory response is down-regulated (SERPINAS), the
S100 family, which promotes inflammation, is overexpressed (S100P,
S100A9). Remarkably, S100A9 is a calcium- and zinc-binding protein
that plays a prominent role in regulating inflammatory processes and the
immune response [25]. It can induce neutrophil chemotaxis and adhe-
sion and increase the bactericidal activity of neutrophils by promoting
phagocytosis via activation of SYK, PI3K/AKT, and ERK1/2 pathways.
Also, it can induce the degranulation of neutrophils by a MAPK-
dependent mechanism [26].

In summary, our data show the presence of an inflammatory
microenvironment that facilitates immune cell-matrix cross-talk, and
promotes chronic inflammation. This state of inflammation further re-
cruits more neutrophils and immune cells into the tumor microenvi-
ronment resulting in a cycle that the tissue cannot resolve. In agreement
with the literature [27,28], our urinary proteome-based data suggest
that the deregulation of inflammatory processes leads to an accelerated
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BCa progression and a worse outcome for patients with BCa leading to
recurrence and tumor growth. On the other hand, when the inflamma-
tory process is balanced, the BCa seems to evolve slowly and with a
better prognosis for the patient. In support of our conclusions, it has
been recently reported that NET formation in chronic inflammation
leads to radio-resistance in a mouse heterotopic model of invasive BCa
[29].

5. Conclusions

We conclude that inflammation dysregulation is an essential driver
of BCa recurrence and progression and that anti-inflammatory or im-
mune checkpoint therapies should be further explored in treating pa-
tients with BCa. Furthermore, consider the MPO to CUBN ratio a
promising candidate for a urine prognosis tool in BCa. A limitation of
this study is its small patient sample, which may not fully capture the
variability of T1-stage bladder cancer. Another issue is that some pa-
tients’ prognoses were not evaluated within the time frame of this study.
Further validation with larger patient groups is necessary.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.jprot.2023.104865.
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Abstract

Background Monitoring bladder cancer over time requires invasive and costly procedures.
Less invasive approaches are required using readily available biological samples such as
urine. In this study, we demonstrate a method for longitudinal analysis of the urine proteome
to monitor the disease course in patients with bladder cancer.

Methods We compared the urine proteomes of patients who experienced recurrence and/or
progression (n =13) with those who did not (n=17). We identified differentially expressed
proteins within various pathways related to the hallmarks of cancer. The variation of such
pathways during the disease course was determined using our differential personal pathway
index (dPPi) calculation, which could indicate disease progression and the need for medical
intervention.

Results Seven hallmark pathways are used to develop the dPPi. We demonstrate that we can
successfully longitudinally monitor the disease course in bladder cancer patients through a
combination of urine proteomic analysis and the dPPi calculation, over a period of 62 months.
Conclusions Using the information contained in the patient’s urinary proteome, the dPPi
reflects the individual's course of bladder cancer, and helps to optimise the use of more
invasive procedures such as cystoscopy.

Plain language summary

Bladder be closely
monitored for progression, but this
requires expensive and invasive pro-
cedures such as cystoscopy. Less
invasive procedures using readily
available samples such as urine are
needed. Here, we present an
approach that measures the levels of
various proteins in the urine. We
compare protein levels at different
points during the disease course in
patients with bladder cancer, and
show this helps to flag disease
recurrence and the need for medical
intervention. Our approach could
help clinicians to determine which
patients require more invasive testing
and treatment.

cancer must
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its high incidence and mortality!2 and because cystoscopy is

necessary to diagnose BC. If BC is confirmed, the patient
undergoes surgery, then must undergo a control cystoscopy
approximately every 3 months»% Cystoscopy is an expensive
intervention that requires surgical facilities and a minimum of two
physicians and one nurse. However, the procedure can also have a
detrimental effect on the patient’s state of mind, as cystoscopy is
highly invasive and is performed through the urethra. Furthermore,
some patients experience a rapid recurrence; thus, the control
cystoscopy is performed too late, and transurethral resection of the
bladder tumour is needed. Therefore, new approaches to diagnose
and monitor BC are needed.

The biochemical changes that occur at the protein level in an
individual after they develop a disease provides that can enable
physicians to adjust therapy, provide follow up medical care and
personalise their care>®. The concept of performing longitudinal
profiling with individual proteomes has been described in the
literature;”~% however, to date, there are few easy ways to achieve
this in a simple, straightforward and robust manner. To our
knowledge, the possibility of monitoring the course of BC over
time using the urinary proteome has not yet been described in the
literature. To overcome this gap, we explored changes in the
urinary proteome of BC patients using high-resolution mass
spectrometry-based proteomics in conjunction with advanced
bioinformatics tools. Thus, we introduced, a concept named the
differential personal pathway index (dPPi), which uses the var-
iation in the expression of selected biochemical pathways, which
is calculated using a large number of urine proteins that are
linked to Hanahan and Weinberg’s biological hallmarks of cancer
(HWhc!®!1), Thus, based on variation in the levels of tens of
signature urine proteins, the dPPi reflects both the response of the
individual’s urine proteome to whatever course the disease takes
and any medical care that ensues. The variation reflects the status
of the biochemical pathways to which the proteins correspond,
and these pathways are specifically chosen to combine multiple
sources of diagnostic information. Thus, in this work, we showed
how to monitor the progression of BC in a comprehensive yet
straightforward and personalised manner using the patient’s
urine proteome. Essentially, a more positive dPPi indicates a
potentially more severe clinical course of BC; whereas a more
negative dPPi indicates a better clinical outlook. Therefore, the
dPPi flags the need for medical intervention at an early stage. This
work further demonstrates this concept using six patients diag-
nosed with T1-stage BC who were followed for up to 62 months.

B ladder cancer (BC) is among the worst neoplasms because of

Methods

Patients. Human mid-stream second void morning urine spe-
cimens were collected from patients with a pT1 bladder cancer
diagnosis that was confirmed by pathological examination. All
patients were informed about the study and signed informed
consent according to the policies of the Central Lisbon Hospital
Center Ethics Committee, who approved our study. The ethics
approval number is 669/2018. The patients that were enroled in
the study were selected based on the following criteria: (a)
Inclusion—clear bladder cancer diagnosis, and (b) Exclusion—
no records of urinary cancer history, no HIV, no organ trans-
plant, and no recent chemo/radiotherapy. We compared the
proteome of 30 patients from two groups—those who had
experienced BC recurrence and/or progression (a total of 13)
and those who had not (a total of 17). Fig. 1a depicts the steps
from proteome analysis to pathway, and clinical data inter-
pretation, while the medical information for the cohorts of
patients is presented in Fig. 1b. Furthermore, we followed six
patients for up to 62 months.

Sample treatment. Urine samples were collected in 50 mL cen-
trifuge tubes (DB Falcon) that contained 38 mg of boric acid
(Sigma-Aldrich) to prevent bacterial growth'z. Samples with
haematuria were not included in our study. The urine samples
were centrifuged at 5000 x g for 20 min to remove cell debris, and
10mL aliquots of the resulting supernatants were stored at
—60°C until further use. An aliquot of urine (10 mL) was con-
centrated by centrifugal ultrafiltration using a VivaSpin 15R
(10 kDa MW CO, Sartorious) at 5000 x g for 20 min. Finally, the
concentrated urinary proteomes were quantified via a 96 well
plate Bradford protein assay (Sigma-Aldrich) using bovine serum
albumin to generate the calibration curve.

Filter-aided sample preparation (FASP). Filter Aided Sample
Preparation (FASP) was used to perform urinary proteome
digestion, following a modified FASP method>!3-15, Briefly, dif-
ferent amounts of protein ranging from 50 and 100 pg were
diluted with H,O to obtain 200 puL and an additional 200 pL of
8M wurea (Sigma-Aldrich), 75mM Tris-HCI (Sigma-Aldrich),
100 mM NaCl (Sigma-Aldrich), and 0.02% SDS (Sigma-Aldrich).
Then this protein solution was loaded onto a VivaSpin 500
(10kDa MWCO, Sartorious) and centrifuged for 20 min at
14,000 x g. Each sample was processed in duplicate. The proteins
in the membrane were washed with 200 puL of 8 M urea 25 mM
AmBic solution and then centrifuged for 20 min at 14,000 x g.
Protein disulphide bonds were reduced by adding 200 uL of
50 mM dithiothreitol (DTT) in 8 M urea and 25 mM AmBic and
incubated for 60 min at 37 °C. Then, centrifugation for 20 min at
14,000 x g was performed, and the sample was alkylated for
45 min in the dark by adding 100 pL. 50 mM iodoacetamide in
8 M urea and 25 mM AmBic solution. Subsequently, centrifuga-
tion for 20 min at 14,000 x g was performed, and then the samples
were washed twice with 200 pL of 25 mM AmBic. Finally, protein
digestion was performed by adding 100 uL of trypsin solution
(1:30 trypsin to protein ratio) prepared in 12.5mM AmbBic.
Protein digestion was performed overnight (~16 h) at 37 °C, and
then the peptides were collected by 20 min centrifugation at
14,000 x g, followed by two additional membrane washing steps
with 100 uL of 3% (v/v) acetonitrile that contained 0.1% (v/v)
aqueous formic acid and centrifugation of 20 min at 14,000 x g.
Finally, peptides were transferred to a 500 uL microtube, dried
and stored at —20 °C until further analysis by Nano-LC-MS/MS.

LC-MS/MS. LC-MS /MS analysis was carried out using an Ulti-
mate 3000 nano-LC system coupled to an Impact HD (Bruker
Daltonics) with a CaptiveSpray nanoBooster that used acetonitrile
as a dopant. The protein digests were resuspended in 100 pL of 3%
(v/v) acetonitrile containing 0.1% (v/v) aqueous formic acid (FA)
and were sonicated for 10 min using an ultrasonic bath at 100%
ultrasonic amplitude, and 35 kHz ultrasonic frequency. Afterwards,
the samples were quantified using a Pierce™ quantitative colori-
metric peptide assay. Then, 3 uL of protein digest containing 563 ng
of peptides was loaded onto a trap column (Acclaim PepMap100,
5um, 100 A, 300 pm i.d. x 5 mm) and desalted for 5 min from 3 to
5% B (B: 90% acetonitrile 0.08% FA) at a flow rate of 15 uL min~—1,
The peptides were separated using an analytical column (Acclaim™
PepMap™ 100C18, 2 um, 0.075mm id x 150 mm) with a linear
gradient at 300 nL min—! (mobile phase A: aqueous FA 0.1% (v/v);
mobile phase B 90% (v/v) acetonitrile and 0.08% (v/v) FA)
5-90 min from 5 to 35% mobile phase B, 90-100 min linear gra-
dient from 35 to 95% of mobile phase B, 100-110 min 95% B.
Chromatographic separation was carried out at 35°C. MS acqui-
sition was set to cycles of MS (2 Hz), followed by MS/MS (8-32 Hz)
with a cycle time of 3.0s and active exclusion (precursors were
excluded from the precursor selection for 0.5min after the
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acquisition of the 1 MS/MS spectrum; the intensity threshold for
fragmentation was 2500 counts). As, the active exclusion was set to
one, we reconsidered the precursor and whether the intensity of a
precursor increased by a factor of three; this mass was taken from
the temporarily exclusion list and fragmented again, ensuring that
fragment spectra were taken near to the peak maximum. All spectra
were acquired in the range 150-2200 m/z. The mass spectrometry
proteomics data were deposited in the ProteomeXchange
Consortium'© via the PRIDE!7 partner repository with the data set
identifier PXD025139. To confirm myeloperoxidase label-free
quantification levels, validation was performed using a commer-
cially available ELISA kit (ab136943 - Myeloperoxidase (MPO)

COMMUNICATIONS MEDICINE | (2023)3:8 | https://doi.org/10.1038/543856-023-00238-4 | www.nature.com/commsmed

Human ELISA kit from Abcam). The method was carried out
according to the standard protocol described by the manufacturer.

Bioinformatics and statistical analyses. Relative label-free quan-
tification was performed using the precursor signal intensity
method and delayed normalisation, MaxLFQ, on MaxQuant soft-
ware V2.0.3.0'8. All raw files were processed in a single run with
default parameters'®20. Database searches were performed using
Andromeda against the human UniProt UP000005640_9606
database (20,600 sequences; 11,395,157 residues, downloaded on
April 27 2021)21. Searches were configured with cysteine
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Fig. 1 Proteome analysis of 30 pT1 bladder cancer patients. a Workflow of the experimental design. b Clinical information of the patient cohort used in
the study. € Volcano plots showing statistically significant changes in protein levels in T1-BC patients with recurrences and/or progression (n =13 patients,
two technical replicates per patient) compared to the group with nor recurrence (n =17 patients, two technical replicates per patient), according to
Student's t test (FDR 0.05 and Sq of 0.1). Dots represent proteins that show statistically significant increases (red), decreases (blue) nonstatistically
significant changes (grey). The total numbers of proteins that exhibited statistically significant differential expression are shown in the corresponding-
coloured circles. d Hierarchical clustering of the T1-BC patients into two groups, as expected, recurrence and no recurrence (average linkage, no constraint,
preprocessing with k-means, and Euclidean distance, n = 30 patients, two technical replicates per patient). e, f Validation of mass spectrometry data using
myeloperoxidase (MPO) protein label-free quantification (LFQ) and ELISA (ng/mL). Bars represent the average of two technical replicates. The MPO
protein was recently proposed to be a marker of poor prognosis in lung?” and ovarian?® carcinomas. To the best of our knowledge, no studies report MPO
overexpression as a prognostic tool for BC carcinoma. g Pathways selected for calculating the Personal Pathway Index, after applying the guidelines
provided by Hanahan and Weinberg'® 1" to the proteins showing statistically significant differential expression derived from the volcano plot in

¢ (Supplementary Data 1). Differentially expressed proteins were grouped according to their functions, and networks were analysed in ClueGo (v 2.5.8),
and Cytoscape (v 3.8.2). The LFQ average for all proteins involved in the pathway is expressed as a circle area plot. The maximum number of proteins
identified in one single urine of our set was 494. The number of unique proteins considering all the samples of our set was about 754. For our studies, we
have chosen the proteins that are found common in at least 50% of the urines of each group. This way, the number of proteins used in Fig. 1 (recurrence
versus no recurrence) was 380.

Table 1 Pathways and proteins used on the longitudinal follow up of bladder cancer patients.
Pathway Number GOID Name Ontology Source Associated Proteins Found
P1 G0:0035722 interleukin-12- GO_BiologicalProcess-EBI-UniProt-GOA- [LCP1, PPIA, STO0AS9?]
mediated signalling ~ ACAP-ARAP_08.05.2020_00h00
pathway
P2 G0:0035987 endodermal cell GO_BiologicalProcess-EBI-UniProt-GOA- [FN1, MMP8, MMP92]
differentiation ACAP-ARAP_08.05.2020_00h00
P3 G0:0043394 proteoglycan GO_MolecularFunction-EBI-UniProt-GOA- [AZU1, CFH, CTSB, FN1, HRG,
binding ACAP-ARAP_08.05.2020_00h00 LCP1, NID1]
P4 GO0:0004601 peroxidase activity GO_BiologicalProcess-EBI-UniProt-GOA- [CAT, HBA1, HBB, HBD, MPQO]
ACAP-ARAP_08.05.2020_00h00
P5 R-HSA!166658 Complement REACTOME_Pathways_08.05.2020 [C3, C4A, C9, CD55, CFH, F2]
cascade
P6 G0:0006959 humoral immune GO_BiologicalProcess-EBI-UniProt-GOA- [A2M, APCS, AZU1, C3, C4A, C9,
response ACAP-ARAP_08.05.2020_00h00 CAMP, CD5S5, CFH, F2, FGB?, HPX,
HRG, IGHGT, IGKV2D-30, KRT1,
LCN2, LTF, LYZ, PRTN3, S100A9?]
P7 R-HSA:6802957 Oncogenic MAPK REACTOME_Pathways_08.05.2020 [FGB?, FGG?, FN1]
signalling
3Indicates a protein previously identified as a BC biomarker

carbamidomethylation as a fixed modification and N-terminal
acetylation and methionine oxidation as variable modifications. We
set the false discovery rate (FDR) to 0.01 for protein and peptide
levels with a minimum length of seven amino acids for peptides.
The FDR was determined by searching a reverse database. Enzyme
specificity was set as C-terminal to arginine and lysine as expected
using trypsin. A maximum of two missed cleavages were allowed.
Data processing was performed using Perseus (version 1.6.15.0)
with default settings?”. Protein group LFQ intensities were log2-
transformed, and the quantitative profiles were filtered for missing
values with the following settings: min valid percentage of 50% in at
least one group and values greater than 0. To overcome the obstacle
introduced by missing LFQ values, the missing values were imputed
using the parameters, with = 0.5 and downshift = 1.8. The list of
differentially expressed proteins was obtained with a two-tailed
Student’s t test between the two groups (permutation-based FDR
0.05 and SO of 0.1), and then the log ratios were calculated as the
difference in average log, LFQ intensity values between the tested
conditions. Perseus was also used to obtain clusters, using average
linkage, no constraint, preprocess with k-means and Euclidean
distance between column trees. GraphPad Prism 8.2.1. was
employed for graphic construction and statistical analysis. Cytos-
cape V3.82 and the application ClueGo V2.5.8 was used for

pathway enrichment analysis. Reactome and biological process GO
terms were used as ontologu databases.

dPPi calculation. The dPPi is calculated from the numerical
output of proteomics analysis of urine at different time points, as
follows:

e Szt Protnx LFQ,, — Yz, Protnx LFQ,,

ooy Protnx LFQ,,

(I

where Y177 Protnx LFQ,, accounts for the sum of all label-free
quantitation (LFQ) values of proteins of interest at a given time f,,
while X)) Protnx LFQ,, accounts for all LFQ measurements of

the same proteins at the time of disease onset ;.

Reporting summary. Further information on research design is
available in the Nature Portfolio Reporting Summary linked to
this article.

Results and discussion
Selection of pathway hallmarks of cancer. The differentially
expressed proteins between the two groups (n =197, Fig. 1c and
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Fig. 2 Longitudinal analysis of the urinary proteome of patient I. a Timeline of the disease course in Patient | shows the intervals in months (m)
between medical interventions and urine timepoint 1-4. TURBT: transurethral resection of bladder tumour; Re-TURBT: repeated transurethral resection
of bladder tumour. b Volcano plot matrix showing proteome changes in the urine samples at time points 1-4. The dots represent the proteins that
showed a statistically significant increase (red), decrease (blue) or nonstatistically significant changes (grey) according to the Student's t test (FDR
0.05 and SO of 0.1). ¢ Variation in the following known protein biomarkers for bladder cancer: angiotensinogen (AGT)35, apolipoprotein E (APOE)36,
matrix metalloproteinase-9 (MMP9)37, apolipoprotein A-IV (APOA4)2%, alpha-1-acid glycoprotein 1 (ORM1)38 and cadherin-1 (CDH1)3% 31, The green
and red squares indicate whether the variation in the urine of Patient | matched or not, respectively, with trends reported for each marker in the
literature. Dots represent the average of two biological samples with two technical replicates each. d Personal pathway index (PPi) at each time point
and estimated differential PPl (dPPi) were calculated as explained in the text. P1: interleukin-12-mediated signalling pathway; P2: endodermal cell
differentiation; P3, proteoglycan binding; Pa: peroxidase activity; P5: complement cascade; P6: humoral immune response; P7: oncogenic MAPK
signalling. e Distribution and density variation protein LFQ values (including two biological replicates) at each timepoint point for each pathway
assessed. Continuous bar in the middle represents the median. The thin discontinuous line represents the quartile lines. f Hierarchical clustering of the
three urinary proteomes of Patient I. Protein LFQ values were used to perform the cluster analysis (with average linkage, no constraint, preprocessing
with k-means and Euclidean distance).
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Supplementary Data 1) were submitted to clue-go analysis
(cystoscope) to select the biochemical pathways involved in
recurrence and/or progression. The 197 differentially expressed
proteins distinguished 93.5% of patients with recurrence and
100% of patients with progression, as shown in Fig. 1d. The
statistically significant pathways were cross-checked against the

HWhc!011, and seven pathways were selected. These pathways
involve 35 related proteins (Fig. 1g. and Table 1). These 35
proteins were used to calculate the dPPi as defined in Eq. (I). Four
of these 35 proteins have been described in literature as potential
biomarkers for bladder cancer (indicated with @ in Table 1)23-25,
Two of these four proteins namely fibrinogen B chain?>26 and

6 COMMUNICATIONS MEDICINE | (2023)3:8 | https://doi.org/10.1038/543856-023-00238-4 | www.nature.com/commsmed

256

Luis B. Carvalho | NOVA University



PhD Thesis | Appendix E

ARTICLE

COMMUNICATIONS MEDICINE | https://doi.org/10.1038/543856-023-00238-4

Fig. 3 Longitudinal analysis of the urinary proteome of patient Il. a Timeline of disease course in Patient Il showing the intervals in months (m) between
medical interventions and urine timepoint 1to 5. TURBT: transurethral resection of bladder tumour; Re-TURBT: repeated transurethral resection of bladder
tumour. b Volcano plot matrix showing proteome changes in urine collected at time points 1-5. The dots represent proteins showing statistically significant
increases (red), decreases (blue) or nonstatistically significant changes (grey) according to the Student's t test (FDR 0.05 and SO of 0.1). ¢ Variation in the
known protein biomarkers for bladder cancer, including angiotensinogen (AGT)35, apolipoprotein E (APOE)36, matrix metalloproteinase-9 (MMP9)37,
apolipoprotein A-IV (APOA4)2°, alpha-1-acid glycoprotein 1 (ORM1)38 and cadherin-1 (CDH1)3 31, The green and red squares indicate whether the
variation in the urine of Patient Il matched or not, respectively, with trends reported for each marker in the literature. Dots represent the average of two
biological samples with two technical replicates each. d Personal pathway index (PPi) at each time point and the estimated differential PPi (dPPi) were
calculated as explained in the text. P1: interleukin-12-mediated signalling pathway; P2: endodermal cell differentiation; P3, proteoglycan binding; P4:
peroxidase activity; P5: complement cascade; P6: humoral immune response; P7: oncogenic MAPK signalling. e Distribution and density variation protein
LFQ values (including two biological replicates) at each timepoint for each pathway assessed. Continuous bar in the middle represents the median. The thin
discontinuous line represents the quartile lines. f Hierarchical clustering of the four urinary proteomes for Patient Il. The protein LFQ values were used to

perform the cluster analysis (with average linkage, no constraint, preprocessing with k-means and Euclidean distance).

fibrinogen y chain?> have been described as having increased
expression in urine of BC patients. In addition, we found the
protein S100A9 which has been described as a biomarker can-
didate in plasma of BC patients?>. Protein myeloperoxidase
(MPO) was found to exhibit the greatest increases in levels in
patients with recurrence (Fig. 1c). MPO has been recently pro-
posed to be a marker of poor prognosis in lung?” and ovarian$
carcinomas. Therefore, MPO was used for quality control to
validate the mass spectrometry data using ELISA as an ortho-
gonal method (Fig. le, f). Next, we investigated how the status of
the seven pathways changed over time by following six patients
with BC for up to 40 months. A comprehensive flow chart of the
process is provided in Supplementary Fig. 1.

Longitudinal follow-up of BC patients. We followed six patients
longitudinally over the course of their diagnosis and treatment. In
this section, we will discuss three of the six patients in detail, and
the other three are displayed in Supplementary Figs. 3, 4 and 5.

Patient I presented with symptoms that matched BC and was
subsequently diagnosed. One reference urine sample was taken
before urinary and bladder exploration was performed (see Fig. 2a
for a comprehensive analysis timeline). Then, the urine proteome
was extracted and analysed via mass spectrometry, and the PPi
was calculated as explained in Eq. (I) and is presented in Fig. 2d.
Physicians diagnosed this patient with Tl-stage BC and
performed a transurethral resection of the bladder tumour,
TURBT. Then, one month later, a second analysis of the urinary
proteome revealed a difference of +35% between the PPi at time
point 1 and at time point 2 (Fig. 2d, PPi2 - PPil), suggesting that
the patient had not improved. In fact, all the hallmark pathways
were obtained with higher values. This prompted us to call the
patient and perform a medical inspection of the bladder, and the
patient was diagnosed with cystitis; thus, no surgical intervention
was needed. Another advantage of this type of analysis is that the
mass spec LFQ values of individual protein biomarkers can also
be used to obtain additional information about the course of the
disease (Fig. 2c). For instance, APOA4, a urinary candidate
biomarker for the presence of BC, exhibited lower value at
timepoint 2 which might be a good indicator in terms of cancer
progression. Increased levels of APOA4 in urine have been linked
to bladder cancer?’. The same applies to the biomarker CDHI, in
which an increment might also be a good signal’®31. On the other
hand, MMP9 is a biomarker linked to inflammation, and MMP9
exhibited an augmented value at timepoint 2, which is a negative
indicator that is not necessarily related to cancer32,

In summary, the changes in these biomarkers are consistent with
cystitis rather than a recurrence or progression. Further information
supporting this is that the complex MMP9/NGAL has been regorted
as increased in the urine of children with acute cystitis’2 At
timepoint 2, both proteins are augmented. This result shows that

dPPi is useful as an alert tool to follow individual variations in the
urine proteome caused by disease. Another cystoscopy three months
later was performed and revealed no evidence of recurrence.
Fourteen months later, a third urine sample was monitored again,
showing a dPPi of —80% relative to time 1 (Fig. 2d timepoint 3),
indicating potentially important immunological and inflammatory
responses were downregulated (Fig. 2e), reflecting an improvement
in the patient’s condition, as confirmed by medical analysis. Nine
months later, a fourth urine analysis revealed an increase in the dPPi
index from —80% to —61%, so we concluded that no intervention
was necessary. This was confirmed by the physicians. However,
there is a clear increase in the MAPK oncogenic signalling pathway.
This pathway has been reported to be involved in BC
development?, and overexpression of MAPK signalling proteins
has been linked to a mutation in the P53 gene and poor prognosis>*.
Furthermore, the variations in APOA4 and CDH1 indicated that the
cancer progression had potentially worsened. Additionally, a change
in MMP9 indicated a potential inflammatory response. Altogether,
it was concluded that the patient was in a possible initial stage of
recurrence. We recommended following this patient more fre-
quently to check the dPPi levels in urine..

Patient IT is an interesting case due to their frequent recurrences
(Fig. 3). The first proteome analysis of the urine was performed
64 months after the onset of BC. Then, the PPi for this urine, which
is presented in Fig. 3d timepoint 1, was calculated. At this point, the
patient had a TURBT intervention. Two months later, a new urine
analysis revealed a dPPi variation of +99%, (Fig. 3d timepoint 2),
indicating that the patient’s course was worsening. It is worth noting
the increase in the expression of the MAPK pathway (P7, Fig. 3d
timepoint 2). Based on these data, the patient underwent a
urological assessment that revealed another tumour recurrence,
confirming that the alert from the dPPi approach is valuable.
Another TURBT was performed, and BC was documented.

After 35 months, a routine surveillance assessment was
performed, and the urine proteome analysis revealed a dPPi of
+35% relative to the time one reference value. The patient thus
underwent another cystoscopy evaluation, which agreed with the
dPPi alert and demonstrated the recurrence of BC. Consequently,
a new TURBT was performed. A fourth urine proteomic analysis
was completed 15 months later (Fig. 3d timepoint 4), which
showed a change in the dPPi value of +5%, suggesting potential
disease progression. Our prediction was again confirmed by
cystoscopy as recurrence was recorded. Finally, ten months later
an increase of +95% in the dPPi suggested that the disease was
worsening. According to our medical intervention advice, the
patient underwent one cystoscopy that confirmed our result. The
patient was submitted to a TURBT.

Patient I1I (Fig. 4) presented with symptoms of BC, and a TURBT
was performed because the cystoscopy results were positive.
Histopathological analysis documented stage T1 BC. The patient’s
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urine sample was collected before medical intervention, and the
dPPi was calculated, as shown in Fig. 4d timepoint 1. Afterwards,
the patient underwent three more TURBT procedures within the
following four months. A second urine sample was taken one month
after the fourth TURBT was performed (time point 2). The dPPi
augmented a +36% (Fig. 4d timepoint 2), presenting seven

pathways that were increased. Again, the value of the dPPi approach
was illustrated by the variation observed in the MAPK signalling
pathway (P7 in Fig. 4d).

Our proteomics-based alert was confirmed as the medical
exploration indicated that the disease had progressed to the T2-
stage, and a radical cystectomy was perfomed. The urine
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Fig. 4 Longitudinal analysis of the urinary proteome of patient I1l. a Timeline of the disease course in Patient Il showing intervals in months (m) between
medical interventions and urine timepoints 1to 4. TURBT: transurethral resection of bladder tumour; Re-TURBT: repeated transurethral resection of bladder
tumour. b Volcano plot matrix showing proteome changes in urine collected at time points 1-4. The dots represent proteins showing statistically significant
increases (red), decreases (blue) or nonstatistically significant changes (grey) at the different time points according to Student's t test (FDR 0.05 and SO of
0.1). ¢ Variation in the following known protein biomarkers for bladder cancer: angiotensinogen (AGT)35, apolipoprotein E (APOE)36, matrix
metalloproteinase-9 (MMP9)37, apolipoprotein A-IV (APOA4)29, alpha-1-acid glycoprotein 1 (ORM1)38 and cadherin-1 (CDH1)3%: 31, The green and red
squares indicate whether the variation in the urine of Patient Il matched or not, respectively, with trends reported for each marker in the literature. Dots
represent the average of two biological samples with two technical replicates each. d Personal pathway index (PPi) for each time point and the estimated
differential PPi (dPPi) were calculated as explained in the text. P1: interleukin-12-mediated signalling pathway; P2: endodermal cell differentiation; P3,
proteoglycan binding; P4: peroxidase activity; P5: complement cascade; P6: humoral immune response; P7: oncogenic MAPK signalling. e Distribution and
density variation protein LFQ values (including two biological replicates) at each timepoint for each pathway assessed. Continuous bar in the middle
represents the median. The thin discontinuous line represents the quartile lines. f Hierarchical clustering of the four urinary proteomes of Patient Ill. The
protein LFQ values were used to perform the cluster analysis (with average linkage, no constraint, preprocessing with k-means and Euclidean distance).

Table 2 The dPPi index column shows the index calculated as explained in the methods section.
Patient Time point dPPi index dPPi Intervention?  Medical procedure Outcome dPPi intervention true?
1 2 20 Yes Cytoscopy Cystitis Yes
1 3 —-80 No Medical Monitoring*  No tumour Yes
1 4 —61 No Medical Monitoring® No tumour Yes
2 2 99 Yes Cytoscopy/RE- Tis stage recurrence Yes

TURBT
2 3 35 Yes Cytoscopy/TURBT T1 stage recurrence Yes
2 4 5 Yes Cytoscopy Recurrence (no AP exam)  Yes
2 5 95 Yes Medical Monitoring*  Recurrence (no AP exam)  Yes
3 2 36 Yes Cytoscopy/RE- T2 Stage recurrence Yes

TURBT
3 3 —63 No Medical Monitoring*  No recurrence Yes
3 4 -79 No Medical Monitoring® No Recurrence Yes
4 2 —-80 No Medical Monitoring* No Recurrence Yes
4 3 —56 No Medical Monitoring® No Recurrence Yes
5 2 -3 Yes Cytoscopy/RE- Ta stage recurrence Yes

TURBT
5 3 -2 Yes Medical Monitoring*®  Nonneoplastic Yes

Bladder Mass

6 2 -4 No Cytoscopy No recurrence Yes
6 3 -7 No Medical Monitoring® No Recurrence Yes
The dPPi intervention column shows whether medical intervention is necessary or not (Yes/No). The medical procedure column indicates the medical intervention performed for the patient, while the
outcome column highlights the diagnosis given by the physicians. The column named ‘dPPi intervention true? confirms whether the intervention that was recommended by the dPPi index was necessary
or not (Yes/No). Note that patient numbers 4, 5 and 6 are described in the supplementary Fig. 3, 4, and 5.

proteome was analysed again eight and eleven months after
cystectomy, as shown in Fig. 4d timepoints 3 and 4, respectively.
The expression levels of all the pathways were found to be lower
after resection of the bladder (Fig. 4d). The dPPi decreased 63 and
79% between onset and time points three and four, respectively.
The latter is consistent with the recovery experienced by this
patient. Currently, this patient is in good health. The profile of the
four proteomes since the onset of disease were compared (Fig. 4f)
and clearly show that the urines were clustered into two groups
(before and after radical cystectomy).

Three further patient examples are presented in the Supple-
mentary Fig. 3, 4 and 5.

Table 2 shows the dPPi index for each time point for each patient
in a comprehensive manner. First, the urine was monitored, the
dPPi was calculated, and an alert for intervention was set as yes or
no. Next, the patient was examined by the physician’s team through
a medical procedure as described in the table. The diagnostic
provided was then compared with the alert provided by the dPPi.
As shown in Table 2, 100% of the alerts (yes or no) were accurate.

In this work, we demonstrated how using the dPPi algorithm
to assess the urine proteome is a robust tool to (i) monitor the
course of BC disease and (ii) guide clinical decisions regarding
intervention. As the disease progresses, the levels of selected

cancer hallmark pathways change. This variation is used to
monitor the course of BC disease in a simple, straightforward,
and robust manner. This study would benefit from a large cohort
of patients and will need to be replicated on a larger scale to
validate the reported conclusions.

Data availability

The mass spectrometry proteomics data that support the findings of this study have been
deposited in ProteomeXchange Consortium!® via the PRIDE! partner with the
PXD025139 accession codes. Source data for the Figs. 1-4 and Supplementary Fig. 2-5
presented in the manuscript are available in the Supplementary Data 2.
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Proteomic analysis of chromophobe renal @
cell carcinoma and benign renal oncocytoma
biopsies reveals shared metabolic dysregulation

Luis B. Carvalho"?!, Susana Jorge'?!, Hugo Lopez-Fernandez**, Carlos Lodeiro'?, Rajiv Dhir’,
Luis Campos Pinheiro®’, Mariana Medeiros®/, Hugo M. Santos'*® and José L. Capelo'?'®

Abstract

Background This study investigates the proteomic landscapes of chromophobe renal cell carcinoma (chRCC)

and renal oncocytomas (RO), two subtypes of renal cell carcinoma that together account for approximately 10%

of all renal tumors. Despite their histological similarities and shared origins, chRCC is a malignant tumor necessitating
aggressive intervention, while RO, a benign growth, is often subject to overtreatment due to difficulties in accurate
differentiation.

Methods We conducted a label-free quantitative proteomic analysis on solid biopsies of chRCC (n=5), RO (n=5),
and normal adjacent tissue (NAT, n=5). The quantitative analysis was carried out by comparing protein abundances
between tumor and NAT specimens. Our analysis identified a total of 1610 proteins across all samples, with 1379
(85.7%) of these proteins quantified in at least seven out of ten LC—=MS/MS runs for one renal tissue type (chRCC, RO,
or NAT).

Results Our findings revealed significant similarities in the dysregulation of key metabolic pathways, including car-
bohydrate, lipid, and amino acid metabolism, in both chRCC and RO. Compared to NAT, both chRCC and RO showed
a marked downregulation in gluconeogenesis proteins, but a significant upregulation of proteins integral to the cit-
rate cycle. Interestingly, we observed a distinct divergence in the oxidative phosphorylation pathway, with RO show-
ing a significant increase in the number and degree of alterations in proteins, surpassing that observed in chRCC.
Conclusions This study underscores the value of integrating high-resolution mass spectrometry protein quanti-
fication to effectively characterize and differentiate the proteomic landscapes of solid tumor biopsies diagnosed

as chRCC and RO. The insights gained from this research offer valuable information for enhancing our understanding
of these conditions and may aid in the development of improved diagnostic and therapeutic strategies.

Keywords OCT-embedded tissues, Total Protein Approach, Label-free Quantification, Mass Spectrometry,
Chromophobe Renal Cell Carcinoma, Renal Oncocytoma
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Introduction

Renal cell carcinoma (RCC), a disease characterized
by abnormal cell proliferation in the epithelial cells of
the kidney, accounts for 400,000 new cases of adult
kidney cancer globally each year [1]. There are several
subtypes within the RCC classification, each display-
ing unique histological and cytological phenotypes [2].
Chromophobe renal cell carcinoma (chRCC) and renal
oncocytomas (RO) are two RCC subtypes that repre-
sent approximately 10% of all renal tumors [3]. RO, a
benign growth often found in the kidney collecting
ducts, typically lends itself to conservative treatment
approaches. Conversely, chRCC is a malignant tumor
that, despite sharing a similar origin in distal kidney
nephrons, requires more aggressive intervention to
prevent dire consequences to the patient [3]. Given the
strikingly similar anatomical origins and histological
features of these two tumor types, their accurate dif-
ferentiation poses a significant challenge [4]. Therefore,
most patients undergo surgery, often involving a partial
or total nephrectomy. This can lead to overtreatment
in RO, as benign lesions may not require such invasive
interventions if correctly identified beforehand. Thus,
accurately distinguishing between these two conditions
is essential not only to guide optimal treatment strate-
gies but also to reduce the potential burden on patients
and the healthcare system, thereby improving overall
patient care [4, 5].

Building on our recent development of a highly effi-
cient, ultrasonic-based methodology for extracting,
identifying, and quantifying the proteome of solid renal
biopsies embedded in optimal cutting temperature
(OCT) compound [6], we sought further to leverage
these technological advancements in our current study.
In this context, we employed the total protein approach
(TPA), a computational tool adept at converting spec-
tral intensities into protein concentrations. The efficacy
of the TPA methodology has been proven in various
scenarios, such as evaluating metabolic pathways in
slow and fast skeletal muscle [7], exploring biological
processes associated with colorectal cancer [8], and
assessing the impact on mitochondrial bioenergetics in
disease-induced conditions [9]. Additionally, we previ-
ously investigated differentially expressed proteins in
renal cancers using high-resolution MS combined with
the TPA method [10]. In this work, we focused on the
metabolic features associated with chRCC and RO ver-
sus NAT using the TPA method to identify undisclosed
new features characterizing each tumor [11]. We com-
pared our findings with the literature addressing the
metabolic characteristics of these renal neoplasms [12,
13].

Page 2 of 10

Materials and methods

Study design and sampling

In this manuscript, we have conscientiously reused a por-
tion of the raw data from our previous by Jorge et al. [11].
The raw data in question forms the basis of a comprehen-
sive dataset that was collected with significant effort and
resources. This dataset is rich and multifaceted, allowing
for various analyses and interpretations. While our pre-
vious publication focused on the identification of novel
histochemical markers in renal neoplasm, the current
manuscript focuses on the discovery of shared metabolic
features between chromophobe renal cell carcinoma and
renal oncocytoma. We believe that the use of this data,
in this manner, is a responsible use of resources, avoid-
ing unnecessary duplication of data collection efforts.
These data comprises the use of high-resolution mass
spectrometry to examine the proteomes of 15 human
renal tissue biopsies that were flash-frozen and embed-
ded in OCT. These included chromophobe renal cell car-
cinoma (chRCC, n=5), renal oncocytoma (RO, n=5) and
normal adjacent renal tissue (NAT, n=5). The University
of Pittsburgh Biospecimen Core provided the human
kidney tissue samples used in this study, which received
approval from the University of Pittsburgh’s Institutional
Review Board (IRB # 02—077). All neoplasms in the study
consisted of at least 85% tumor cells. Additional file 1:
Table S1 summarizes the patient data involved in this
research.

Proteomic analysis

The processing of biopsies followed the methodology out-
lined in Jorge et al. [6] Briefly, tissues were first cleaned of
OCT using an ultrasonic bath model TI-H-5 from Elma
(Singen, Germany). Then, proteins were extracted in 8 M
urea prepared in 25 mM ammonium bicarbonate using
an ultrasonic probe (UP50H from Hielscher Ultrason-
ics, Teltow, Germany). Next, protein digestion was car-
ried out with trypsin for four minutes using an ultrasonic
microplate horn assembly device (QSonica, Newtown,
CT, USA). The digested proteome extracts were subse-
quently analyzed by a label-free nanoLC-HR-MS/MS
approach (UHR-QqTOF IMPACT HD from Bruker Dal-
tonics, Bremen, Germany) as described before by Jorge
etal. [11] A step-by-step protocol, including OCT Clean-
ing, proteome extraction, proteome digestion, and LC—
MS/MS data acquisition is available in Additional file 2.

Data analysis and statistics

The MaxQuant software V1.6.0.16 was utilized for rela-
tive label-free quantification. All raw files were pro-
cessed in a single run using default settings [14, 15]. The
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Andromeda search engine was employed for database
searches, using the UniProt-SwissProt Human data-
base as a reference, along with a database of common
contaminants.

For absolute protein quantification, the Total Protein
Approach (TPA) was used to examine raw spectral inten-
sities from the MaxQuant output [10, 11]. The calcula-
tion of protein concentration was performed as follows:

= MS signal (i) |: mol ]

total MS signal x MW (i) | g total protein

Data processing was performed using Perseus (version
1.6.15.0) with default settings [16, 17]. In brief, reverse
hits and proteins only identified by site were removed
from the protein list, and TPA-based concentrations
were log,-transformed to reduce the effect of outli-
ers. Protein groups were filtered based on a minimum
presence of 70% in at least one group. Pearson correla-
tion was performed on filtered values. Missing values
were imputed from the total matrix with width=0.5 and
downshift=1.8. PCA was performed on the filtered and
imputed data. Log ratios were calculated as the difference
in average log, values between the two conditions tested
in volcano plots (two-tailed Student’s t test, FDR=0.01
and S0=0.1). Protein network analysis was integrated
and visualized using the software platform Cytoscape
V3.8.2 with the application StringApp V1.6.0 [18]. KEGG
[19], Reactome [20] and GO terms [21] were used as
ontology databases.

Results

Renal tumor profiling

The tissue biopsies were analyzed in duplicate using liq-
uid chromatography coupled to tandem mass spectrom-
etry (nanoLC-ESI-HR-MS/MS). Raw spectral intensity
values were converted into absolute concentrations using
the TPA method [10]. A total of 1610 proteins were iden-
tified (1% FDR) across all samples, with 1379 (85.7%) of
these proteins being quantified in at least seven out of the
ten LC-MS/MS runs for one renal tissue type (chRCC,
RO or NAT). Figure 1a displays the principal component

(See figure on next page.)

Page 3 of 10

analysis (PCA) of the quantified proteins, showing that
each specimen class segregates into distinct clusters.

The reproducibility of the MS biological replicates was
verified by comparing the Pearson correlation between
all pairs of samples as well as visualizing pairwise scatter
plots in a matrix (Fig. 1b). The calculated Pearson corre-
lation coefficients spanned from 0.79 to 0.97 for chRCC,
from 0.76 to 0.95 for RO, and from 0.83 to 0.95 for NAT.
The Pearson coefficients were higher when tumors were
compared to each other (0.68-0.86) than when compared
to NAT (0.56-0.70). These results underline a marked
deviation of both chRCC and RO from NAT. Further-
more, the data also demonstrate that there are discern-
ible differences between chRCC and RO, highlighting the
potential to differentiate these two neoplasms using this
profiling approach.

Dysregulated proteins between tumors and NATs

A two-tailed Student’s t test (FDR=0.01 and S0=0.1) was
used to distinguish the abundance of proteins between
each tumor and NAT. In chRCC, 532 proteins exhib-
ited significant differences compared to NAT, with 260
upregulated and 272 downregulated proteins (Fig. 1c).
Similarly, in the case of RO versus NAT, 578 proteins
showed significant differences, with 226 upregulated and
352 downregulated proteins (Fig. 1d). Comparing the
upregulated and downregulated proteins between each
tumor and NAT, 241 downregulated proteins (63%) and
117 upregulated proteins (32%) were found to be com-
mon (Fig. 1e, f).

To elucidate the biochemical processes driving the phe-
notypes of chRCC and RO, the differentially expressed
proteins for each tissue type were used to interrogate
comprehensive, functional proteomic databases. We
found a common signature of metabolic dysregulation
for chRCC and RO compared to NAT (Fig. 2a), affect-
ing carbohydrate metabolism, lipid metabolism, amino
acid metabolism and oxidative phosphorylation. Among
KEGG protein pathways linked to carbohydrate metabo-
lism, the most dysregulated were glycolysis/gluconeo-
genesis, pyruvate metabolism and the citric acid cycle
(FDR<8.94x107"*). In our analysis, we identified up to

Fig. 1 Classification of human renal tissue proteomes and protein expression profiles in tumors relative to NATs. Two instrumental replicates

were run for each biopsy, resulting in 30 chromatograms that identified a total of 1610 proteins. Of these proteins, a total of 1379 were obtained
from at least one tissue group (chRCC, RO, or NAT), with a reproducibility ranging from 70 to 100%. a Principal component analysis (PCA) of chRCC,
RO, and NAT group samples. b Heatmap representation of Pearson correlation of biological (n=5) and technical (n=2, each sample) replicates
(lower left) in combination with a scatterplot matrix protein of TPA-based quantification (upper right) demonstrating the reproducibility of the MS
data. Volcano plots illustrate the significantly different (FDR=0.01, S0=0.1) protein expression levels between (c) chRCC and NAT samples and (d)
RO and NAT samples. Venn diagrams comparing proteomes of chRCC and RO in terms of the (e) downregulated proteins and (f) upregulated

proteins
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Fig. 2 Metabolic pathway proteomes similarly affected in chRCC and RO tumors. a Network representation of a subset of pathways in four areas

of metabolism in which proteins were differentially regulated in tumors. Significantly (FDR < 0.01) upregulated and downregulated proteins are
shown in red and blue, respectively. Protein pathway analysis was performed by searching the KEGG database [19] using differentially expressed
proteins between tumor and NAT biopsies. b Correlation between levels of dysregulation of individual proteins (log, fold change (FC) in abundance
in tumor vs NAT) in chRCC and RO for proteins in carbohydrate (n=47), lipid (n=27) and amino acid (n=91) metabolism and oxidative
phosphorylation (n=47). The correlation coefficient r was calculated using the Pearson test. Shading areas represent the confidence of the interval,
and p represents the p value of the test
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23 proteins implicated in these pathways that exhibited
dysregulation across both tumor subtypes.

The KEGG glycolysis/gluconeogenesis  pathway
includes processes involved in the degradation of glucose
into pyruvate and the generation of glucose from non-
carbohydrates. Based on the differential protein expres-
sion data, proteins involved in gluconeogenesis, such as
fructose-1,6-bisphosphatase 1 (FBP1), pyruvate carboxy-
lase (PC), and phosphoenolpyruvate carboxykinase 1
and 2 (PCK1 and PCK2), were significantly downregu-
lated in tumors. In contrast, glycolytic proteins remained
unchanged or upregulated, e.g., ATP-dependent 6-phos-
phofructokinase (PFKM). These data indicate that gluco-
neogenesis was downregulated in tumors compared to
NATs. For instance, the results of FBP1 match well with
its well-known inhibitory effects on glycolysis and tumor
growth [22]. Furthermore, the downregulation of PC,
which catalyzes the conversion of pyruvate to oxaloac-
etate in the first step of gluconeogenesis, suggests a shift
in cellular metabolism toward the conversion of pyruvate
into acetyl-CoA, as evidenced by the observed upregula-
tion of proteins such as pyruvate dehydrogenase E1 com-
ponent subunit alpha and beta (PDHA1 and PDHB) and
the dihydrolipoyl lysine-residue acetyltransferase com-
ponent of the pyruvate dehydrogenase complex (DLAT).
Several TCA cycle proteins were upregulated, includ-
ing citrate synthase (CS), aconitate hydratase (ACO2),
isocitrate dehydrogenase [NADP] and [NAD] subunits
alpha and beta (IDH2, IDH3A and IDH3B), dihydroli-
poyl lysine-residue succinyltransferase component of the
2-oxoglutarate dehydrogenase complex (DLST), 2-oxog-
lutarate dehydrogenase (OGDH) and malate dehydroge-
nase (MDH2). The expression of proteins active in lipid
metabolism was modified in both tumors, with most
being downregulated relative to NAT controls. In the
chRCC and RO samples, 91 downregulated proteins were
linked to amino acid (AA) metabolism.

Pearson correlations were calculated for chRCC and
RO based on the fold change in abundance of differen-
tially expressed proteins in carbohydrate, lipid and AA
metabolism pathways (Fig. 2b). Positive correlations were
found for the four pathways compared, with the oxidative

(See figure on next page.)
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phosphorylation pathway showing the highest p and low-
est Pearson correlation values.

Main chRCC and RO features

The functional protein pathway analysis also revealed
divergent features between chRCC and RO that may
underlie differences in the tumor subtypes. Proteins
involved in energy metabolism of chRCC were less dys-
regulated than RO. For instance, in chRCC, 28 proteins
involved in the oxidative phosphorylation pathway were
expressed at different levels compared to NAT, while in
RO, 40 proteins belonging to this pathway were dysregu-
lated (Fig. 2a). Comparing the variation between the pro-
teins belonging to the oxidative phosphorylation pathway
in both tumors versus NAT, a Pearson coefficient of 0.79
was obtained. The same comparison for carbohydrate,
lipid, and AA metabolism resulted in Pearson coefficients
of 0.94, 0.92 and 0.94, respectively (Fig. 2b).

Mitochondrial KEGG pathways were dysregulated
more extensively in RO biopsies, with 256 differentially
expressed proteins (Fig. 3a) compared to 175 in chRCC
(Additional file 3: Table S2).

The common chRCC versus NAT and RO versus NAT
dysregulations of proteins related to respiratory chain
complexes were evaluated and compared. The results
depicted in Fig. 3b present Pearson correlation coeffi-
cients of 0.81, 0.79, 0.93, 0.57, and 0.40 for complexes I,
11, 111, IV and V, respectively. The TPA-based concentra-
tion values for the respiratory chain complex proteins are
presented in Fig. 3¢, Additional file 4: Figs. S1, 2.

Discussion

In our research, we utilized the total protein approach
to quantify the absolute protein amounts in chRCC, RO,
and NAT tissues. These data enabled us to examine the
unique protein expression patterns in chRCC and RO
compared to NAT and to delve into potential biological
implications. In this context, we believed that the most
informative approach was to assess and compare the
deviations from the normal state in both chRCC and
RO. By contrasting these differences, we aimed to eluci-
date the unique dysregulation patterns associated with

Fig. 3 Differences in protein pathways underlying each tumor subtype. a Specific dysregulation of mitochondrial protein pathways in ROs,
including those of respiratory chain complexes. Protein pathway analysis was performed by using the differentially expressed proteins in each
tumor biopsy (relative to NAT) in searches against KEGG [19] and GO [21] databases. Significantly (FDR <0.01) upregulated and downregulated
proteins are shown in red and blue, respectively. b Comparison of the protein deregulation (log, fold change (FC) in abundance in tumor relative
to NAT) between chRCC and RO for the five respiratory chain complexes [Complex |, n=44; Complex Il n=4; Complex lll, n=10; Complex IV,
n=19; ComplexV, n=20]. Blue dots, downregulated proteins (RO vs NAT); red dots, upregulated proteins (RO vs NAT). The correlation coefficient r
was calculated using the Pearson test. Shading areas represent the confidence of the interval, and p represents the p value of the test. ¢ Absolute
protein amount, expressed as pmol/mg of tissue, calculated through the TPA methodology
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each malignancy, shedding light on their molecular
characteristics.

PCA of the variance in protein abundance showed
that the proteomes of the two tumor subtypes exhibited
greater similarity to each other than to the proteomes of
NAT samples. This similarity suggests a shared tumor
phenotype between the two subtypes. However, PCA
also highlighted discernible differences in the quantified
proteomes of the two tumor subtypes, indicating unique
characteristics associated with each subtype (Fig. 1a).

Comparing dysregulated pathways between chRCC
and NAT with those between RO and NAT, as depicted
in Fig. 2, reveals a similarity in dysregulation levels. This
is evidenced by a Pearson coefficient of 0.92 or higher for
carbohydrate metabolism, lipid metabolism, and amino
acid metabolism, which strongly suggests parallel pat-
terns of dysregulation in both chRCC and RO subtypes
when compared to normal tissue (Fig. 2b). This observa-
tion aligns with the well-established hallmark of cancer,
namely, the reprogramming of central metabolic path-
ways. It also corroborates the findings reported by Xiao
et al. [13] who similarly identified decreased levels of pro-
teins involved in gluconeogenesis and fatty acid metabo-
lism in chRCC compared to NAT. Additionally, our data
suggest that gluconeogenesis and lipid metabolism are
also reduced in RO compared to NAT, which aligns with
the findings reported by Kiirschner et al. [23].

This collective evidence sheds light on the shared
metabolic traits between chRCC and RO, thus confirm-
ing common signatures of metabolic dysregulation for
chRCC and RO compared to NAT. The evident suppres-
sion of amino acid synthesis in both cancer types further
highlights the possibility of amino acid auxotrophy as a
defining feature of these conditions. The downregulation
of argininosuccinate synthetase (ASS1), phosphoglycer-
ate dehydrogenase (PHGDH), and glutamic-oxaloacetic
transaminase 1 and 2 (GOT1 and GOT2) in both chRCC
and RO tumors compared with NAT confirms this result
[24]. Inhibition of this protein leads to decreased produc-
tion of important amino acids such as arginine, serine
and glycine, forcing cancer cells to depend on healthy tis-
sue surrounding the tumor as a source of nutrients [24].

Additionally, the analysis of the oxidative phosphoryla-
tion pathway revealed a Pearson coefficient of 0.74 (Fig. 2b),
suggesting the presence of distinct mechanisms of oxidative
phosphorylation between the chRCC and RO subtypes.
Notably, our findings align with previous studies, demon-
strating significant alterations in mitochondrial pathways in
both RO and chRCC when compared to NAT [25, 26]. It is
interesting to note that the levels of dysregulated mitochon-
drial-related proteins were higher in RO than in chRCC
(Fig. 3). Our findings agree with those reported by Joshi
et al [25], who suggest that mitochondrial activity acts as
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a barrier to tumorigenesis in RO, which means that normal
mitochondrial activity can prevent or slow down the devel-
opment of tumors. Reduced mitochondrial activity may
contribute to the development of tumors by promoting a
protumorigenic environment in cells. This is because nor-
mal mitochondrial activity is necessary to maintain healthy
cellular metabolism, and altered mitochondrial activity in
cancer cells can affect cellular metabolism and promote
tumor growth. This suggests that targeting mitochondrial
metabolism may be explored as a coadjutant therapeutic
strategy for treating chRCC.

In addition to mitochondrial abnormalities, muta-
tions in respiratory chain complex I genes are frequently
observed in RO [23]. Our RO versus NAT proteomic data
revealed downregulation of complex I-related proteins
and predominant upregulation of proteins associated with
complexes III, IV and V, as shown in Fig. 3b, ¢, Additional
file 4: Figs. S1, 2. Our data agree with the work of Xiao
et al. [12], who also reported reduced expression of com-
plex I-related proteins and an increase in all other pro-
teins related to respiratory chain complexes. In this way,
the direct difference in the absolute levels of expression
of these mitochondrial proteins demonstrates the utility
of the TPA in discriminating between these two tumor
subtypes.

Conclusions

In summary, this work presents an in-depth exploration
of the contrasting protein expression profiles found in
chRCC and RO compared to their normal adjacent tis-
sue. The study used the TPA-based method to deter-
mine the absolute amounts of proteins in each tissue
type. The findings suggest that both chRCC and RO
show dysregulation of carbohydrate, lipid, and amino
acid metabolism, as well as mitochondrial abnormali-
ties, when compared to NAT. The study found that the
proteomes of the two tumor subtypes were more simi-
lar to each other than to NAT, reflecting their shared
tumor phenotype. The observed decrease in arginino-
succinate synthetase (ASS1) expression in both chRCC
and RO tumors relative to adjacent healthy tissue indi-
cates shared metabolic characteristics between these
cancers. One such shared trait appears to be auxotro-
phy, which is prominently featured in both conditions.
Targeting mitochondrial metabolism may be explored
as a coadjutant therapeutic strategy for treating both
chRCC and RO. The reduced number of samples per
group used in this study must be considered in future
studies.

Abbreviations
chRCC Chromophobe renal cell carcinoma
LFQ Label-free quantification
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nanolLC-HR-MS/MS  Nanoliquid chromatography-high resolution-tandem
mass spectrometry

NAT Normal adjacent tissue

oCcT Optimum cutting temperature
PCA Principal component analysis
RCC Renal cell carcinoma

RO Benign renal oncocytoma
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