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Abstract

Multiple myeloma (MM) is characterized by the clonal expansion of plasma cells in
the bone marrow that results in eadyan damage, including hypercalcemia, renal
dysfunction, infection, anemia, and bone disease. Despite the introduction of novel
therapeutics, MM remains an incurable disease mainly due to repeated relapses and
resistance to current chemotherapies. The development of extramedullary multiple
myeloma (EMM), an aggressive form of MM associated with the colonisation of soft
tissues or organs by myeloma cells, is associated with a poor prognosis. There
remains a critical unmet need for effective treatments for patients with refractory
disease and aggressive extramedullary disease. Given the potential of predictive
biomarker panels to optimise treatment regimens, a phosphoproteomic analysis
based onex vivodrug responses to a selection of drug classes was performed.
Results showed an increased abundance of proteins and phosphoproteins associated
with cell adhesion and a decreased abundance of proteins and phosphoproteins
associated with protein translationmulti-drug resistant myeloma cells basedesn

vivo drug response. Furthermore, a proteomic analysis of MM patient plasma
stratified based oex vivodrug responses identified circulating proteins, including
interleukinl5, as potential predictive biomarkers of drug response. Usingftabkel

mass spectrometry, distinct alterations in the proteomic profile of bone marrow
mononuclear cells from EMM patients compared to MM patients were identified.
Bioinformatic analysis revealed an increased abundance of proteins linked to a poor
prognosis in MM, and potential cellular mechanisms, including leukocyte
transendothelial migration, associated with EMM. Proteomic and metabolomic
evaluation of plasma samples from MM patients with and without extramedullary
spread confirmed a distinct phenotypic change in EMM patients. Three proteins,
namely, vascular cell adhesion molecule 1, hepatocyte growth factor activator, and
pigment epithelium derived factor, were verified as promising biomarkers of EMM.
Overall, this thesis provides novel insights into aggressive phenotypes of MM and

identifies promising biomarkers for future validation studies.
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Chapter 1

Introduction



1.1 Multiple Myeloma

1.1.1Introduction to Multiple Myeloma

Cancer is one of the leading causes of death worldvindé&eland,approximately
30% of deaths each yearecaused byancer(Cancer in Ireland 1998021:Annual
statistical report of the National Cancer Registry 2023he malignant
transformation of cells occurs through a mustige processvhereby genetic
abnormalitiegpromote the constitutive proliferation and survival of cancerous cells.
Cancer can occur anywhere throughout the bodyisabhypically classified based on
the cell of origin or dcation of the tumourHemaological malignanciesefer to
cancers that originate in the blood or bone marrow, and incladkemia

lymphoma, and multiple myelon{&ahman and Mansour 2019)

Plasma cellsare terminally differentiated B lymphocytes thady a central role in
the healthy functioningof theimmune systenthrough theprodudion of antibodies
(D6Souza and B hMuttigleancylaana (Wkl) 2 &Onia@ghancy of
plasma cellscharacterized by tlire uncontrolled proliferationwithin the bone
marrow Myeloma cells produca high level ofabnormal monoclonal (Mprotein
that can be detected in the blood or urine to aid diagiibsieshimaet al. 2007)
MM is a complex, heterogenous malignanayitiated by various complex
cytogenetic abnormalitieand spportedby signals withinthe bone marrow niche
(Giannakoulaset al. 2021) The overall survival of myeloma patients has
significantly improvedn recent yeargn concordance witlthe introduction of novel
therapeutics Despite this,MM remairs an incurable cancer mainlyue to the
development oflrug resistance and repeated relapses

1.1.2Incidence andepidemiology

Although MM is considered a rare disease as it makes up only 1% of all cancers, it is
the secondmost common type of blood cancer behind -ktwdgkins lymphoma
(Siegelet al. 2019) Globally, the incidence of MM was over 160,000 and mortality
was over 105,000 in 20ZQudwig et al.2020; Huang, Charet al.2022) In Ireland,

over 350 people are diagnosed each yédancer in Ireland 1998021:Annual

statistical report of the National Cancer Registry 20E8llowing the introduction



of novel treatments including proteasome inhibitors and immunomodulatoryidrugs
recent yearsthe five year survival rate of MM patients has significantly improved,
from 24.6% in 1976 to 53% in 2016 (Howladeret al. 2019) MM most often
occurs in people over the age of 65 and is very rarely diagnosed in individuals under
30 (Kazandjian 2016)Males, as well as people of African descent, are more likely
to be diagnosed with MMLandgren and Weiss 20097 family history of
hematologic malignancies can increase the risk of an MM diag{uen/alkenburg

et al. 2016) Additional risk factors includ@esticide exposure, obesity, adladronic

inflammation(van de Donlet al.2021)

Almost all cases of MM are preceded lpyemalignant plasma cell disorders
progressing fronmonoclonal gammopathy of undetermined significance (MGOS)
smouldering multiple myeloma (sMMjnd finally to activemultiple myeloma.ln
certain casesactive MM can progress to extramedullary multiple myelgman
aggressive subtypaf myelomaassociated with a poor prognogiinto et al. 2020)
MGUS, sMM, and MM havepecific diagnostic criteridefined by the International
Myeloma Working Group (IMWG)as outlined inTable 1.1 (Rajkumar 2020Q)A
diagnosis of etive MM requires>10% malignant plasma celis the bone marrow
upon bone marrow biopsnd the presence ofie or more myelomédefining events
(MDEs). MDE includeevidence oend organ damagehich is often defined bthe
acronym,CRAB. CRAB featuresare common clinical manifestations of multiple
myelomawhich specifically refer tdiwypercalcemia, renal dysfunctioanemia and

lytic bone lesions Hypercalcemia occurs mainly due to bone destructiohile
excess Anormal M proteincan accumulate irand damage the kidney3he
proliferation of myeloma cells in the bone marrow affects normal hematopoiesis,
often resulting in a ldcof red blood cellsLytic bone lesions occur as myeloma cells
stimulate the activation dbionedestroyingosteoclasts anthe inhibition of bone
forming osteoblastsresulting in bone diseagPadalaet al. 2021) The three other
MDEs are malignant plasma cells >60% in the bone marrow, involved: uninvolved
serum free light chain ratio >100 and >1 focal lesion detected by magnetic resonance
imaging (MRI)(Rajkumar 2018, 2020)

Previous approaches to the management of MGUS and sMM mainly involved
continued observation to detect signs of end organ damage. However, recent phase 3



clinical trials demonstrating delayed progression to active MM have led hematology
experts to recommend the treatment of patients with-tsfhsMM, as described in
Table 1.1 with lenalidomide or a lenalidomide and dexamethasone drug
combination(Mateoset al. 2016; Lonial, Jacobust al. 2020; Lonialet al. 2022;
Rajkumar 2022)In the case of MGUS or lowsk sMM, continued observation of
indicators of disease progression, such as elevated monoclonal protein, are

recommended@Rajkumar 2022)

Table 1.1: Criteria for the diagnosis of MGUS, sMM, highrisk sMM, and MM.
*Adapted from(Rajkumar 2022)

Monoclonal
Gammopathy . High-Risk
of MuIStirgIc()eull\(/jljglrc])?na Smouldering Multiple Myeloma
Undetermined Multiple Myeloma
Significance
9 Clonal bone marrow
pl asma ce
OR
Presence of bony or
extramedullary
T Serum Presence of 2 or 3 of plasmacytoma
9 Serum monoclonal the following:
monoclonal protein oo onoconal The presence of one o
protein OR Urinary ) more myeloma defining
<3g/dL monoclonal protein events:
protein el ﬂHypercalcemi_a
1 Clonal bone per 24hi1OR uninvolved s.erum 1 Renal dysfunction
marrow Clonal bone free liaht chain 9 Anemia
plasma cells marrow plasma ratig > 20 1 Bone lesions
<10% cells between 10 9 Clonal bone marrow
0,
00% { Clonalbone p | a§ ma ¢¢
INo endorgan marrow plasma 11 1nvolved:uninvolved
damage 1 No endorgan cells >20% serum free light chair
damage (FLC)r a't 106

{>1 focal lesion larger
than 5mm on

magnetic resonance
imaging (MRI)

1.2 Risk stratification of MM

Once a diagnosis of MM is confirmed, patients undergo risk stratification to
determine prognosis and aid therapeutic decisi@aking. A combination of
laboratory testsimaging testsand gemtic testsare usedto evaluatethe disease
characteristics of individual patients. Laboratory teasisasuringserum albumin



levels, bete2-microglobulin (B2M) levels, and serum lactate dehydrogenassH)

levels contributeto risk stratification. Imaging technologies sues positron
emission tomograpligomputed tomographyPET/CT) are used to detect bone
lesions and/oextramedullary plasmacytomas. Genetic tesiduding karyotyping

and fuorescentin situ hybridization (FISH) are used to detediyperdiploidy,
immunoglobulin translocations, andeletions orgains of distinct chromosomal
regions(Hagenet al. 2022) The use of the higthroughput genomic technology,
next generation sequencing (NGS), is becoming more common in clinical settings
with the hope of advancing precision medicine in multiple myel@@#staneda and

Baz 2019; Bolliet al.2020)

Prognostic evaluation of MM was traditionally performed using the Bs@ienon
staging system(Durie and Salmon 1975)This system was replaced by the
International Staging System (ISS), which has since been replaced by the Revised
ISS (RISS)(Greipp et al. 2005; Palumbceet al. 2015) (Figure 1.1). The Durie
Salmon staging systesiratified patients into three stages basedaboratory tests

for hemoglobincalcium, immunoglobulins, monoclonal protein and the presence or
number of bone lesionsSubsequery, the ISS incorporated serum levels 62-
microglobulin and albumin. In 2015, arevision of the ISSncludedthe high-risk
cytogenetic abnormalitie$(4;14), t(14;16), and del(17pand elevatederumlactate
dehydrogenase (LDHas factors associated with stage Ill MMIn an effort to
further riskstratify the highly heterogenoustermediate stage, second revision of

the ISS (R2I1SShecently described by the European Myeloma Netveorksidersin
addition to the factorencludedin the RISS the newly identified poor prognostic
indicatoss, gain of chromosome 1q and more than dmghrisk cytogenetic
abnormality presert D 6 A g cetsat. 202R2)pElevatedserum B2M and LDH levels,
reduced albumin levelsand the presence of the higkk cytogeneticst(4;14),
t(14;16), or del(17p)are associated with higiisk multiple myeloma(Rajkumar
2022) Furthermore, extramedullary multiple myelompeesents asin independent

poor prognostic factaiStorket al.2022)



1975

Durie-Salmon
staging system

I
All the following:

+ Hemoglobin > 10g/dL

+ Normal calcium
(<12mg/dL)

+ IgG < 5g/dL; IgA < 3g/dL

+ Monaclonal urinary
protein < 4g/24hr

+ None or one bone lesion

II
Not fitting stage T or stage 11T

m

Any of the following:

+ Hemoglobin < 8.5 g/dL

+ Calcium > 12 mg/dL

+ Monoclonal urinary
protein > 12g/24h
Multiple osteolytic
lesions

2005

International
Staging System
(1SS)

I

All of the following:
* Serum B2-microglobulin
<3.5mg/L
s Serum albumin > 3.5 g/
dL

II
Either:
* Serum B2-microglobulin
< 3.5 mg/L; serum
albumin < 3.5 g/dL

e Serum B2-
microglobulin 3.5- 5.5
mg/L, irrespective of
serum albumin

I

Serum B2-microglobulin >
5.5mg/L

> 2015

Revised ISS

I

All of the following:
s Serum B2-microglobulin
<3.5mg/L
¢ Serum albumin > 3.5 g/
dL
» Standard risk
cytogenetics
Normal LDH

> 2022

Second Revision
of the ISS*

Score based system:

II

Not fitting stage I or stage I11

111

Both of the following:
* Serum B2-microglobulin
> 5.5 mg/L
* High-risk cytogenetic
abnormalities (t(4;14),
1(14;16), del(17p)) or
High serum LDH

* ISSII 1

s ISSII 1.5

« del(17p) 1

« LDH high 1

. 1(4,14) 1

. g+ 0.5
Low (1)

Total score: 0

Low-intermediate (lI)

Total score: 0.5-1

Intermediate-high (1)
Total score: 1.5-2.5

High (IV)

Total score: 3.5

Figure 1.1:. Developments in the risk stratification of multiple myeloma patients
Severaldifferent staging systems have been introduced for the risk stratification ¢
patients over the last 50 yeat$his risk stratification approach has natybeen global
implemented

1.3 Genetic factors associated with multiple myeloma

The genetics of MM is inherently complewith no single genetic alteration
underlying the initiation and progression of this malignancy. Instead, a multitude of
genetic abnormalities including chromosomal translocations, aneupkirdgtural
variants, andsingle nucleotide variantsontribute toMM pathogenesigMorgan et

al. 2012) Primary genetic eventacludingchromosomal translocationshich often
involve the immunoglobulin heavy chai(lIGH) gene locus and aneuploidy
contributeto the evolution of MGUS andMM to active myelomalnterestingly,
hyperdiploidy rarely cebccurs with IGH translocationsand MM is sometimes
categorized into hyperdiploid and nbgperdiploid MM (Chng et al. 2007)
Secondary genetic events includiogpy-number abnormalities and gene mutations
contribute to MM progression and the development of drug resis{@astaneda
and Baz 2019)Table 1.2 shows theapproximate frequencies of various cytogenetic

abnormalities in MM.



Translocations involvingGH have been reported to occur up to 50% of MM
patients. These translocationguxtapose various oncogenes depending on the
involved loci with the transcriptioné} active enhancers othe IGH gene, resulting
in oncogene overexpressiorhe five most common IGH translocatica® t(11;14),
t(4;14), 1(6;14), (14;16), and t(14;20)which affect theoncogenescyclin D1
(CCNDL1), fibroblast growth factor receptor/ 3nultiple myelomaSET domain
containing proteifFGFR3/MMSET),cyclin D3 (CCND3),transcription factor Mf
(MAF), and transcription factor MafB (MAFB), respective{iKim et al. 2014)
T(4;14), t1(14;16), and t(14;20) aregh-risk translocations associated with a poor
prognosis whereas t(11;14) and t(6;14) are considered stasrdardranslocations
(Abdallahet al.2020)

Hyperdiploid genetic eventstypically involve trisomies of the oddumbered
chromosomes 3, 5, 7, 9, 11, 15, 48d 21, andindicatea favourable outcome in
MM. Despiteone study suggesting a possiblabrogation of the poor prognostic
implications oft(4;14) in the presence of trisomies 3 andhts was contradicted by
a subsequent study reportirthat the ceexistence ofhyperdiploidy does not
abrogatethe poor prognostic value digh-risk cytogenetic abnormalitig€hretien
et al. 2015; Pawlynet al. 2015) Regarding nothyperdiploid genetic eventsa
hypodiploid karyotype (<44 chromosomes)associated witlan adverserognosis
andthe presence ahore aggressivabnormalitiessuch agdeletions oflp and 17p
(Qazilbashet al.2007)

IGH translocations and hyperdiploidy agarly-stageoncogeniceventscommonly
detected ilMGUS andsMM prior to progression to active M§Lionetti et al. 2021,
Obenet al. 2021) In contrast, scordary oncogenic eventsften occur later in the
course of thadisease and contribute to MM progressibtore complex structural
variants includingY C translocationsgain of chromosome 1q (+1gnddeletions
of chromosomedp, 11q, 12p, 13q, 14q, 16¢g and 1P, have been identified as
secondary genetic events in MKCastaneda and Baz 2019pain of function
mutationsin oncogenes including NRAS, KRA&Nd CCND1, loss of function
mutations in tumour suppressor gesash as p53 and retinoblastoma 1 (RBhyd
various mutations in genes associated with nhelear factor kappa betd ) B
pathwaypromote MM progressiofChesi and Bergsagel 2013)



Table 1.2: Approximate frequency of cytogenetic abnormalities in MM.

Cytogenetic Abnormality Frequency in MM Reference
Primary cytogeneticabnormalities

IGH Translocatios
(Manieret al.2017; Corre,

o 0
HEL LAl Munshi, et al. 2021)
(Manieret al.2017;
CardonaBenavidest al.
. -~ 0,
1(4:14) 15% 2021; Corre, Munshgt al.
2021)
) (GoldmanMazuret al.
_50,
ekl Cadi 2021; Rajkumar 2022)
t(6;14) 1-2% (Manieret al.2017)
(Manieret al.2017;
t(14;20) ~1% CardonaBenavidest al.
2021)
Hyperdiploidy 50-60% (Clarkeet al.2024)
Hypodiploidy 13-20% (Jurczyszyret al.2021)
Secondarycytogeneticabnormalities
. 0 (Manieret al.2017;
LEJCEIR el Hanamura 2021)
, (van Nieuwenhuijzeet al.
~ 0,
1p deletion 30% 2018; Hanamura 2022)
17p deletion 5-10% (Hanamura 2022)
MY Ctranslocations 15-40% (Clarkeet al.2024)

1.4 Treatment of Multiple Myeloma

A breakthrough in the treatment M occurred inthe 1960swith studies reporting
a significant improvement inVIM patients treated with thelkylating agent,
melphalan and corticosteroid, predniso(ass 1962; Hoogstratezt al. 1967) The
combination regimen of melphalan and prednis¢h#) became the standard
treatment for MMfor decadesintil autologous stem cell transplantation (ASQ/Bs
introduced in the 1980darlogieet al. 1987; Kyle and Rajkumar 2008\SCT in
combination with high dose chemotherapy (H¥Ignificantly improved response
rates of MM patients andemains themainstay treatment for transplagligible
patiens today. ASCT involves collectingand storinggt he pati ent 6s
prior to HDT. Following treatment with HDT, the stem cells agminstered to the
patient to aidmmune reconstitutio@innie and Hill 2021) As MM is characterised
by clonal heterogeneity andirug resistance, drug combinationisat include
therapeutics with distinct mechanisms of actlave been widely adopted as the
standard of car@Brioli et al. 2014) In the past two decadethe approval ohovel

therapeutics includingoroteasome inhibitors, immunomodulatory drudpsstone



deacetylase inhibitor@HDACI), monoclonal antibodieschimeric antigen receptor
T-cell (CAR-T) therapy,andbispecific antibodiekavebeen centralo theimproved
survival outcome of MM patients.

1.4.1 Current treatment options

Following an MM diagnosis,the treatment regimen idecided based oASCT
eligibility and risk stratification asoutlined in Figure 1.2. Historic dinical trials
evaluatingthe efficacy of ASCTexcluded patients over the age of, G®wever,
recent data has shown thgattients over 65 can benefit from ASGAiith frailty and
the presence afomorbiditiesbeingbetter predictors of ASCT efficadhild et al.
2003; Sharmaet al. 2014; Parrondcet al. 2020) Prior to ASCT, 3-4 cycles of
inducion therapyis recommendedwhichoften consists of th&iplet combination of
bortezomib, lenalidomide, ardkxamethasone (VR)r standaretisk MM, with the
potential addition of daratumumab to the regimen in ‘ighh MM (Rajkumar
2022) As outlingd in Figure 1.2 longer cycles of VRd or daratumumab,
lenalidomide, and dexamethasoae= recommended for the initial treatment of
transplantineligible patients.Treatmentrelated toxicities alsodictate herapeutic
decisionmaking especially in older adults who amften more susg#ible to
treatmentrelated toxicities(Mehta et al. 2010) For example, brtezomibbased
regimensmay needo bealtered during the course of treatment due to the emergence
of treatmentelated peripheral neuropathyArgyriou et al. 2008) The major
treatmentrelated toxicity of concern in the ecd immune cell activating bispecific
antibodies and CAR cell therapiess cytokine release syndromapotentially life
threatening toxicitythat occurs due to theapid immune cell activation and the
release of large amounts @fo-inflammatorycytokines(Hu, Li, et al.2022; Moreau
et al.2022)



Newly-Diagnosed Multiple Myeloma

ASCT Eligibility?

/ \

Standard-Risk High-Risk Standard-Risk High-Risk
Induction Therapy: Induction VRd x 8-12 cycles VRd x 8-12
VRd x 3-4 cycles Therapy: VRd or OR cycles
Dara-VRd x 3-4 DRd until
¢ cycles progression »1«
Early ASCT »1, l' Bortezomib
OR I | plus
Stem cell collection Early ASCT - - lenalidomide
followed by I;ﬁgfnlégﬁ?r:gee maintenance
i VR
continued VRd l’ (following VRd
l’ Bortezomib- cycle)
Lenalidomide based
maintenance maintenance
OR

Lenalidomide
maintenance with
delayed ASCT at

relapse

Multiple Myeloma - First Relapse

Lenalidomide Refractory?

/ \

Not Dara-Refractory: Not Dara-Refractory:
Dara-Refractory: KRd (Preferred) Dara-Refractory: KCd or KPd
DRd or ERd, IRd DKd or Isa-Kd (Preferred)
OR or VCd, EPd
DPd or Isa-Pd

Figure 1.2: Guidance for the treatment of multiple myeloma Treatmentapproaches for
transplant eligibleand transplant ineligible newly diagnosed multiple myel@amea multiple
myeloma patients at first relapas outlined in the 2022 Multiple Myeloma upda&cCT,
autologous stem cell transplantation; VRdrtezomib, lenalidomide, dexamethasobara,
daratumumab; DRd daratumumab, lenalidomide, dexamethasoR&d, carfilzomib,
lenalidomide, dexamethasondRd, elotuzumab, lenalidomide, dexamethasorRd,
ixazomib, lenalidomide, dexamethasol#d, daratumumab, carfilzomib, dexamethasone;
IsaKd, isatuximab, carfilzomib, dexamethasone; DPd, daratumumab, pomalidomide,
dexamethasonelsaPd, isatuximab, pomalidomide, dexamethasone; KEatfilzomib,
cyclophosphamide, dexamethasokEd, carfilzomib, pomalidomide, dexamethasone; YCd
bortezomib, cyclophosphamide, dexamethasone; , ERtbtuzumab, pomalidomide,
dexamethason&Adapted from(Rajkumar 2022)

*Figure adapted fronfRajkumar 2022)
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1.4.2 Proteasomeinhibitors

Myeloma cells producdarge amounts oM protein making them susceptible to
drugs targeting proteidegradation pathway®anasanclet al. 2014) The firstin-
class proteasome inhibitor, bortezomitas approvedor the treatment of MM in
2003 and has since become the backbone of varitingally used combination
regimens(Richardsonet al. 2003) The cond and third generatioproteasome
inhibitors (PIs), carfilzomib and ixazomilrespectively, have since been approved as
MM treatments.Pls farget the 26S proteasome, inhifgt protein degradatioand
exering their anttmyeloma activityby triggering te terminal unfolded protein
responsgblocking the degradation aumour suppressing proteissich ag53, and
inhibiting the NFeB pathway(Berensoret al. 2001; Obenget al. 2006; Halaskt al.
2014) The multiprotein 26S proteasome is made up of two components: the 20S
proteolytic core which consists of two outésubunit rings and two innérsubunit
rings, and 19S regulatory complexes which cap one or both eritie 20S core
(Bardet al.2018) Proteolytic cleavageccurs in the 20S core and is mediated by the
chymotrypsinlike activity, trypsinlike activity, and caspadée activityoft he b 5,
b2, a hatiburfits, respectivelynitial studies reportethei 5 subunit as the rate
limiting proteaseof proteolysis hence, bortezomib, carfilzomib, and ixazomib
primarily target theb Ssubunit of the proteasom@rendt and Hochstrasser 1997;
Heinemeyeret al. 1997) However, recent studies have found tratt high
concentrationsthese Pls also emhibit b 1  a n dsubanits abd2o-inhibition of

I'5 andi 2 by carfilzomib exhibits the highest cyttxicity, even in Piresistant MM
(Krauset al.2015; Besset al.2019) Pls remain a crucialomponent of therapeutic
regimens for MM patients.

1.4.3 Immunomodulatory drugs

The findng thatMM is associated with increasédne marrowangiogenesised to
the evaluation of the aréingiogenic ag#, thalidomide, in relapsed refractory MM
in 1999(Singhalet al. 1999; Vacceet al. 1999) Thalidomide along with themore
recently developed lenalidomide andpomalidomide, are considered
immunomodulatory drugy(IMiD ), due to theiraugmentatiorof the immunesystem
response In MM, IMiDs, have beenfound to modulae immune cells via co

stimulating T-cells augmenting NK cell cytotoxicitysuppressing T regulatory cells
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and inhibiting the production of pfioflammatory cytokines including tumour
necrosis factor alpha (TNFU) (Muller et al. 1996; Davieset al. 2001; LeBlancet
al. 2004; Galustiaret al. 2009) A landmark article published in 2010, identified
Cereblon (CBN), the substrate recognitimomponehof the DCX (DDB1-CUL4-
X-box) E3 protein ligase compleas a primary target of IMiD@to et al.2010) The
expression of CRBN wasubsequentifound to be required for the amtiyeloma
activity of IMiDs (Zhu, Braggioet al.2011) IMiDs bind to CRBN and modulate its
substrate specificityresulting in the degradation tfe transcription factortkaros
(IKZF1) and Aiolos (IKZF3) that have been widely reported to éssentialfor
myeloma cell survivaKronke et al. 2014) Maintenance theraphas become a
crucial aspect of MM treatment in the last decaldess intensive maintenance
therapies after frontline treatment increase the depth of respons@agrdssion
free survival (PFSJAlonsoet al. 2020) The second generation IMID, lenalidomide
is currently thestandard of caréor maintenanceherapy, asevaluatedby various
phase 3 clinical trialéHolsteinet al.2017; McCarthyet al.2017)

1.4.4 Immunotherapy

In the last decade, the treatment of MM has moved th&® new era of
immunotherapy. Since the pproval of rituximab for the treatment of
relapsed/refractory neHodgkins B cell lymphoma, over 20 unconjugated
monoclonal antibodiegmAbs) have received FDAapproval as tgeted cancer
therapieqZahavi and Weiner 20207 he introduction ofnAbs as anticancer agents
revolutionized cancer treatment throughithability to target tumouspecific or
overexpressed antigens on the surface of cancer bENSs exert their antcancer
effects by directblockage ofligand-receptorbinding andor indirect activation of the
immune system viaantibodydependent cellularcytotoxicity (ADCC) and
complemendependent cytotoxicity (CDG)Lyu et al. 2022) Severaloverexpressed
MM -specificsurface proteinhave emerged as promisingAb-directed targetsThe
anti cluster of differentiatior88 (CD38) monoclonalantibodies, daratumumab and
isatuximab, and the antsignaling lymphocytic activation molecutamily member

7 (SLAMF7) monoclonal antibody, elotaumab, have been approved for the
treatment of MM(Gormley et al. 2017; Moreauet al. 2019; Ishidaet al. 2022)
CD38 is a cell surface prote highly expressed on myeloma cells tlaats asan
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adhesion moleculand ectoenzyme (Costaet al. 2019) SLAMF7 is a homotypic
surfacereceptorthat is highly expressean plasma cellsand expressed oother
immune cellsincluding NK cells (Wang, Sanchezt al. 2016) SLAMF7 receptor
engagementan haveactivatingor inhibitory effects depending on the peege or
absence of the adaptor proteiiwing's sarcomassociated transcrifat (EAT-2),
respectively(CruzMunozet al.2009) As NK cells express high amounts of EAT
elotuzumab triggers SLAMFbn NK cells leading to NK cell activation and
enhancd NK cytotoxicity (Collins et al. 2013) Elotuzumab als@ossesses anti
myeloma activity via ADCC and disrupting myeloma delleractionswith bone

marrow stromal cell§Tai et al.2008)

Developing on the succesd the unconjugated mAbs described abovatibody
drug conjugates and bispecific antibodiese recentlghownimpressiveefficacyin
clinical trialsin RRMM (Lonial, Lee,et al. 2020; Moreauet al. 2022) Antibody-
drug conjugate§ADCs) are composed of a monoclonal antibadth specificity for
a fargetantigenattached to aytotoxic drug via a chemical linkeFhe mechanism of
action of ADCs depend on their endocytosisby the cancer cell and subgeent
lysosomal degradation to release the cytotagjentand cause cell dea(iHartley-
Brown and Richardson 2022Yarious surface antigenscluding CD38,that are
highly expressed on myeloma cellave beerevaluatedas targets for ADCsThe
first ADC to receiveFDA approwal for the treatment oMM was belantamab
mafodotin (Bela), which targes B cell maturation antigen (BCMA)BCMA is a
member of the TNF superfamilghat is expressedn normal Blymphocytes and
myeloma cells. Due tds almost exclusivgresencen the surface of plasma cells,
BCMA has become a key tagfor MM treatmentMikhael 2020) Phase | and
phase liclinical trials evaluating Bela iRRMM patientsdemonstrateghromising
overall response rates above 30% in a heavily pretreated patient popuhetignof
whom were triple or pentarefractory toseveral drug classes including aBi38
monoclonal antibodiegTrudel et al. 2018; Lonial, Lee,et al. 2020) The
DREAMM-9 trial is evaluaihg Belain combination withbortezomib, lenalidomide,
and dexamethasorfer the treatmentof ASCT-ineligible newly diagnosedvIM is
ongoing (Usmaniet al. 2021) Sixteen clinical trialsevaluatingADCs in MM are

currentlyactive or recruiting participants.
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Researchers developed on monoclonal antibottiesreate Ispecific molecules
cgpable of targetng two unique epitopes on target antige(ida et al. 2021)
Bispecific molecules include bispecific antibodies and bispecific T cejhgers
(BiTEs)which differ onlybased on the BiTEs lack of an Fc dom&ihe majority of
bispecifics developed for the treatment of Mbnd to the tumourspecific antiges,
BCMA or CD38, and the T cell cereceptor CD3to directly stimulate T cell
activation and subsequemtyeloma cell deatliChoet al. 2022) The first bispecific
antibodyfor the treatment oM, teclistamabyas approved in early 2022 based on
results from thephase 1/2 MajesTEQ trial (Moreau et al. 2022) Teclistamab
simultaneously targets BCMAn myeloma cells and CD3 on T cells to induce MM
cell death. Various bispecific antibodies are currently in clinical trials for the
treatment of myeloméGrangeret al.2023)

The introduction of chimeric antigen receptor TCAR-T) cells was a major
breakthrough in the treatment of hematological malignan@a®k-T cell therapy
involves the genetic engineering thie T cell receptor to redirect specificity for a
target tumour antigen (Huang, Huangget al. 2022) Two CAR-T cell therapies,
idecatagene vicleucel and ciltacabtagene autoleueefieting BCMA have been
approved for the treatment of RRM{Wlunshiet al. 2021; Martinet al. 2023) The
remarkable efficacy demonstrated by immunotherapeutics in the treatment of MM
suggests a central role for this class of biologics in future MM therapeutic regimens.

1.5 The bone marrow microenvironmentin MM

1.5.1 Thebone marrow microenvironmentand B cell development

The bone marrownicroenvironmen{BME) is acomplexcellularsystemcomprising
of hematopoietic and nemematopoieticells along withsoluble factors and matrix
proteinsthat interact tosustainhematopoiesifSanched.anzaset al. 2022) The
highly vascularized and innervatetdchitecture of the bone maw supportsthe
production of hematopoietic cell§he complexity of the BME is heightened by the
presence omultiple specialzed nichesvhich coordinate taegulatehematopoietic
stem cell HSC mainkenance, self-renewal, differentiationinto myeloid and

lymphoid lineagesandproliferation(Ayhanet al. 2021) The composition of these
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niches remaispoorly understood although the BM can largely be classified into the

endosteal and vascular nic{@dshoket al.2022)

B lymphocytes originate in the bone marraevelopng from HSCsin a multistep
maturationprocess Early B cell development in the bone marrogsults in the
generation oflgM-expressing immature B cellwhich migrate from the bone
marrow to secondary lymphoid orgaios maturation where they become mature B
cells (Tsai et al. 2019) Upon activation mature B cellenter ahighly specialized,
transient structure known #se germinal centréVithin the germinal centre, B cells
undergo classwitching somatic hypermutatignand clonal expansiofacilitating
the differentiation of B cells witheceptors of high affinity for the activating antigen
into memory B cells oterminally differentiatedplasma cells Antibody-secreting
plasma cells return to the bone marrow where they becomdil@ugplasma cells
persisting within specialized regioms the bone marrow for extended periods of
time (Roth et al. 2014) The sustained survival of plasma cells densidered
dependent owellular interactions and solublactors within the BMECasseset al.
2003) This observatioraffirms the centraftole of the bone marrow niche in MM

development and myeloma cell survival
1.5.2 Cellular and solubleinteractions in MM

The impact of the tumour microenvironment in cancer progression has long been
established anteviewed(Anderson and Simon 2020; Baghbetral. 2020) In MM,

the composition of the BMEs altered to create a ptomorigenicmilieu in which
cell-to-cell interactionsand secreted cytokines and growth facfm@moteMM cell
proliferation and survival (GarciaOrtiz et al. 2021) The interaction between
myeloma cellsand cells of the BME including @senchymal stromal cells, bone
marrow stromal cell§BMSCs) osteoclasts, osteoblastg]ipocytes, myeloid cells

and lymphoid cellsactivategsuppressesarious signalling pathwaysegulatingthe

immune respons@ngiogenesis, antkll adhesior(Hou et al.2019)

Within the BME, myeloma cells adhere to bonermoa stromal cells (BMSCs)
stimulating pro-tumorigenic signalling pathways which directly or indirectly
promote myeloma progressi¢Xu et al. 2018) The celito-cell interaction between

myeloma cells and BMSCs is mediated via the expressicdhesion molecules
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including vascular cell adhesion molecule 1 (VCAM1) anikrcellular adhesion
molecule 1 (ICAM1) on BMSCs anidtegrins such amtegrinalpha4 (ITGA4) and
integrinbeta 1 (ITGA1) on myeloma cell®chiyamaet al. 1992, 1993) Physical
cell contact between BMSCs and myeloma célés been widely reported to
contribute to the developmeaot cell-adhesion mediatedrug resistancé€CAM-DR)
(Nefedovaet al. 2003) In addition, this cellular interactioactivates signalling
pathways which stimulate the secretion of soleb factos into the tumour
microenvironment which providgrowth and survival signals to MM cellHuanget
al. 2021)

Boneformation istightly regulated bya balancing crosstalk betwebaneresobing
osteoclasts anbdoneforming osteoblastéRoodman 2009)in MM, this crosstalkis
dysregulatedleading to lytic bone lesions which increase disease burden and
morbidity. Cellular interactions between myeloma ll€e and osteoclasts
simultaneouslystimulate osteoclastctivation whilepromotng myeloma cell growth
and survia (Garrettet al. 1987; Abeet al. 2004; Leeet al. 2004) A key pathway
implicated in MM-associatedbone disease is thesageptor activator ofNFe B
(RANK)/ receptor activator oNFe B | i g a n d/ osteBpfoledetin) (OPG)
system.RANK binding to RANKL promotes osteoclastogenesis whereas &6

as a antagonist foRANKL, preventingoinding to RANK(Sezeret al. 2003) Cell-
to-cell contact between myeloma cells and bone marrow stromal stetislaes
BMSCs expression of RANKLwhile smultaneously inhibiting OPG secien
(Giuliani et al. 2001; Pearset al.2001) In addition, syndecan 1 (CD138yhich is
highly expresed on myeloma cellscan bind OPG leading tosiinternalization and
lysosomal degradatiofStandalet al. 2002) This activation of osteoclasts creates a
positive feedback loop, whereby increased osteoclast activation subsequently
promotes myeloma cell proliferation, immunosuppressaomd angiogenesigiecht

et al.2008; Taiet al.2018)

Two of the most important soluble mediators contributing to MM survival and
proliferation in the bone marrow arB-cell-activating factor (BAFF) and A
proliferationinducing ligand (APRIL) BAFF and APRIL are members of the
tumour necrosis factor (TNF) superfamilihat are predominantlgxpressed by
osteoclasts within the BMHEAbe et al. 2006) The binding of these factors to
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abundantly expressed receptors on MM cells such as BCMA, a common target of
current immunotherapeutics, triggers the activation of nuclear facppaB (NF

9 B )protein kinase B (AKT),and mitogen activated protein kinase (MAPK)
pathway to promote MM growth and survivdMoreauxet al. 2004) Interleukin6

(IL6) is a cytokine with a welestablished role as a proliferatisad survivalfactor

in MM. IL6 is mainly secreted by cells within the BMBgtably BMSCsputis also
producedoy MM cells in some casd&awanoet al. 1988; Kleinet al. 1989) Other

soluble factors within the BME with roles in MM pathogenesis incktdemal cel

derived factorl (SDF1), tumor necrosis factor alpha (TNF) |, i nA7e(l-l euki n
17), vascular endothelial growth factor (VEGR}pulin-like growth factorl (IGF1).

1.6 Drug resistance in Multiple Myeloma

The FDA approval ofover ten new myeloma treatmentsince 2010has seen
improvements in progression free survival (PFS) and overall survivaMidr
patients. However, multiple myelonmamains an incurable malignancy mainly due
to repeated relapses as patients develop resistance to current therajpeutisg
and extrinsic mechanisnpday a role in the drug resistance of MM céRfsgure 1.3)
(Solimando et al. 2022) Furthermore,the inherent intratumoral heterogeneity
associated withMM contributesto the selection of resistant subclones which
subsequently become the dominamgelomaclone in a process known as clonal

evolution(SalomonrP e r z et@s2k2i1)
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Figure 1.3: Mechanisms of drug resistance irmultiple myeloma. Intrinsic mechanisms
include mutations of target genes, upregulation of efflux transpogecsetion of target
proteins and NEB pathway activation Extrinsic mechaniss include cell adhesion
mediated drug resistance aadluble factors within the bone marrow microenvironment.
The persistence of myeloma stem cells which ar&insically resistant to many
chemotherapeutics can also lead to drug resist®8dB5,proteasome 20S subunit beta 5;
CRBN, cerebloniL6, interleukin 6; IGF, insulin growth factor 1.

1.6.1 General mechanisms of drug resistance

The overexpression of drug efflux pumpshich removechemotherapeutic drugs
from cancer cellsis a commonmultidrug resistance mechanisf&ottesman and
Pastan 2015)This abnormal transport of drugscurs dieto the overexpression of
ATP-binding cassettd ABC) transporters such as Rjlycoprotein (P-gp), ATP-
binding cassette sdiamily G member ZABCG2) and major vault protein (MVP)
(Groganet al. 1993; Rimszeet al. 1999; Turneret al. 2006) Drugs targetig drug
efflux pumps have been developed and have demonstsated promise in re
sensitizing drugesistant myeloma cell©iowevernone have been approved for the
treatment of MM(Muz et al. 2017; Besset al.2018) Moreover a studyevaluating
the efficacy ofcombiningproteasome inhibiterand Rgp inhibitors in Pl-resistant
MM cell lines indicated noincrease in the efficacy of bortezomib and carfilzomib
(Mynott and WallingtorBeddoe 2021) Thus, other mechanism of resistee may

contribute more to Pl resistance in MM.
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1.6.2 Resistance to proteasome inhibitors

Genetic mutations imlrug targetgenesor signalling pathwaysonstitutesintrinsic
mechanisra of resistance td/IM therapeuticsMutations in thePSMB5gene which
encodastheproteolytically activeb 5 p r ot e a sandis thenmio targen af the
proteasome inhibitors, bortezdm and carfilzomib, have been identified in
bortezomibresistant cell linegOerlemanset al. 2008) In addition, a recent study
validated the presence of four somatic mutati@ssociated with bortezomib
resistancen the PSMB5 geneof an MM patient undergoing prolonged bortezomib
treatment, while also highlighting the process of clonal evolutiom MM by
identifying an increased incidence ®#SMB5 mutations ira relapsed MM patient

who had received prolonged bortezomib treatn{8atrrio et al.2019)

Another intrinsic mechanism of Pl resistance&dnpensatory vighe activation of
the aggresomal protein pathwayhich provides an alternativ@echanismto the
proteasomdor the clearance of proteif&umar and Rajkumar 2008The histone
deacetylase(HDAC), HDACSG, facilitates aggresoal degradationby recruiting
ubiquitinated proteins and transporting them dggesomes where they are
subsequentlysubjeced to lysosomal degradatioiiKawaguchiet al. 2003) The
combination of panobinostat, a padDAC inhibitor, with bortezomib and
dexamethasone as a treatmndor MM received FDA approvabased on the
PANORAMA-1 trial (SanMiguel et al. 2016) Combining panobinostat and
bortezomib blocks proteasomal degradation and thactivation of the
aggresomiautophagypathwayby inhibiting the HDAC6-mediated transpation of
ubiquitinated proteins to aggresomessuling in a synergistic effecand improved
efficacy (Hideshimaet al. 2016; Voglet al.2017) Heat shock proteing1SPs)act as
molecular chaperones that facilitate protein folding amaintain cellular protein
homeostasigHu, Yang,et al. 2022) The upregulation oHSPshas been reported to
contribute to bortezomib resistanbg increasingthet u mo u r abittyetb tHeal 6
with misfolded proteins.Several HSPs includingjlucoseregulated protein 78
(GRP78) heat shock protein 90 (HSP90), and heat shock protein 27 (HSP27), have
been implicated in bortezomib resistance in NIWitsiadeset al. 2002; Chauhaset
al. 2003; Maleket al.2014)
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The bone marrow microenvironmerarngpromote drug resistance via CADR and
the secretion of soluble factors that cidmite to drug resistand®eadset al. 2009)
BMSC binding to MM cellsstimulatesthe production and secretion of IL6 from
BMSCs which subsequentlypromotes bortezomib resistance throu§TAT3
pathwayactivation(Chauharet al. 1996; Chonget al.2019) BMSCshave also been
reported tdncrease NFeB activity in MM cellswhich induces Rfesistance through
the activation of preurvival signalling(Markovina et al. 2008a) Interestingly,
exosomes derived from BMSdsave also been found teromote survival and
induce drug resistan¢#vang, Hendrixet al.2014)

1.6.3 Resistance to immunomodulatory drugs

As described aboyemmunomodulatory drugbave immunemodulating functions
in addition tothe ability to alter thesubstrate specificitpf CRBN. As CRBN is
required forIMiD activity against MM cells, decreased expression BBU in cell
lines has been assated with reduced response to IMiZu, Braggioet al.2011;
Huanget al. 2014) CRBN mutationshavealsobeen implicatechs mechanisms of
IMID resistanceRecent comprehensive genomic analyses hdeetified various
genetic abnormalities within théRBN genein MM patients refractory tdMiDs
(Kortim et al. 2016; Goodinget al. 2021) Anothermechanism of IMID resistance
involves the interaction ahe substratéinding competitorsRUNX1 and RUNX3
with  CRBN which blocks the CRBN-IKZF1/3 interaction and subsequent
degradation ofKZF1 andIKZF3 (Zhouet al.2019)

Resistance to IMiDs can also develop independentipnbrmalities associated with
CRBN. Similarly to Ptresistancejncreased IL6 expression and STAT3 pathway
activation contribute to IMID resistanc€Zhu et al. 2019) A recent proteomic
analysisdiscovereda link betweercyclin dependent kinase 6 (CDK@pregulation
and IMID resistanceproviding a rationale for the inhibition of CDK& IMiD
resistance MM(Ng et al. 2022) The immune cellactivating mechanism of IMiDs
can also b obstructedlue to immune cell exhaustion within the BMEeri et al.
2018; Lucast al.2020)
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1.6.4 Resistance to monoclonal antibodies

The introduction ofmonoclonal antibodies as MM therapeuticas resulted in
improved clinical outcomes however, resistanaemains an issués mAbs target
cell surface receptora common mehanismof resistance ishe reduction of cell
surface levels of the target protdiy intrinsic downegulation of the target gene,
target endocytosis, oeleasing extracellular vesicles expressing the t¢&gmdtarella
et al.2020) Low expression of thearget of daratumumab amhtuximab, CD38is
associated witla poor clinical respons@\ijhof et al. 2016) However, asignificant
reduction inCD38 expressiofas beerobservedupon exposure to daratumumab
indicatingthe involvement obthermechanismé daratumumab resistanfi€rejcik
et al.2017) The expression d€D38 on other immuneells,including NK cells, can
lead to offtarget effects whereby NK celise depleted within the BMi&hich may
impact NK-mediated antibodydependent celnediated cytotoxicity (ADCQG)
although this has not begmoven(Casneufet al. 2017) Indeed, the phenotype of
NK cells seems to have more of an impact on the development of daratumumab
resistance as a recent study reporgéedhigher proportion of NK cell with an
exhausted/activated phenotypEINI-3", HLA-DR" NK cells) in MM patients not
responding to daratumumatVerkleij et al. 2023) Similar drug resistance
mechanisms have been reportedother targeted immunotherapi@s, Zhang, Cao,
et al.2023)

1.6.5 Ex vivoscreening methods for assesgy drug resistance

With drug resistance representingexrious unmet need in MMyiiictional precision
medicine has garnered increasing attention as a methexhloate drug resistance
and guide clinical decision making in a personalized manner. Functional precision
medicine in oncology often refers to the use oéawivodrug screening approach to
evaluate the therapeutic efficacy of numerous druggrionary tumour cells (Letai
2022). This technique is often combined with molecular analyses in an effort to
identify molecular phenotypes linked tdrug responseVarious ex vivo drug

screening methods have been developed in recent years.

Ex vivodrug testing has commonly beparformedusing lulk viability-based assays

which quickly generate large amounts of data inobust and efficient manner
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However, bulkviability-basedassaysare limited in their inability to identify small
resistant swelonesand their endpoint measurement efeby respaoting or non
responding cellsnay bemissed dugo timings(Cetinet al. 2017; Kimmerlinget al.

2018; Rosenquiset al. 2023) Therefore,more advanced technologiesciuiding
singlecell analysis have been developed to evaluate therapeutic susceptibility in
blood cancerskFor example Spinner and colleagues develomedhigh-throughput

flow cytometrybasedex vivodrug sensitivity screening platforthat facilitates the
assessment of bottytotoxicity and cell differentiatio(Spinneret al.2020) Further
research using this platform found theat vivodrug sensitivity correlates with the
clinical response of paediatric AML patients who received conventional
chemotherapy(Strachanet al. 2022) A recent study reported a singtell image
basedex vivodrug testing approach, termed pharmacoscopy, as a clinically relevant
strategy to improve treatment decisimaking in MM (Kropivseket al. 2023) This
technique represents astahigh-throughput, automatable approach to evaluate drug
response by combining singtell, spatial and morphologic resolutigHeinemann

et al.2022)

The areaof precision medicine in haematological malignancies is rapidly evolving
Functional precision medicine approaches are currently being evaluated in the
clinical setting and developments in downstream omics technolbgesmproved

our ability to analyse the molecular phenotype of treatment refractory patients
(Rosenquistkt al.2023)

1.7 Extramedullary Multiple Myeloma

Extramedullary multiple myeloma (EMM) is a less frequent, but aggressive subtype
of MM, driven by the ability of a sublone to grow independently of the BM
microenvironment,and is oftencharacterised by increased clonal proliferation,
evasion of cell death, and resistance to treatmentjnigad a poor prognosis
(Bhutaniet al. 2020) (Figure 14). There has beesome confusion surrounding the
nomenclature of extramedullary multiple myeloma or extramedullary disease
(EMD), with some studies including paraskelekasions which arise from the
expansion of tumour masses from the bone into the soft tissue of the parasketetal
area, within the definition of EMPWu et al. 2009; Gagelmanet al. 2018; Jagosky

and Usmani 20200ther studiehave defined EMM as solely the presence of distal
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organ or softissue lesions resulting from the hematogenous spread of myeloma
cells from the bone marro@shortet al. 2011; Bladéet al. 2022a) However, the
general consensus, with the support of a recent expert review, defmégpes of
EMD: paraskeletal involvement derived from bone lesionsEi of soft tissues
derived from hematogenous spre@bsifiol et al. 2021) Despitethe presence of
malignant plasma cells outside the bone maysmiitary plasmacytomas and plasma
cell leukemia are considered distinct entities and are not considerbt (BNutani

et al.2020)

| Intramedullary MM | ( Extramedullary MM |
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Bone marrow Extramedullary sites

Selection of
aggressive pro-
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Figure 14: Extramedullary multiple myeloma. Scheméc illustrating the development of
extramedullary multiple myeloma via the migrationmfeloma cells into the circulatory
system followed byextravasation into soft tissue or organs whageloma cells proliferate
and develop into extramedullary lesions.

1.7.1 Incidence

The true incidence of EMMwhich arises from hematogenous spread (known as
EMM from here on)s difficult to ascertairas studies often usarying definitions

of EMM and varying diagnostic metho{fShortet al. 2011) The incidence of EMM
was reported to increase in the era of novel agents, leadisgeculabn that
combined Pl and IMiEbased therapeutic regimens inadvertently select for
aggressive MM clones with a higher capacity for extramedullary swadttoniet

al. 2010) However,a comprehensive study Marga et al.revealed no evidence of
increased risk of EMM following frodine treatment withlenalidomide and

bortezomib combinatits (Vargaet al. 2015) The increased incidence is likely due
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to improvements in theensitivity of imaging technologiess well as the longer
survival rates of MM patient¢Bansal et al. 2021) EMM can be detected at
diagnosis (primary EMM) or at relapse (secondary EMWM}h a higher incidence

of secondary EMM compared to primary EMMladéet al. 2022a) In a review of
over 1000 patients with NDMM in 2003, only 4 patients (0.4%) presented with
extramedullary lesionsvhereas a 2011 study of 174 patients, found 3 patients
(1.7%) presented with EMD at diagnosis whereas 13 patients (7.5%) developed
EMD during the course of treatme(Kyle et al. 2003; Shortet al. 2011) The
incidence of EMMat diagnosis ranges from 0.4% to 4.8%, while the incidence in
RRMM ranges from 3.4% to 14%Kyle et al. 2003; Pourt al. 2014; Deng, Xuget

al. 2015)

1.7.2 Diagnosis, prognosisand treatment of EMM

Whole body magnetic resonance imaging (MR#nd positron emission
tomography/computed tomograpK§ET/CT) have been recommended as imaging
tecologies capable of detecting extramedullary lesidhssguichet al. 2022) A
recent consensus statement from the IMWG recommends the ussumfiefl8
fluorodeoxyglucosePET/CT (I -FBG PET/CT during the diagnostic workp of
MM patientswith suspected extramedullary or solitary plasmacytof@aso et al.
2017) One of themainadvantages af -FBG PET/CTis the ability to dscriminate
metabolically active extramedullary sitedsom metabolically inactive lesions
Following the detection of an extramedullary plasmacytomaEeM diagnosis is

confirmed by biopsyTouzeau and Moreau 2016)

The presence of extramedullary lesidesan independenpoor prognotc factor
associated with significantly shorter PFS and @Smaniet al. 2012; Kraeber
Bodéréet al.2022) Several studies have reported a wgseynosisn patients with
soft tissue EMMwhen comparedo MM patients with paraskeletal involvement
(Zhouet al.2020; Jiméneseguraet al.2022) Varying PFS and OS rates have been
reported for EMM over the years(Bladé et al. 2022a) A comprehensive,
retrospective study by thHeuropean Society for Blood and Marrow Transplantation
(EBMT) found 139 of the 3744 NDMM patientsidentified presented with EMM
The 3year PFS and O%r EMM patientswas significantly worse aB89.9% and
58%, respectivelycompared to50% and 77.7%, respectively, for patients with
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paraskeletal involvement, and 47.9% and 80.1%, respectively, for MM patients
without extramedullary involvement. Gagelmann et al. also reported that EMM
patients withmultiple sites of extramedullary involvement showed a significantly
reduced 3ear PFS when compared to those with single site involvement
(Gagelmanret al.2018) In RRMM, a multicenter retrospective studyaluating the
outcome of MM patients with extramedullary and paraskeletal involvefoent

that patients diagnosed witEBMM at relapseéhad the worst prognosis withRES of

13.6 monthsand OS of 11.4 monthsPatients presenting with EMD at diagnosis
have an improve®FS and O®f 38.9 and46.5 monthsrespectivelycompared to
EMD diagnosedt relaps€Beksacet al.2020)

Several reviews and recommendations focusing on how best to treat patients with
extramedullary lesion@gree that an aggressive treatment approach is required
(Touzeau and Moreau 2016; Li, ét, al. 2022; Li, Sunget al. 2022) As of the time

of writing, no prospective clinical triafocusingspecificallyon EMM patientshave

been publishedTherdore, thereare currently no specific, targeted therapeutic
regimens for the treatment of EMM. Current literature points to poor responses to
current MM therapeutics, and the lack of prospective studies specific to EMM
patientshampersac | i n iabilityaantale strong treatment recommendatidns.
addition, aspite the success of immunotherapies ftire treatment of MM,
preliminary studies indicate that the letegm efficacy of these treatments is
significantly worse in patients with EMM compared to MM patients without
extramedullary sprea@elineket al.2022; Li, Liu, et al.2022a) It is clearthat novel
therapeutic strategies are requiredtprove the outcome of EMM patients.

Despite the poor prognosis associated with EMM, a literature review of EMD in
MM patients revealed a lack of articles focused on the molecular pathogenesis of
extramedullary transition. Due to the rarity of EMM and the heterogeneous locations
of extramedullary lesions, case studies are often publigiesl et al. 2015;
Markovicet al.2 0 1 9 ; T \etcak 30ZBy Therefore, little is known about the
molecular mechanisms that underly the development of EB®#dtion 5.1 provides
further information oncurrent literature related to the molecular mechanisms

associated with EMM.
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1.8 Precision medicine using proteomics techniques

Developing precision medicine approaches has become an objective of many
scientists and clinicians who strive for a more personalized approach to the treatment
of cancer. Precision medicineises molecular information from genomics,
proteomics, transcriptomic#) addition tolifestyle and environmental information
from an individualto improve health outcomes by preventing, diagnosing, and
treating diseas@.ancet 2021)In recent years, there have been major technological
improvements in the proteomics fieldith the availability ofvarious competent
technologies and more robust workflows which are consistently bringing us closer to
bridging the gap between laboratdrgised research and clinical applicatigfigure

1.5). Over 20 drugs are FDA approved for the treatment of multiple myelanth

with the high likelihood of patients becoming resistant to various driigs crucial
patients receiveraappropriatdreatment course tharovides the best chance of a
long-term response. UnfortunatelyM is still treated empirically with conventional
myeloma therapiegnd despitearious cytogenetic variants MM being identified,

no tageted therapies are currently approvedthe treatment of these subgroups
The biggest challenge facirtbe implementation of precision medicine approaches

in MM is the inherentheterogeneity within the tumour microenvironmevitich

often cultivates various beclones with distinct molecular characteristics that may

become dominant over tlveurse of the diseagPan and Richter 2022)
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1.8.1 Biomarkers

Biomarkersare measurablendicatorsthat can identifya specific physiological ro
pathological procesdn the era of precision medicine, biomarkarg required to
help tailor treatmentegimens and improve clinical outcomes for individual patients.
Proteinbiomarkerscansene asdiagnostic indicatorsprognostic indicatorsmarkers

for monitoring disease progression, aa&l predictive markers tpr edi ct pat i €
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response tdreatment(Ou et al. 2021) Evaluating protein biomarkers in patient
sampleshas the potential to improve health outcomestytribuing to an earlier
diagnosisan accurate prognosig, disease monitoringegimen,andthe selection of
therapeutic regimenthat individual patientsaare most likely to respond.t&aluable
protein bomarkers can balentified intissues and biofluids although biofluidsuch

as plasma, serum, saliva, and urine, aften preferred due to thesase of
longitudinal samplinglow cost, andninimally invasive nature of sample collection

in comparisonto tissue biopsiegMarrugoRamirezet al. 2018) Notably, MM
patientsmust underga highly invasive and painfubone marrow biopsprocedure

to obtain tumour tisey thus highlighting theeedfor biofluid-based biomarksrin

MM. The discovery of novel proteomic biomarkers in biofluids can be challenging
due to higly dynamic protein concentration ranges, particularly in serum and
plasma, which can hinder the detection of low abundant protdiherefore,
depending on the biofluid being analysed, the proteomic target, and the analytical
technique being used, additional sample preparation steps may be required to
improve the likelihood of detecting clinically relevant biomarkefggre 1.6)
(Dunphy, @baved2ilp ney ,
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preparation tooptimise the detection of protein targets, choosing an appropriate sc
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enzymelinked immunosorbent assay; EpCAM, epithelial cell adhesion molecule
cytokeratin. * Dynamic range of corresponding biofluid. Created using BioRender.

*Image takenfron{f Dunphy, @baved2lp ney ,

An ideal biomarker is diseaspecific, has high specificity and sensitivity in all
patients, is indicative of the severity of the disease, easily distinguishable from
diseasdree patients and demonstrates reversibility during treatment of the disease
(Wong 2011).Despite progress in the field of biomarker discovery, no such ideal
biomarkers existand few protein biomarkers have made it into the clifics stems

from difficulties translatingoiomarkersf r om t he MAbencdeduwpd t O
low repioducibility, a lack of method standardisation, &nel need for clinicagirade
technologies to be used fbiomarker detection in the clinigearneyet al. 2018)
Recent studies have focused more smeguential validation in large cohorts of
samples anthe useof biomarker panels, incorporating multiple markers to improve
the accuracy of a clinical tegturthermore, teaological improvements haved to

more robust proteomic platforms for biomarker discowehich will undoubtedly
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lead tothe clinical application of proteomic biomarkers itaprove the diagnostic,
prognostic, and predictive powar clinical settings( Dunp hy, OCbdMahoney
2021)

1.8.2 Proteomics

Proteins are the functional products of gene expressidrare requiretbr basically

all cellular activities Proteomicsinvolves the characterization and mapping of
proteins, a complex task due to the dynamic nature of the protédmes are
various proteomic applications which aim to decipher the complex proteome
including structuraland spatial proteomics, analysing protpmtein interactions,
and evaluating post translational modifications (PTNEgch of these applicatien
can provide valuable informatiorto aid scientistselucidate diseaseaelated
mechanisms discover novel diagnostic/prognosticbiomarkers, and identify
therapeutic targetdwon et al. 2021) Improvements in the analyticaénsitivty of
proteomics technologies in recent yedras seen significant breakthroughs in
identifying proteinbiomarkers and therapeutic targets in various disedsesfield

of proteomicgs constantly developin@nd as single cell RNA sequencing has taken
centre stage in the last decaties emerging field of single cell proteomics has made
considerabletechnological advancementa recent years andholds promise to

unravel the heterogeneity of complex cellular sam{Besinettet al.2023)
1.8.3 Mass spectrometry

One of themost powerful analytical technigsiapplied in proteomic studies is mass
spectrometry (MS), which facilitates largeale quantitative profiling of proteins.
Untargeted proteomicyr discovery proteomicsis often performed using liquid
chromatography tandem mass spectrometry AMS/MS) to quantifythousands of

proteins in a single sampl&.h e 7 buoptot opmr ot e o nis often applegp r o a c h
for LC-MS/MS wherebyproteins in a biological samplre cleavedy a protease

prior to MS (Doll et al. 2019) Sample preparation requires the isolation,
denaturation, reduction, and alkylation of protefoBowed by protein digestion

using the appropriate enzynadten trypsin Depending on thgype of samples being
analysed,additional sample preparation techniques, suchimsmunodepletion of

plasma or serum, greptide fractionation of complex samplesay berequired to
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increasethe likelihood of identifying proteins of low abundanc&he digested
sampls are thennjected into the LEMS/MS system for analysi&\s the peptides
enter theLC, they will bindto the norpolar stationary phagaoportionally to their
hydrophobicity resulting in hydrophilic peptidesluting from the columrbefore
hydrophobicpeptides This improves accuracy bgeparatig peptides beforghey
enter the mass spectromete€ eluent is transferred to the ion source of the mass
spectrometer where peptides are ionizedionization technologiesuch asmatrix-
assisted laser desorption/ionization (MALDdy electrospray ionization (ESI).
Following ionization, peptide precursor ions are fragmentsidg one of several
fragmentation techigues, most commonlgollision-induced dissociation (CIDyr
high-energy collision dissociation (HQD The resulting product ionsare
characterized based on their m&sgharge (m/z) ratios and relative abundance to
produce MS/MS spectrahich are matched to theoretical MS/MS spectra available

on databases for peptide identificati@nha and Mann 2020)
1.8.3.1 Label-free quantitation

Quantitative proteomics particularly useful for precision medicine agacilitates

the comparison of protein levels in different patient cohdhss aiding in the
detection of novel biomarkers and therapeutic targ@tsantitative datacan be
obtained duringMS analysesusing labelfree or labeltbasedtechniques. These
techniques have strengths and limitations, each of which may be more suitable for
certain analyses or laboratoridsabelfree quantitation (LFQ) refers to the use of
peak intensity analysisr spectral counting for quatdition For peak intensity
analysis, theintensiies of the chromatograpic peptide peaksare extracted
(extractedion chromatogrambased on the peptide precursozratioand compared
between LEMS/MS datasetgBall et al. 2023) Spectral countig enables protein
quantitation bycounting the number of MS/MS specttarived from peptides from

the same proteim each LEMS/MS datase{Drabovichet al.2013) Both labelfree
guantitation approaches are reliantefficient samplepreparatiorandreproducible
liquid chromatography and mass spectragnparameterbetween.C-MS/MS rurs.
However, LFQ is often chosen due to the relative simplicity of sample preparation,
lower costs, ané higherproteome coveragéli et al. 2012; Meggeret al. 2014,
Anandet al.2017)
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1.8.3.2 Label-based quantitation

During labelbased quantitation, proteins or peptidesesnzymatically or chemically
labelled usinglifferential mass tags, such as tandem mass tag (TMT) or isobaric tag
for relative and absolute quantification (iTRA@)hich facilitatesmultiplexing of
samples(Dunphy, Dowling,et al. 2021) The metaboliclabelling technique, stable
isotope labelling of amino acids in cell culture (SILAC), involves tlhie vitro
labelling of peptides by growingecells in cultures with an isotopically defined
medium which can be differentiated during MS analysigavy isotor versions of
naturally occurringelements, such @8N and**C, are usedollowed by mixing the
samples an®1S analysis. A drawback of SILAC theneed for metabolically active
sample sources which can limit the use of this technique in clinical prote@@mgs
and Mann 2006)The sobaric labelling technologieSMT and iTRAQ, overcome
this limitation by labelling target compoundssing chemicaltags with identical
mases During LC-MS/MS analysis, peptidkagmentatiorreveas reporter ions of
variable molecular weighteach corresponding to a specific sami@#fe@and et al.
2017) Labelbased quantitatiomvercomes the issue of missing values associated
with LFQ, however, labelling samplesoften requires more complex sample
preparation protocolds more costly than LFQ, and is limited by the number of

samples that can be multiplexed in a single experiifigaritschefiet al.2012)
1.8.4 Affinity -based proteomics

The field of affinity-based proteomics has seen significant improvements with the
emergence ohew technologies includinghe proximity extension assayPEA)
based Olink platform and aptardgssed SomaScan assgysnith and Gerszten
2017) The Olink platform usesantibody pairs conjugated to uniqueNB
oligonucleotidesvhich hybridizeto the matched antibody when in close proximity.
This results inthe generation of a unigue DNA receptor sequence wtachbe
quantified by quantitative polymerase chain reactgfitiQR) or NGS (Petreraet al.
2021) The recent introduction of the Olink Explore Hlatform facilitates the
measurement ofver 5,000 proteingn a few microliters of sampldn contrast, the
Somalogic technologgan measure up to 7,000 proteins by usmaglified single
stranded nucleotidaptamers known as SOMAmerwhich bind specifically to
target proteingresent in a biological sampl€he antibodybased Luminex platform
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has also demonstrated considerabiprovements with the capacity to detect up to
500 proteins in a single experimgf@hamiShahet al. 2023) Affinity proteomic
platforms are particularly powerful for the analysis of tlmplex serum/plasma
proteomewhich has a largdynamic rangehathinders the ability of LAMS/MS to
detect low abundant protein®alstramet al. 2022) Plasma sampleare often
immunodepletedo remove high abundant proteipgor to MS analysis to improve

proteome coverag@Voo and Zhang 2023)
1.8.5 Post translational modifications

Post translational modificatioPTM) refers to the biochemical modification of
proteins following protein synthesisor posttranslationally. PTMs are found
throughout the cell anplay rolesin the regulation of almost atiological processes
including the cell cycle, degradation, apoptosis, sghalling and transcription
Over 200 PTMs have been reported in eukaryotes with the most studied being
phosphorylation, glycosylation, ubiquitination, sumoylation, acetylation and
methylation(Yakubu et al. 2019) Different PTMs can stimulatedifferent protein
responses such as the activation or inhibition of enzymatic aciivigyactions with
other proteinspr a change in localisatioffrigure 1.7). Aberrant pat translational
modification of proteinswithout a change in protein abundance, @iéer the normal
functioning of signalling pathways artdwe been implicated irpathogenesis c&
variety of disease®unphy, Dowling.et al.2021)
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Lipidaticn involves the o ’gn.\ 2z,
addition of a lipid to a protein. [— ~~ . QAM"
It plays a role in the regulation ‘Wa@,
of many ion channels. .

AAAAAAAA %o Glycoproteins are often found
............ R0, at the plasma membrane.

Phosphorylation plays a key
role in the regulation of many [——— \
signalling pathways.

The majority of proteins undergo|
> glycosylation within the ER and
Z5p |Golgi appartus.

Acetylation and methylation - -
of histone tails regulates gene| Qi
expression.

SUMOylation and
ubiquitination are crucial
modifications in the

response to DNA damage.

=2 Polyubiquitination tags
i | proteins for degradation
in the proteasome.

Proteolytic cleavage of proteins
by exo- or endoproteases is an
irreversible PTM that can alter the
activity and function of a protein.

SUMOylation plays a role in the
transport of certain proteins in
and out of the nucleus.

TN W Strong disulfide bonds form between
two cysteine residues altering the
structure of a protein.

Hydroxylation involves the addition
of a hydroxyl group to a protein side
chain. It plays a role in signalling
and degradation pathways.

Figure 1.7: Different post translational modifications (PTMs) and their roles in the
mammalian cell. PTMs are essential to maintain cellular physiologyey play a role in
almost all cellulaprocesses.

*Imagefrom (Dunphy, Dowlinget al.2021)
1.8.6 Bioinformatics

Mass spectrometrystudies generate large amounts of proteoniatg with
guantitative information on thousands of proteififiese large datase require
rigorous analysis using various automated programt convert the mass
spectrometer raw data into biologically meaningful res(llsvalléeAdam et al.
2015) Various sophisticated softwareuch as the Mascaind Sequestearch
engines, are used toannotatemass spectravith peptidesusing protein sequence
databases and spectral librari@rosch et al. 2009) Computational proteomics
platforms such as Proteome Discoverer and MaxQuantplify data analysis of
mass spectrometry data by streamlining peptide idegtiibn, peptide quantitation
and theassignmentof peptidesto their parent proteingPalombaet al. 2021)
Software such as Perseus also simplify the interpretation of proteomics data and
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statistical analysigo identify proteins of differential abundance between groups
(Tyanova and Cox 2018)Downstream dataanalysis of statistically significant
differentially abundant (SSDA) proteins canclude functional annotationand
enrichmentiools such ashe Database for Annotation, Visualization and Integrated
Discovery (DAVID) and G:profiler Evaluating the protenprotein interactions
between proteins identifieth an MS experiment using specific tools suchtlees
Search Tool for the Retrieval of INteracting Genes/Proteins (STRIbEB) aid the
interpretation of proteomics daf8initcynet al.2018)

1.9 Aims of the project

Despitedecadesof research andhe approval of mmeroustherapeutics, multiple
myeloma remainsan incurable malignancyMM patients face ahigh symptom
burden with end organ damageesulting in physical pain prolonged treatment
affecting mental wellbeingand mortality(Ramsenthaleet al. 2016) A significant
amount of researchhas focusedon improving our understanding of myeloma

pathogenesiandidentifying mechanisms of drug resistance andelbiomarkers.

Proteins represent the functional unit of the cell and are the target of almost all FDA
approved targeted theiap Many diagnostic tools, clinical testand some
therapeutics are protelmased signifying the importance of proteomics data in
identifying novel biomarkers and therapeutic targetglajor technological
improvements in the proteomics fighdve led tanore robust workflows which are
continuouslybring us closer to establishimijnical applicationsMass spectrometry
represents a powerful analytical tabat facilitatedargescale, quantitative profiling

of proteins This allows the cmparison of proteomic profiles from distinct
populations to idetify alterations in protein signatureBhis research projeaimed

to use mass spectrometpsed discovery proteomics ientify aberrant protein

signatures in primary multiple myeloma samples
Chapter 3

Drug resistance remains one of the most signifibantiers tathe effectivetreatment
and survival of MM patientsTo determine proteomic and phosphoproteomic

changes indrug sensitive and drug resistance MM, we combiagdvivo drug

35



sensitivity resistance testing (DSRT) andss spectrometrg0 primary MM patient
CD138+ samples were tested usingaael ofapproximatelyl41 FDA-approved and
investigationaldrugs A labelbasedphosphoproteomi@analysis was performed to
evaluatethe proteomic and phosphoproteonalterations between those considered

most and least sensitive to a variety of selected drug classes.
Chapter 4

Invasiveand painfulbone marrow biopsies remainet gold standard for diagnostic
and prognostic applications in MM herefore, here is an urgent need for minimally
invasive protein biomarkers of MM to predict and monitor therapeutic response.
Blood-based biomarkercan easily beimplemented in a clinical setting for
monitoring prior to and during treatmenith minimal discomfort for patient§.hus,
blood plasmavasobtained from patients with correspondiexyvivoDSRT datafor

proteomic analysito identify plasmaderived markers of drug resistance/sensitivity.
Chapter 5

Extramedullary multiple myelome associated with a pogrognosis yetimited
molecularstudies have been published in the literatdtethe time of writing, only

one proteomisfocused study has been performed, with no mass spectrometry
analyses identified in the literaturelo address this research gap, assna
spectrometnbased proteomics analysigas conducted to compare the proteomic
profiles within the bone marrow niche of MM patients with and without

extramedullary spread.
Chapters6 and 7

Blood-based markers of EMNMhay helpclinicians detecextramedullary spreadr
aggressive diseas# an earlier stagéncorporatingtesting forbloodbasedEMM
markersduring routine visitscould lead clinicians t@erform appropriate imaging
tests, such as an MRI &fF-FDG PET/CT to detect extramedullary lesions at an
earlier stageTo identify novel markers of EMMa quantitative mass spectrometry
analysis was performedn plasma sames from MM patients with and without
extramedullary spread. In addition, a targeted metabolomics analysessefplasma

samples was performed to identify soluble metabolite biomarkers of EMM.
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In summary, the overall aim of this thesias to use quantitative mass spectrometry
to provide indepth proteomic pfding of MM patients stratified based odrug
response and the presence of extramedullary ledidestifying protein signatures
associated withdrug resistance/sensitivitgan improve our understanding of
molecular mechanisms and signalling pathwapst govern individual drug
responsg ldentifying protein signatures associated with EMM baip researchers
decipher the molecular mechanisms that facilitateegeape of myeloma cells from
the bone marrow and subsequent survasadl proliferationof myeloma cellsat
extramedullary sitesAntibody-based validation methods were used ctnfirm
changes in protein abundance and identify potential bikensfor future validation
in a larger cohort of patientsvith the ultimate goalbeing the implementation of

testing for these biomarkers in a clinical setting.
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Chapter 2

Materials and Methods

38



2.1 General chemicals and reagents

Deionized HO (dH20) was obtained following purification of distilled water using a
Millipore Milli -Q apparatus A list of general chemicals and reagents, buffer
solutions, antibodies, commercial kits, and equipment used throughout the project
are provided in the tabldselow, respectively Table 2.1 Table 2.2 Table 2.3

Table 2.4 Table 2.5.

Table 21: List of chemicals, reagents and consumables used throughout this project.

Name of Chemical/Reagent Company Identifier
AmmoniumBicarbonate Sigma Cat# A6141
Anhydrous acetonitrile Sigma Cat# 271004
Bovine serum albumin (BSA) Sigma Catit A3156
Dithiothreitol (DTT) Sigma Cat# D9163
Dried skimmed milk Marvel N/A
Ethylenediaminetetraacetic acid (EDT, Sigma Cat# ED
Glycine Sigma Cat# G7126
HEPES Sigma Cat# H3375
Hydrochloric acid (HCI) Sigma Cat# 258148
lodoacetamide (I1AA) Sigma Cat# 11149
lonic detergent compatibility reagent -S”c:ieerrrl?i%c':lif\ger Cat# 22663
Laemmli buffer Sigma Cat# S3401
LC-MS gradewater gzgmi%f:ig?r Cat# 51140
Methanol Fisher Scientific Cat# 10675112
MOPS Sigma Cat# M1254
Normal goat serum R&D Systems Cat# DY005
giuet;g'fatECL Western Blotting 'g;ieerrr::i(f)iCFisher Cat#32106
Proteasénhibitors .Crzsghiiglggl;ng Cat# 5871
Sodium Dodecy! Sulfate (SDS) Sigma Cat# L3771
Sodium hydroxide (NaOH) Sigma Cat# S8045
Triethylammonium bicarbonate (TEAB gggﬂ%f;ig?r Cat# 90114
Trifluoroacetic Acid Sigma Cat#T6508
Trizma® Base Sigma Cat# T6066
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Name of Chemical/Reagent
Tweer®20
Urea

Consumables

CorningE CostaE 96-well, cell
culturetreated, flatbottom microplate

Eppendorf® DNA LoBind tubes, 1.5m|
Eppendorf® DNA LoBind tubes, 2ml
QubitE assay tubes

Vivacon 500, 30,000 MWCO Hydrosat

NuPAGEE 10%, BisTris, 1.0 1.5 mm,
Mini Protein Gels (18vell or 12well)
PageRulgE Plus Prestained Protein
Ladder, 10 to 250 kDa

Company
Sigma
Sigma

Fisher Scientific
Sigma

Sigma
Invitrogen
Sartorius

Invitrogen

Thermo Fisher
Scientific Inc.
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Identifier
Cat# P1379
Cat# U0631

Cat# 3595

Cat#EP0030108051
Cat# EP0030108078
Cat# Q32856

Cat# VNO1H22

Cat# NP0O301BOX
Cat# NP0302BOX

Cat# 26619



Table 22: Composition of buffer/solutions used throughout this project.

Experiment

Filter aided sample

preparation for mass

spectrometry

Tandem mass tag (TMT)

labelling

C18 sample cleanp

Phosphopeptide enrichme

(IMAC)

Western blotting

Buffer/Solution
0.1M Tris/HCI, pH 8.5

8M UA
S0mM [AA
50mM ABC

50mM HEPES, pH 8.5

LC/MS sample buffer

100mM TEAB

5% hydroxylamine
Activation solution
Equilibration solution/
Washsolution

Elution buffer

Binding/ wash buffer

Elution buffer

Laemmli buffer

1x Running buffer

1x Transfer buffer

Blocking buffer
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Composition
In deO

In 0.1M Tris/HCI, pH 8.5
In 8M UA
In deO

In dH20, pHadjusted using
NaOH.

20% ACN, 2% TFA in d:HO

From 1M TEAB stock solutior
diluted in LC/MS grade H20

In 100mM TEAB

50% ACN, 50% LC/MS grade
H20

2.5% ACN, 0.25% TFA made
up in LC/MS grade kD

80% ACN in LC/MS grade
H-O

0.1% TFA, 80% ACN

5% ammonium hydroxide
(NH40H) inwater

4% SDS, 20% glycerol, 10%
2-mercaptoethanol, 0.004%
bromphenol blue, 0.125 M
Tris HCI, pH approx. 6.8

12.129g Tris, 20.92g MOPS, 2
SDS,0.3g EDTA made up to
2L with dHO

25mM Tris, 192 mM Glycine,
20% Methanol in dkD

4% nonfat dry milk, 0.05%
Tween, made up in PBS



Table 23: List of antibodies and enzymes usethroughout this project.

Name of Antibody/Enzyme Company
CHActinin (D6F6) XP® Rabbit mAb Ciell Shgfelliing
Technology
. : . Cell Signalling
Anti-mouse IgG, HRRinked Antibody Technology
Anti-phospho Bad (Ser99) Antibody Sigma
Anti-rabbit IgG, HRRiinked Antibody Cell Signalling
Technology
PhospheFilamin A (Ser2152) Polyclonal :
Invitrogen

Antibody
PhospheSRC (Serl7) Polyclonal Antibody Invitrogen

ProteaseMa Surfactant, lyophilized Promega
Sequencing Grade Modified Trypsin Promega
Trypsin Gold, Mass Spectrometry Grade  Promega
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Identifier

Cat# 6487

Cat# 7076
Cat# AB10424
Cat# 7074

Cat# PA540239

Cat# PA5105147
Cat# V207A
Cat# V5111
Cat# V5280



Table 24: Commercial kits used throughout thisproject.

Piercé&e 660nm Protein Assay Kit

Name of Kit

Pierc& Bovine Serum Albumin Standard

PreDiluted Set

High-SelecE Fe-NTA Phosphopeptide

Enrichment Kit

TMT10plex Isobaric Label Reagent Set

Cell Death Detection ELISAYS

Proteome Purify 12 Human Serum Protein

Immunodepletion Resin
DuoSet ELISA Ancillary Reagent Kit 2

DuoSet ELISA Ancillary Reagent Kit 3
Human VCAM1/CD106 DuoSet ELISA

Human Aminopeptidase N/CD13 DuoSet

ELISA

Human Butyrylcholinesterase/BCHE DuoS

ELISA

Human HGF Activator DuoSet ELISA
Human alpha 2Macroglobulin DuoSet

ELISA

Human Serpin F1/PEDF DuoSet ELISA

Human Syndecath DuoSet ELISA
Human S100A8/S100A9 Heterodimer

DuoSet ELISA

HumanNeutrophil Elastase/ELA2 DuoSet

ELISA

QubitE Protein Assay Kit
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Company

Thermo Fisher
Scientific
Thermo Fisher
Scientific
Thermo Fisher
Scientific
Thermo Fisher
Scientific

Roche Diagnostics

R&D Systems

R&D Systems
R&D Systems
R&D Systems

R&D Systems

R&D Systems
R&D Systems
R&D Systems

R&D Systems
R&D Systems

R&D Systems

R&D Systems

Invitrogen

Identifier

Cat# 22662
Cat# 23208
Cat# A32992

Cat# 90111

SKU
#11774425001

Cat# IDR012

Cat#DY008B
Cat# DY009B
Cat# DY809

Cat# DY3815

Cat# DY6137
Cat# DY1514
Cat# DY1938

Cat# DY1177
Cat# DY2780

Cat# DY8226

Cat# DY9167
Cat# Q33211



Table 25: Technical and analytical equipment used throughout thigproject.

Equipment Name of Device Company
Centrifuge Eppendorf 5417 R centrifuge Eppendorf
Liquid Chromatography Ultimate 3000NanoLC system Dionex Corporation,
USA
Mass Spectrometers Q-Exactive Thermo Fisher
Scientific
Orbitrap Fusion Tribrid Mass Thermo Fisher
Spectrometer Scientific
Chemiluminescent G:BOX Chemi XRQ Syngene
Detector
Other Thermomixer Comfort Eppendorf
GenevaE miVac Centrifugal Genevac (11574604)
Concentrator
Sonoplus HD 2200 Bandelin
Electrophoresis System Invitrogen
Eppendorf Biophotometer Eppendorf

Qubit® fluorometer version 2.0 Thermo Fisher
Scientific

2.2 Patient samples

Different patient cohorts were analyskmt specific sections of this thesi&thical
approval was granted by the Mater Misericordiae University Hospital Research
ethics committee (1/378/11580r the phosphoproteomic analysiShapter3), 20

bone marrow aspirates wewllected from7 diagnostic and 13 relapsed MM
patients. Ethical approval was obtained from the participating hospitals
compliance with the Declaration of Helsinkihese samples were obtained from
collaborators at thinstitute for Molecular Medicine Finland (FIMM), University of

Helsinki, Finland.

For our proteomic analysis of plasma samples stratified baseelx onivo drug
response (Chapter 4), #theylenediaminetetraacetic a¢EIDTA) plasma samples
were obtained from thEinnish Hematology Registry and Clinical Biobaft1RB)

with full ethical approval.
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For our EMM study (Chapter5), bone marrow momuclear cells (BMNCs) and
EDTA treatedplasmafrom 17 patientsvereobtainedfrom theFHRB. The FHRB is
authorized and approved by the Finnish National Supervisory Authority for Welfare
and Health (Valvira) and Finnish National Medical Ethics Committee, respectively.
4 additionalserial EDTA plasma samples wesbtained from the FHRBlable 2.6
details which patient cohorts were used in each chap#tientdetails are provided

in the experimental design and methods sectigubsequent chapters.

Table 2.6:Patient cohortsevaluated in each chapter of this thesis.

Chapter Samplesevaluated

3. Phosphoproteomic profiling of multiple 20 MM bone marrow aspirasamples with
myeloma based on ex vivo drug sensitivity associate@x vivodrug response data
resistance testing identifies distinct

phosphorylation signatures associated witl

drug response

4. Using untargeted and targeted plasma 44 MM EDTA plasmasampleswith
proteomics to identify plasma biomarkers ¢ associated ex vivo drug response data
therapeutic response based on ex vivo drL

sensitivity resistance testing

5. Proteomic profiling of bone marrow 1 17 bone marrow mononuclear cell
mononuclear cells in extramedullary samples from MM and EMM
multiple myeloma patients

1 17 EDTA plasmaamples from MM
and EMM patients
6. Proteomic profiling of blood plasma fron 1 17 EDTA plasmaamplefrom MM

multiple myeloma patients with and withou and EMM patients

extramedullary spread 1 44 samples of EDTA plasnvaith
associated ex vivo drug response
data

7. Targeted metabolomic analysis of blood 17 EDTA plasma samples from MM and
plasma from multiple myeloma patients wii EMM patients
and without extramedullary spread

2.3 Bone marrow mononuclear cellisolation and cell lysis

BMNCs cryopreserved in 10% DMSO/90% serwmere shipped on dry ice and
stored at80°Cfor 5 days.The BMNCswere thawed quickly in a 37°C water bath.
Approximately 2,000,000 BMNCs were removed and washed twice with 1X
phosphatéuffered saline (PBS). Cells were pelleted by centrifuging at 400 x g for 5
mi nutes. The supernatant was removed,
lysis buffer (4% SDS, 100mM Tris/HCI pH 7.6, 0.1M DTT, protease inhibitors). The

samples were incubated at 95°C for 3 misutden incubated on ice for -80
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minutes. Heating is performed to promote denaturation, reduction, and subsequent
inactivation of the proteases. Samples must also be cooled prior to sonication due to
the excess amount of heat created during this process. Sonication was used to disrupt
the cellular membrane and shear DNA to reduce DNA interference during
downstream processing. Sonication was performed usingonication probe
(Bandelin Sonopuls, Bandelin electronic, Betlioh low power (20kHz). Samples

were sonicated for 10 seconds then placed on ice f@04€econds. This process

was repeated three times. Samples were kept on ice for 5 minutes followed by
centrifugation at 10,000 x g for 20 minutes at 4°C. The supernatant was collected in

a new tube and stored-&0°C.
2.4 Protein quantitation using Pierc&e 660nm protein assay

The PiercE 660nm protein assay was used for protein quantitation. As samples
contained greater thaf.0125% SDS1g of ionic detergent compatibility reagent
(IDCR) was first added to 20ml of Piefee660nm protein assay reagent and mixed
thoroughly. A standard curve ranging from 1252@p0ug was produced using pre
diluted bovine serum albumin (BSA) standards. 10ul of sample;dipred
standards and an appropriate blank were added in triplicate to separate microplate
wells of a 96 well plate. 150ul of the IDGRiercd&= 660nm protein assay reagent
mixture was added to each well. The plate was covered and mixed using the
Thermomixer comfort (Eppendorf) for 1 minute at 300rpm. The plate was incubated
at room temperature for 5 minutes. Absorbance readings680nm were recorded.

An online ELISA Analysistool (https://www.myassays.coinwas used to create a
four-parameter logistic regression standard curve, which was subsequently used to

determine the protein concentration of the unknown samples.
2.5 Protein quantitation using the QubitE protein assay

The QubiE protein assay was also used for protein quantitation. All reagents were
brought to room temperature before starting the protocol. The Qubit® working
buffer was prepared away from direct light via a 1:200 dilution of the Qubit® protein
assay reagent in Qubit® protein assay buffer followed by thorough mixing. 10ul of
each standard (Qubit® Protein Standard #1, #2, and #3) was added to 190ul of the
Qubit® working buffer. Samples were diluted as requirBdtween 1-20ul of
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sample was added t&0-199ul of Qubit® working buffeto mée a total volume of

20Cel. The resulting solutions were thoroughly mixed and incubated in the dark at
room temperature for 15 minutes. Protein concentration was measured using the
Qubit® fluorometer version 2.0 and results were multiplied by the appropriate

dilution factor, if applicable.
2.6 Immunodepletion of blood plasma

EDTA plasmaobtained from the FHRB washipped on dry icegliquoted and stored

at -80°C. Twelve hghly abundant plasma proteifalpha tacid glycoprotein, alpha
1-antitrypsin, alpha-2nacroglobulin, albumin, apolipoproteinlAapolipoprotein A

I, fibrinogen, haptoglobin, IgA, 1gG, IgM, and transferringre depleted using the
Proteome Purify 12 Human Serum Protein Immunodepletion Resin (R&D Systems).
Briefly, 10e | of pl as ma lnhaef immuinodeptetionvresinhfor 60
minutesusing a rotary shakeThe mixture was transferred to Spirfilter units and
centrifugedat 1500 x g for 2 minutesThe protein concentration of the resulting
eluate was determined using tRéerc&& 660nm protein assay or thQubitE

protein assay.
2.7 Filter -Aided Sample Preparation (FASP)

Buffer exchange and proteolytic digestifor each mass spectrometry experiment

was performed using the FASP techniqu&Vi S n ietal 80R9) Sampleswere

subject to a series of centrifugal stepsng 8M Urea (UA) and 50mM IAA to

facilitate detergent removal, buffer exchange and protein alkylatiotially, a

specific concentratiorof proteinfrom each sampléspecifiedin each experimental
chapter)was mixed with 20C lor 4 0 0 ¢ | WAf in tBeMspin filter unit and
centrifuged at 14,000 x g for 30 minut€s0 0 e I of UA was added a
14,000 x g for 15 minutes. Flethrough was discarded. 0 O ¢ | of 50mM | A
added to each filter unitnixed at 600rpm for 1 minute in a thermomixer and
incubated at room temperature for 20 minutes. Samples were incubated in the dark as
IAA is a light-sensitive compoundsampleswere centrifugedat 14,000 x g for 10
minutesfollowed by two subsequent centrifugation steps t h 1 8 EWA. of

1 0 0 ¢ the dmydstion buffe(60mM HEPES, pH 8.5r 50mM ABC)was added to

all filter units and centrifuged at 14,000 x g for 10 minutes. This step was repeated
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twice. Trypsin digestion was carried out usiegher Sequencing Grade Modified
Trypsin (V5111, Promegaor Trypsin Gold, Mass Spectrometry Graé¢5280,
Promega)with ProteaseMa SurfactanfV207A, Promega)For trypsin digestion,

an enzymeto-protein ratio specific to each mass spectrometry analysias
determined andhade upn digestion bufferThe samples were mixed at 600rpm in a
thermoemixer for 1 minutefollowed by overnightincubationin a wet chamber at
37°C. The filter units were transferred to newllection tubesandcentrifuged4 0 ¢ |
of digestion buffewas added to all samples, followed by centrifugation at 14,000 x
g for 10 minutesThe resulting eluate contained the tryptic pepti@@&cificprotein
concentrations, enzynte-protein ratios and digestion buffers used are outlined

within the experimental design and methods section of each experirciesybéer.
2.8 Tandem Mass Tag (TMT) Labelling

Peptide eluates from the FASP protocol were subject to isobaric labellingtuging
TMT10plex Isobaric Label Reagent SefThermo Fisher Scientific Inc.). The two

sets of TMT label reagents were brought to room temperatutee | o f anhydr
acetonitrile was added to ea®t8Bmg TMT Label Reagéantube The tubes were
occasionally vortexed over 5 minutes to allow the reagents to dissolve. To prevent
under or overlabelling of peptidesa TMT label reagent to protein ratio of ~8:1 was

used.10 ¢ | @ppropridteEMT Label Reagent was added to each protein digest.

The isobaric tag corresponding to each sample was recofthedreaction was

incubated at room temperature for lhr with occasional vortex2agl of 5%
hydroxylamine was added to each sample and incubated for 15 minutes to quench

the reaction.90e | from each sampl e wtwessampembi nec
preparatios each containing 10 labelled samples. Both pooled samples were
partially dried, and the remaining sample in each was acidified atratio (1-part

acidic sample buffery parts sample) using 2% TFA, 20% ACN. Thkample
preprationswere stored at20°C.

2.9C18 Sample ClearJp

Pierce C18 Spin Columnéfhermo Fisher Scientific Inc.jvere used to remove
interfering contaminants frormachsample preparatio.o equilibrate the desalting

resin, hespinc ol umns wer e placed Iin a receiver t
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(50% ACN) was added and centrifuged at 1500 x g for 1 minute. The flowthrough
was discarded, and this step was repeat
(0.25% TFA in 2.5% ACN) was added to the column and centrifuged at 1500 x g for

1 minute. The flowthrough was discarded, and this step was repeatedTbece.

labelled sample preparatiomsereadded tathe equilibratedC18 spin columns The

columns were added to fresh receiver tubes and centrifuged at 1500 x g for 1 minute.
The fl owthrough was recovered, and this
Solution (0.25% TFA in 2.5% ACN) was addedetachcolumn and centrifuged at

1500 x g for 1 minute. The flowthrough was discarded, and this step was repeated
once. The columgwerep|l aced in a fresh tube, 20¢ | C
was added andentrifuged at 1500 x g for 1 minute. This step was repeated once.

The sample was dried in a speed vacuum concentrator and steB8&Cat

2.10 Immobilized Metal Affinity Chromatography (IMAC)
Phosphopeptide Enrichment

Phosphopeptides were enriched using the HiglecE FeNTA Phosphopeptide
Enrichment Kit (ThermoFisher Scientific Inc.). The driedout labelled peptide
samples were resuspended in 200c¢l of Bi
columrs, they wereplaced in a 2ml microcentrifuge collection tube and centrifuged

at 1000 x g for 30 seconds to remove sto
was added to the columrand centrifuge@t 1000 x g for 30 seconds. The flow

through was discarded and this steswepeated once. A white Luer plug was used

to cap the bottom of the columiand they wereplaced in empty microcentrifuge

tubes. 200c¢ | of each suspended peptide san
column. Thescrew caps were closed, and the resin was mixed with the sample by
carefully tapping the bottom plug until the resin was in suspensicBJEgeconds).

The samples were incubated for 30 minutes with gentle mixing every 10 minutes.

The columis wereplaced in a microcentrifuge tubegntrifugedat 1000 x g for 30

seconds and the fletihrough was recovered. The columns were washed by adding
200¢l of Binding/ Wash Buffer foll owed b
seconds. This step was repeated for a totaB afflashes and the flothhrough
recovered. The col umns we rMS/M& gradawater, by ad
centrifuging at 1000 x g for 30 seconds and discarding thetflosugh. To elute the
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phosphopeptides, 100¢l of Elution Buffer

at 1000 x g for 30 seconds. This step was repeated once. The(ghadphorylated
fraction) was dried immediately in a speed vacuum, resuspended in 0.25% TFA,
2.5% ACN, and stored aR0°C. The unphosphorylated fraction (flafarough) was
acidified at a 1:8ratio of acidification buffe2% TFA, 20% ACN)to sample and
stored at20°C.

2.11 Mass Spectrometry Analysis

Mass spectrometry analyses were performed using two mass spectrptheté&ps
Exactive mass spdoometer(Thermo Fisher Scientific) located in the Proteomics
Suite at Maynooth University anithe Orbitrap Fusion Tribrid mass spectrometer
(Thermo Fisher Scientifidpcatedin the proteomics facility of the National Institute
of Cellular Biotechnology, Dublin City UniversityThe analysis of EMM plasma
samples (Chapter 3) wa®nducted using the -@xactive at Maynooth University.
All other proteomic and phosphoproteomanalyses were conducted using the
Orbitrap Fusion Tribrid

2.11.1 Label-free mass spectrometry analysis using-@xactive

Proteomic analysisvas performedising the Ultimate 3000 NanoLC system (Dionex
Corporation, Sunnyvale, CA, USA) coupled with aE@active mass spectrometer
(Thermo Fisher Scientific)The maximum loading volumies 1 4 eSamples were
loaded onto a C18 trap column (C18 PepMap, 300 pum id x 5 mm, 5 um particle size,
100 A pore size; Thermo Fisher Scientifar)d resolved on an analytidalobasic

C18 Picofrit column(C18 PepMap, 75 pm id x 500 mm, 2 pm particle size, 100 A
pore size; Dionex Peptides generatedere eluted over a 12@inute binary
gradientas follows:solvent A [2% (v/v) ACN and 0.1% (v/v) formic acid in @S
grade water] and-90% solvent B [80% (v/v) ACN and 0.1% (v/v) formic acid in
LC-MS grade water|[The columnf | ow r at e wa sA data tdependent O .
acquisitionstrategywas used and he mass spectrometer was externally calibrated
Full-scan spectra were collected in positive mate fixed resolution of 140,000
and a mass range &001700 m/z Fragmentation spectra were acquirbyg
collision-induced dissociatio(CID) of the fifteen most intense ions per scah a
resolution of 17,500.A dynamic exclusion window was applied within 30s.
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Precursor ions were isolatbdsed on arsolation window of 2 m/z and one miero

scan were used to collestitable tandem mass spectra.
2.11.2 Label-free mass spectrometry analysis usin@rbitrap Fusion Tribrid

Mass spectrometry analysis was performed using the Thermo UltiR&it€3000

nano system directly coupled-iime with the Thermo Orbitrap Fusion Tribfd

mass spectrometefhe maximum loading volume 8.4¢l. Samples werdoaded

onto the trapping column (PepMapl00, c1l8
100A pore sizeThermoFisherScientific) for3mi nut es at a fl ow r at
with 2% (v/v) ACN, 01% (v/v) TFA. Peptides wereesolved on an analytical
coumn(Accl aim PepMap 100, 75 e&m dolum®0 ¢ m,
ThermoFisherScientific) using the following binary gradient; solvent A (0.1% (v/v)

formic acid in LGMS grade water) and solvent B (80% (v/v) ACN, 0.08% (v/v)
formic acid in LCMS grade water) usingi32% B for 75 minutes, 3®0% B in 5

minutes and holding at 90% for rhinutes at a flow rate of 300 nL/mir data
dependent acquisition strategyth MS1 full scandgn the 380/ 1500 m/z rangewas
performed with aesolution 0f120,000 at 200 m/z targeted atomatic gain control

(AGC) set to accumulate 4 x 105 igrada maximuminjection time of 50msA
top-speed approach with a cycle time of 3s was usethfatem MS analysisvith
selectedprecursor iongsolatedwith an isolation width of 1.6 Da. The intensity
threshold for fragmentation was set to 5000 and inclpggdides withcharge states

of 2+ to 7+.A higher energycollision dissociation (HCD)approach waspplied

with a normalized collision energy of 288ad tandenMS spectra were acquiréal

the linear ion trapvith a fixed first m/z of 110anda dynamic exclusion of 50 s was
applied. AGC was set to 2 x 104 with a maximum injection time set at. 35ms

2.11.3 Label-based mass spectrometry analysissing Orbitrap Fusion Tribrid

Mass spectrometrgnalysis was performed using tfibermo UltiMate RSLC3000

nano system directly coupled-iime with the Thermo Orbitrap Fusion TribEd

mass spectrometef-or both the phosphenriched and noeenriched samples,

volumes equivalent tdug of digested peptides were loaded onto the trapping
columnPepMapl00, C 1 8 ; Thé@moFishemscidntifidr 3nmimutes

at a flow rate of 25 €L/ mi n.Pegtdehwe2% ( v/
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resolved on anralytical column(EasySpr ay C18 75 em [ 250
diameter column) usinthe following gradient 98% solvent A (0.1% (v/v) formic
acid in LGMS grade watenjo 35%solvent B (80% (v/v) ACN, 0.08% (v/v) formic
acid in LGMS grade waterpver 120 min at a flow rate of 300 nL/mifthe mass
spectrometer was operated in data dependent acquisition (DDA9 witidmulti-
notch synchronous precursor selection MS3 scanning for TMT. fHgs scan
sequencédor the OrbitrapFusion Tribrid began with the acquisition of MS1 spectra
over 400 i 1,400 m/zin the Orbitrapat a resolution of 120,000 at 200 m/z.
Automaticgain control (AGC) was séb accumulate 4 x £dons with a maximum
injection time of 100mand 50ms for the unenriched and phosphdched samples,
respectivelyMS2 analysis was performea the ion trapusing a topspeed approach
with 3 second cyclesFor the unenriched samples) intensity threshold of 5,000
was used rd charge states 2+ to 7+ were includéar the phospheenriched
samples, an intensity threshold 13,000 was used acharge states 2+ o+ were
included Collision induced dissociation (CID) fragmentation was ligolp and
normalised collision energy was optimised at 3%¢6lynamic exclusion of 50s was
applied with a mass tolerance of 10 panul theAGC target was set 40*. For MS3
analysis (synchronous precursor selectigm@cursos within the mass range 400
1200 m/zwere selectedan isolation window of 2 m/z was useuohd isobaric tag loss
exclusion set for TMT Selected precursors wefeagmented by higher energy
collisional dissociation (HCD)65% collisional energyand detectedusing the
Orbitrap over 106600 m/z at aesolution of 60,00@t 200 m/zThe AGC target was
set to 10 and the maximum injection time set at 105ms.

2.11.4 Quantitative analysis of mass spectrometric data using MaxQuardnd

Perseus

Quantitative analysisf raw mass spectrometry fildsom Chapter 3vas performed

in MaxQuant (version 1.6.1.0hich has an irbuilt Andromeda search engitieat

was used to search the detected features againstiferotKB-SwissProt Homo
Sapiens reference databagee following search parameters were use@®TiM set

to true ii) first search peptide tolerance of 20 ppm, ii) main search peptide tolerance
of 4.5 ppm, iii) cysteine carbamidomethylation set as a fixed modification, iv)
methionine oxidatin and phospho ST¥et as variable modificatignv) a maximum
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of two missed cleavage sites and vi) a minimum peptide length of seven amino acids.
Match between runs was select@dtargetdecoy-basedfalse discovery ratecDR)
approaclset to 1% for both peptides and protewves usedGrasslet al. 2016) The
fiPhospho.(STY)Sites.tat f i | e produced by Maxshgant we
Perseugversion1.6.14.0) Phosphopeptidethat matched to the reverdatabasegr

a contaminants database were remoWwtbsphopeptides werdringently filtered

based ortocalization probability > 0.95To eliminate peptides that were identified in

one plex and not the othgahosphopeptidesith values above the minimuraporter
intensity value in eleven samples were included in the analysisormalize data

for sample loading and batch effects, the internal reference scaling method was used
(Plubellet al.2017) Following normalization, the data wasingported into Perseus
(version 1.6.14.0) for statistical analysis Reporter ion intensities were log2
transformedAnalysis of variane (ANOVA) andtwo sample-tess were performed

to identify statistically significant differentially abundant proteinand

phosphorylation sites.

2.11.5 Quantitative analysis of mass spectrometric data using Proteome

Discoverer 2.5

Raw files were searched using Proteome Discoverer 2.5 (Thermo Fisher Scientific).
Protein identification and labélee quantitation (LFQ) was performeBrecursor

and fragment ion mass tolerances were set to 10ppnd.6nda, respectively. The
enzyme was set as Trypsin with a maximum of 2 clesvagermitted For
SEQUEST searcheshd UniProtKBSwissProt Homo Sapiens reference database
was usedCabamidomethylation was set as a fixed modification while methionine
oxidation was set as a dynamic modificati@efault settings weraisedfor the
remaining parameter©nly high confidence proteinsere retained for subsequent
statistical analysis.The resulting dataset wagnported into Perseusvérsion

1.6.14.0)for statistical analysis

2.11.6 Quantitative analysisof mass spectrometric data using Progenesis QI for

Proteomics Software

Progenesif| for Proteomics was used to analyse raw e data generated from

the Orbitrap Fusion Tribridmass spectrometeffter importation of raw files, data
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alignment was performed based on the LC retention time of each samitple¢he

use of areference run selected based on the sample run wiettled the most
peptide ions Retention times were aligned based on this referenceamdnpeak
intensity normalisation performedhe resulting data was filtered basedpaptide
features with ANOVAp-value < 0.05 between experimental groupsass peaks

with charge states froml+o+5, and greater than one isotope peptide.Following
filtering, the data was exported (mgf fil®) Proteome Discoverer 2.2 where protein
identification was performed usidascot and Sequest Hsearch engine algorithms

and Percdaltor. To ensure confideprotein identificationa number of criteria were
applied (i) peptide mass tolerance set to 10 ppm, (ii) MS/MS mass tolerance set to
0.02 Da, (iii) an allowance of up to two missed cleavages, (iv) carbamidomethylation
set as a fixed modification and (v) methionine oxidation set as a variable
modification (Murphy et al., 2017bPnly high confidencepeptides and those with
XCorr scores greater than lvéere reimported back into the Progenesis QI for
Proteomics platformDifferentially abundant proteins were identified basedaan
ANOVA p-value O 0 . betiveerexperimental groupsindp r ot ei ns wi t h 02
matchel.

2.11.7 Bioinformatics analysisand in silico data analyses

Severalfreely available bioinformatisoftwares were used throughout this project
interrogate proteomics data and derive biological meaning from large dafEsets
evaluate protenprotein interactionsbetween differentially abundant proteins, the
Search Tool for the Retrieval of INteracting Genes/ProteBIBR(NG) database
(version 11.5)http://stringdb.org/)which incorporates direct physical interactions
as well asfunctional associationsyas usedUnless otherwise stated, the minimum
required interaction score was set to high confiderGerj. Protein networks were
constructedonline using STRING and exported to Cytoscépersion 3.10.0) for

visualization.

Kyoto Encyclopedia of Genes and Genor(f¢EGG) pathway enrichment and gene
ontology (GO) enrichment analysis was performed by submitting Uniprot accession
IDs to theG:profiler online bioinformatics tool (https://biit.cs.ut.ee/gprofiler/gost)
(Raudvereet al. 2019) Electronic GO annotations weexcluded,and the ¢rm size

was set to betweeh and 2000 Cytoscapgversion 3.10.0) was used to visualize
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protein networks and functional network6EGG pathways ofsignificant interest
were examinedfurther using thelKEGG Mapped s ecti on of the KE

(https://www.genome.jp/kegg/mapperlJniprot accession IDs were converted to

KEGG identifiers using th&i Conv er t | DO t ool within th
KEGG identifiers were subsequently inputted into fi@&lor Pathwag tool to
highlight theproteins found in our dataseithin KEGG pathways

2.12 In silico analysis of theMMRF CoMMpass dataset

The Multiple Myeloma Research Foundation (MMRF) Relating Clinical Outcomes

in MM to Personal Assessment of Genetic Profile (CoMMpass) dataset was used to
obtain clinical informationand RNA-seq data from primary MM patient samples
(Settinoet al.2020) Gene expression profiles and survival data of patients with MM

(n = 784) were obtained and analysed using UCSC X&uwédmanet al. 2020)
(https://xena.ucsc.edu/)(accessed on 17/11/2022). Raw count values and clinical data
were downloaded from the Xena website and normalised using the R package
fdeseq20. Survival anal ysis was perfor me

packages and survival curves were illustrated using the Kaplan Meier method.
2.13 Targeted metabolomics

2.13.1 Sample Preparation and Analysis

Targeted metabolomics analysis of plasma was perforateétle UCD Conway
Metabolomic Facilityusing aSCIEX QTRAP 6500+ LC/MS instrumenPlasma

samples were prepared based on the MxP® Quant 500 assay manual (Biocrates Life
Sciences, Innsbruck, Austria) for a targeted metabolomic analysis according to the
manufacturer s i nst raslaaded onra96 well pla@ éid the f  p |
samples were dried and derivatized by adding 50uL of 5% phenyl isothiocyanate
derivatization solution in ethanol/water/mine (volume ratio 1/1/1). The plate was

then dried under nitrogen. After derivatization, 300uL of ammonium acetate in
methanol (5 mM) was added into each well and the plate was left to shake for 30
mins. In the next step, the plate was centrifuged at 500g for 2 mins, and the elute was
diluted for two analysis metloldsof-1b0gh
performance liquid chromatography (HPL@ade water for liquid chromatography
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tandem mass spectrometry S/ MS) anal ysis. Additional
diluted with 490¢eL of methanol running s
mass spectrometry (FEMS/MS) analysis. For both L&S/MS and FIAMS/MS

method, the multiple reaction monitoring (MRM) scan type, which was optimized by
Biocrates Life Sciences were applied to identify and quantify/sgrantify the

metabolites.
2.13.2 Data processing and metabolite quantification

MetIDQ software provided by Biocrates Life Sciences was applied to process data.
Amino acids and part of amino acid related metabolites and biogenic amines were
quantified using isotopically labelled internal standards and sgwiem calibration
curves. All other metabolites were sequiantified by using internal standards. Data
quality was assessed by investigating the accuracy and reproducibility of QC sample,
provided with Quant 500 assay. The metabolite concentrations in micromoles were
exported, and any metabolites above the limit of detection (LOD) in > 75% of

samples were included for further statistical analyses.
2.13.3 Statistical analysis of metabolomics data

Data was imported into MetaboAnalyst 5.0 &atisticalanalysis. Feature filtering

was performed based on relative standard deviation (RSD) and the resulting data was
log-transformed. Metabolites of interest were identified i n g a -testbasede nt 0 s
on pvalue < 0.05 between experimental groups. Supervised statistical approaches
including orthogonal projection to latent structu@PLS) modellingwere used to

further interrogate the data.
2.14 Enzymelinked immunosorbent assays

ELISAs were used taerify changes in the abundancesoiuble markers identified

in our mass spectrometry analysidhe DuoSet ELISA Ancillary Reagent Kit 2
(R&D Systems) containing supplemental reagentgas used for all ELISAs
performed ELISAs were performed as per the manufacturers protBecar to each
experimental ELISA, an optimisation ELISA wagserformed to determinghe
optimal sample dilutin. Firstly, all reagents were equilibrated to room temperature.

Microtiter wells were coated withOQul of the appropriate capture antibodsealed,
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and incubated overniglat room temperature. Wells were aspirated and wasined
times with wash buffer .05% Tween® 20 in PBS, pH #7224). To reduce non
specific binding plateswereblockedfor a minimum of onehourby addirg 300ul of
reagent diluent1®% BSA in PB$ to each well.Plates were again washed three
times 10Qul of samples or standards, at the appropriate diluti@re addeénd the
plate was sealed and incubated at room temperature for two Heallswing
binding of the protein of interest to the capture antibddg plates were washed
three times. 1Q@ of biotinylateddetection antibodyvas added to each well and the
plate was incubatedor two hours.The plates were again washed three times,
followed by the addition of 1Q0 of streptavidin conjugated to horseradish
peroxidas€HRP).To produce a colorimetric signal, 1@0of substrate solutiowas
added and the plates were incubated dpproximately20 minutes in the dark.
Following colour developmeng0Oul of stop solution ZN H.SQy) was added to stop
the reaction. Finallyabsorbance values were determined by reattiagplates on a
microplate reader set at 450nihe online softwardyAssays (myassays.comjas
used to generate dour-parameter logistic (4PL) curve to -calculate the

concentrations aéach protein analysed
2.14.1 Quantitation of mono- and oligonucleosomes in plasma

A commercially available ELISAased assay wassed to quantify the levels of
monc and oligonucleosomes in patient plasma. The Cell Death Detection
ELISAPLYS kit (#11 774 425 00l was purchased from Roche Diagnostithe
ELISA was performed as per timea n u f a cgtidelinesy witts slight deviations.
20ul of plasma and incubation bufferas added to each wedf the streptavidin
coated microplatat a 1:1 ratio. 8@ of the immunoreagent, made up 02 volume

of anttDNA-POD, 1:20 volume of antiistonebiotin, and 18:20volume of
incubation bufferwas added to each well. The naplate wassealed and incubated

on a thermomixeset to 300rpnfor 2 hours at room temperaturéhe plate was
washed three times with incubation buffeflowed by the addition of 1Q0 of
ABTS (2,2*Azinobis [3ethylbenzothiazoling-sulfonic acidjdiammonium salt)
substrate solution into each well. The microplate was incubated on a thermsetixer
to 300rpm until colour development occurred-@Dminutes). 100l of the ABTS

Stop Solution was added to each well and the absorbance was measured at 405nm.
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The blank value (194 ABTS Stop Solution only) was subtracted from the final

absorbance values for each well.
2.14.2 Quantitation of nucleosomalcitrullinated histone H3 in plasma

An ELISA-based assagreviouslydescribed byThalin et al., was used to quantify
the neutrophil extracellular trapmarker, nucleosomatitrullinated histone H3
(H3Cit), in patient plasm#Thalin et al. 2020) Reagents were equilibrated to room
temperature A high-bind clear polystyrene microplate (R&D System£Y890)
was coated witlanti-histone H3 (citrulline R8) antibodfAbcam,#ab232939 at a
concentratia of 5ug/ml. Primary antibody was dilutedccordingy in sterile PBS
(R&D Systems, BY006). The microplate was incubated overnight & .4The plate
was washedhree times with wash buffeR&D Systems, ¥WA126). The plate was
blockedwith 300ul of reagent diluent (1% BSA in PB@&D Systems, #DY995)

for 1.5 hrs at room temperatur€he plate was washed three tim23ul of plasma
andincubation buffer Cell Death Detection ELISAYS kit, #11 774 425 00jat a

1:1 ratiowas added to each well wig0ul of the detection antibodgnt-DNA-POD
(Cell Death Detection ELISAYSkit, #11 774 425 001at a 1:20 dilutionThe plate
was incubated at room temperature for 2 fuith shaking (300rpm) using
thermomixer. The plate was washdtiree times and 1Q0 of 3, 3 Nj, 5, 5N;j
Tetramethylbenziding TMB) substrate solutio(R&D Systems, BY999B) was
added to each wellThe plate was incubated out of dirdiciht until a dark blue
colour developed (approximately 10 min). The reaction was stopped by adging 50
of stop solutionR&D Systems, #DY994) to each well and the optical density (OD)

was determined by reading the plates on a microplate reader set at 450nm.
2.14.3 Statistical analysis of immunoassay results

Statistical analysis of immunoassay resul@swerformed usingGraphpad Prism
(8.0.2.263) and MedCalc (version 20.118)ormality was determined using the
D6 A g o sandi RFearson teatnless otherwise stated. Based on the results of
nor mal ity t e stestorg ManaWhstrieyrdn& test was fpaned to
determine statistical significance based omalpie<0.05Graphs illustrating these
results were created using GraphPad PrReteiveroperating characteristic (ROC)

curve analysis was perforeheising MedCaldo evaluate the discriminatory ability
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of potential biomarkes. ROC plots werecreatedin MedCalc by plotting all

sensitivity values (true positive fraction) on thexis against theirequivalent (100

specificity) values (false positive fraction) for all available thresholidshe xaxis.

Optimal cutoff points weredeterminedu si ng Youdends i ndex. T
curve (AUC) was calculated to summarise the accuracy of the classification. Logistic
regression analysis was performadViedCalcusing the Enter method@hroughout

this thesis,we consider AUC values ranging from 0.5 to 0.7 as pooii,0087as

average, 08 . 9 as gooexcedentd > 0.9 as

2.15 Immunoblotting

Immunoblotting analysis was performed to verifgelected proteins and
phosphorylation sitesdentified by LCMS/MS analysis. Immunoblotting was
performedas described previously, with slight alteratiobsiless otherwise stated,

5ug of protein wasoaded per laneCell lysates were incubated with Laemmli buffer

at a 1:1 raticand heated at 95°C for 3 minuté&svitrogen Bolt 4 12% BisTris gels

were used for protein separatidul of molecular weight markers were loaded into

the first lanefollowed by 5ug of protein per lanélhe gel rig was filled with SDS
running buffer and electrophoresis wpsrformedat 180V. Electrophoresis was
terminated once the bromophenol blue tracking dye reached the end of the gel. Gels
were carefully removed from thgel cassette ang@laced in transfer buffer for
subsequentransfer onto nitrocellulose membran@sotein transfer was performed
based on the method described by Towdnmd colleaguegTowbin et al. 1979)
Proteinswere transferred ontoitrocellulose membranes in a Tra®t cell from

Bio-Rad laboratories by wet transfer at 100 V8r mi n at 4 . Tr ansf ¢
was assessed using Ponceau reversible stain (0.1% Ponceau, 5% acetic acid). To
prevent norspecific binding, membranes were blocked for Atroom temperature

using a milk proteirblocking buffer(4% wi/v fatfree milk powder0.05% Tween 20

made upin PBS) followed by incubaton with appropriately diluted primary
antibodies overni ght Omthe sécond day, tmemgaeest | e a
were washed ilocking bufferfor 10 min, and then incubated with appropriately
diluted HRP-conjugated secondary antibodies for rlah room temperature with

gentle agitation. Membranes wetwice washed withblocking bufferfor 10 min

eachand twice washedwith PBS for 10 mineach.The membrane was incubated
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with enhanced chemiluminescence (EGA@sternblotting substratefor ~5 minfor
visualisation ofthe targetprotein bands. Densitometric scanning and statistical
analysis of immunoblots was performed using a HP -R$&5 scanner and ImageJ
software (NIH, Bethesda, MD, USA) along wi@raphpad Prisnsoftware(version
8.0.2.263)(San Diego, CA, USA)Normality was determined usingtbe6 Agost i no
and Pearson tesand student-test or Mann Whitney rank test was performed

wherebya p value O 0.05 was deemed to be st a

2.16 Measurement of plasma cytokine levels using Proximity
Extension Assay (PEA)

A targeted proteomic analysigs performed on 40 plasma samp8EMM plasma
samples an@1 MM plasma samplesith correspondingx vivodrug response data
were analysedsing Olink proteomid®(Olink, Uppsala, SwederfJEA technology.
TheOlink®Target48 Cytokinepanel was used to quantify the levels of 45 cytokines
in plasma (Supp. File 2.1). The Olink technology is based on the proximity
extension assay (PEA)which uses antibody pairs, labelled with DNA
oligonucleotidesThe antibody pairs bind their respective proteins in the samples
which brings the DNA oligonucleotides infroximity, resulting in hybridization
and extensioncatalysed by DNA polymerase. The resulting DNA barcode is
amplified by polymerase chain reaction (PCR) and quantified by microfluidic
quantitative(qPCR). Further details on the assay protocol aadidation data are
available on t he hssnoink.eaon/fpraducsendces/tangeXb si t e

Samples were sent to Randbaboratories Antrim, UK) on dry icefor analysis
Sampleswere randomly plated in a 98ell plate. Three internal quality contrqgls
namely the incubation control, extension con&odl detection contratere added to
each sampleAfter the run,quality control checks wengerformed,and quantitative
results were obtained for 33 plassamplesProtein concentrations weexpressed
in pg/ml. The non-parametric Mann Whitney and Kruskalallis tests were used to
determine statistically significant € 0.05) differences in cytokinplasma levels as

the data did not follow a normal distribution.
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Chapter 3

Phosphoproteomic profiling of
multiple myeloma based orex vivo
drug sensitivity resistance testing
identifies distinct phosphorylation

sighatures associated with drug

response
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3.1 Introduction

Protein phosphorylation is one of the most extensively stupleed translational
modificationsdue to the key role it plays in almost all cellular processes, particularly
in signal transmission. Phosphorylation occurs when a phosphoryl group is added to
an amino acid residue, resulting in the formation of a phosphodieste(Aafitd et

al. 2017) The majority of phosphorylation events occur on serine residues (~90%),
followed by threonine residues (~9%), and a small percentage on tyrosine residues
(<1%). Phosphorylation has also been reported to occur on histidine, arginine, lysine,
and cysteine residues, although these are less stifiadh and Hunter 2018The
process of amino acid phosphorylation is reversible wheredigip kinases catalyse

and protein phosphatases reverghosphorylation.Alterations in the function or
abundance of kinases and phosphatases can alter the extent of protein
phosphorylation, which can impact protein functionality through changes in protein
localisation, signal transduction or oth®ological processes.

Signalling pathways often rely on phosphorylation cascades catalysed by various
kinases for signal transductiohhese signalling pathways are often implicated in the
initiation and development of disease. Thereforsuuprisingly, abnormal phospho
signalling contributes to thensetand progression of canceiNumerous signal
transduction pathways including the phosphoinositide Kinase
(PI3K)/AKT/mammalian target of rapamyc{mTOR) signaling pathway and the
Ras/MAPK signalling pathway are known to be aberrantly activated in various
cancers. The activation of these cascades promotes tumour growth and gMipival

and Papa 2021)Other signalling pathways such as the VEGF pathway which
stimulates angiogenesis, play key roles in tumour progression. Due to the central role
of kinases in signalling pathways, they are often the targets ofd&ipfoved and
investigational therapeutics. For example, receptor tyrosine kinases are key signal
transduction mediators that when activated by binding of their cognate ligand,
stimulate downstream signalling. Receptor tyrosine kinases withkweln roles in
cancer initiation and progression incluB#S-like tyrosine kinase 3 (FLT3and

VEGF receptor. Tyrosine kinase inhibitors represent a large class of targeted
therapeutics used in the treatment of solid and liquid cancers including breast cancer

and chronic myeloid leukemi&atoli et al.2010)
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The study of protein phosphorylation, termed phosphoproteomics, can help reveal
key phosphoproteins and phosphorylation sites in signalling pathways. Mass
spectrometry remains the mogtowerful analytical technique applied in
phosphproteomic studies facilitating largescale, highresolution quantitative
profiling of phosphorylatedproteins. Despite being the most comprehensively
studied post translation modification, Mfased analysis of phosphorylation events
remains challenging mainly due to substoichiometric phosphorylation, referring to
the inherent underrepresentation of phosphopeptides when compared to their
unmodified peptide counterpart in complex peptide mixt§&tsenet al. 2006)

This substoichiometry can hamper phosphopeptide identification, however, the use
of phosphopeptide enrichment methods and highly sensitive;résgiution mass
spectrometers have improved the robustness of phosphoproteomics studies leading to
the identification of greater numbers of phosphopeptides.€eldwrophoresis and
antibodybased method, Western blotting, is commonly usetbifgetedanaly®s of
phosphorylation sites, whereby theeparated proteins are exposed to
phosphoylation site specific antibodies, followed bysignal developmentand
detection of the phosphorylated proteid limitation of antibodybased targeted
analyses is the limited availability of high quality, highly specific antibodies against

many phosphorylation sites.

In cancer research, phosphoproteomic analyses contribute to precision medicine
through the identification of phosphorylation sitesand associated
kinases/phosphatasethat serve as biomarkers and therapeutic targefhe
application of phosphoproteomic techniques has led to fundamental advances in the
understanding of cancer signalling dynami&everal studies have identified
phosphorylation events as promising biomarkers of therapeutic response and
prognosis(Carter et al. 2020; Paradaet al. 2020) In addition, phosphorylation
signatures associated with distinct cancer subtypes or mutational profiles can
contribute to precision medicir{®ertinset al. 2016; Linet al. 2019) In this study,

a TMT-based LEMS/MS analysis was performed on primary MM plasma cell
lysates stratified based on theix vivodrug response profiles to specific classes of
FDA-approved and investigational therapeutics. The phosphoproteomic profiles
associated with response to five drug classes, namely, proteasome inhibitor (PI),
immunomodulatory drug (IMiD), heat shock protein 90 (HSP90) inhibgiarjne-
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rich tyrosine kinase ZPYK2) and focal adhesion kinase (FAK) inhibitor, and a
cyclin dependent kinase 9 (CDK9) inhibitor, were investigated to identify key
phosphorylation sites, proteins and signalling pathways associated with drug

sensitivity/resistance.
3.2 Experimental design and methods

Multiple myeloma remains an incurable malignancy as patients face repeated
relapses mainly due to the developmentinfg resistanceThe combination oex

vivo DSRT wi th 6omi cs o t echnol oaeleidate i s
mechanisms of drug resistance and identify novel biomarkers of drug response.
Furthermore, the field of functional precision medicine is emerging as an effective
tool in clinical oncology, as highlighted by interim results of a prospective clinical
trial demonstrating the ability afx vivovenetoclax sensitivity testing to prediat

vivotreatment response in acute myeloid leukemia (AKYusanmaket al.2022)
3.2.1 Patient samples and clinical information

Patient samples were collected after informed consent with ethical approval from the
participating hospitals in compliance with the Declaration of Helsinki. Bone marrow
aspirates were collected from 20 MM patients at various stages of disease. Patient
characteristics are outlined irable 3.1, along with treatment regimen information

as outlined inTable 3.2 Cytogenetic information from each patient at the sampling

date was recordedrigure 3.1).
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Table 31: Clinical characteristics of patient cohort. Table illustrating the patient ID, age
at sample date, gender, heavy chain composition, and light chain composition of each
patient.

Patient ID Age at Sample Date Gender Heavy Chain Light Chain
D_MM_7276 65 Female  Not detected kappa
D_MM_7281 77 Female IgA kappa
D_MM_7396 50 Male IgG kappa
D_MM_7746 67 Female IgG lambda
D_MM_7983 63 Male IgG lambda
D_MM_8095 77 Male IgA kappa
D_MM_8597 53 Male IgG lambda
R_MM_1193 74 Male IgA lambda
R_MM_1878 69 Male IgA kappa
R_MM_1913 69 Female IgG kappa
R_MM_2662 62 Male IgG kappa
R_MM_3792 68 Male IgG kappa
R_MM_3823 71 Female IgA lambda
R_MM_4263 58 Female IgG kappa
R_MM_587 72 Female IgG kappa
R_MM_6211 64 Female  Not detected kappa
R_MM_6261 53 Male IgG kappa
R_MM_6385 76 Male IgA lambda
R_MM_7171 70 Male Unknown Unknown
R_MM_8291 71 Male Unknown kappa
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Table 32: Details of treatment course of each patient within the cohort.Table
illustrating the disease stage at the time of sampling, the 1st next line of treatment, all lines
of treatment, and the deepest response in next line of treatment. Bor, bortezomib; Dxm,
dexamethasone; Cpm, cyclophosphamide; -Ei@, highdose cyclophosphamide;
AutoHSCT, autologous hematopoietic stem cell transplantation:MdD high-dose
melphalan; Mel, melphalan; Pred, prednisone; Len, lenalidomide; Dara, daratumumab;
VGPR, very good partial response; PR, partial response; PD, progressive disease; SD, stable
disease.

Disease Deepest
. stage at Name of 1st next Names of all next line response in
Patient ID . .
sample line treatment treatments next line
date treatment
Bor/Dxm
Bor/Cpm/Dxm
D _MM_7276 Diagnosis Bor/Dxm Mobilisation (HD-Cyc) VGPR
Bor/Cpm/Dxm
AutoHSCT (HDMel)
D _MM_7281 Diagnosis Bor/Mel/Pred Bor/Mel/Pred VGPR
Bor/Cpm/Dxm
Mobilisation (Cpm)
D MM_7396 Diagnosis Bor/Cpm/Dxm AutoHSCT (HDMel) PR
Bor/Dxm/Len
Len
D _MM_7746 Diagnosis Ixazomib/Len/Dxm  Ixazomib/Len/Dxm PR
D _MM_7983 Diagnosis NA NA
D_MM_8095 Diagnosis Bor/Dxm Bor/Dxm VGPR

Radiation therapy
Ixazomib/Len/Dxm

D_MM_8597 Diagnosis Ixazomib/Len/Dxm AUtoHSCT (HDMel) VGPR
R _MM_1193 Relapse Carfilzomib/Dxm Carfilzomib/Dxm PD
Carfilzomib/ Carfilzomib/Elotuzumak
Rl e (Relrpee Elotuzumab/Dxm /Dxm MEAR
Carfilzomib/ Carfilzomib/Elotuzumak
R_MM_1913  Relapse Elotuzumab/Dxm /Dxm PR
Carfilzomib/ Carfilzomib/Elotuzumak
R_MM_2662 Relapse Elotuzumab/Dxm /Dxm YGRS
R_MM_3792 Relapse NA NA NA
R_MM_3823 Relapse NA NA NA
R_MM_4263 Relapse Len/Dxm Len/Dxm NA
R MM 587 Relapse Treatment related Treatment related to a sD
to a study study
R_MM_6211 Refractory Bor/Dxm/Len Bor/Dxm/Len PD
R_MM_6261 Relapse Dara/Bor/Dxm Dara/Bor/Dxm PD
R_MM_6385 Relapse Treatment related Treatment related to a VGPR
to a study study
R_MM_7171 Relapse NA NA NA
Carfilzomib/ Carfilzomib/Elotuzumak
R_MM_8291 Relapse Elotuzumab/Dxm /Dxm VGPR
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R_MM_6211
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R_MM_6261
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R_MM_3823
R_MM_8291

R_MM_1913

Figure 3.1: Cytogenetic data associated with the patient cohortCytogenetic analysis
was performed on the sampling date.

3.2.2 Label-based mass spectrometry analysis of primary CD138myeloma
cells

The mononuclear cell fraction of bone marrow aspirates collected from 20 MM
patients were subject 8D138 plasma cell enriamentusing the EasySep Human
CD138 Positive Selection kit (StemCell Technologies, Grenoble, Frah¢dMM.

Drug sensitivity scoring was performadFIMM asdescribed previousl{Pemovska

et al. 2013; Majumdeet al. 2017; Tierney, Bazou, Majumdest al. 2021) Briefly,

the CD138 cellscollected from the 2@nyeloma patients were tested against a panel
of compounds X300 small molecule inhibitojsthat were preplated on 384wvell
plates in 5 concentratiot®veringa 10,006fold concentration rang€€D138+ cells
wereadded to the plates in conditioned medium prepared from the HS5 human bone
marrow stromal cell line. Thplateswere incubatedn a humidified environment at

37 °C and 5% CO#r 72 hoursfollowed bymeasurement afell viability using the
CellTiter-Glo assay(Promega)Drug sensitivity datavas calculated by comparing
readouts between drug treated aedativecontrol (DMSOonly) treated cellsDrug

sensitivity scores (DSS) were calculated as previously des¢ivaeldvet al.2014)

IsolatedCD138 plasma cells were lysed in RIPA buffer (25mM Tris, pi8;7150
mM NaCl; 0.1% SDS; 0.5% sodium deoxycholate and 1%-4QP Protein

quantitation was performed using the Pi&rc660nm protein assay (Thermo Fisher
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Scientific). FASP was applied for proteolytic digesti@s described in Chapter 2

( Wi Sniecav20R9) 30 g of protein from [Eoathih samp
mass spectrometry analystsmM HEPES, pH 8.Was used as the digestion buffer

instead of 50mM ABC to ensure no interference with TMT reagdfaBowing

buffer exchange, overnight trypsin digestion vpesformed ata 130 enzymeto-

protein ratio using Sequencing Grade Modified Trypsin (V5111, Promegda)

50mM HEPES, pH 8.5Following overnight digestion, thdilter units were
transferred to new collection tubes and centrifuged at 14,000 x g for 10 minutes.
40¢l of 50 mM HEPES, pH 8.5 was added to
at 14,000 x g for 10 minuteés obtain ~86 bf peptide eluate.

TMT labelling was performed immediately after the FASP protocol, as described in
Chapter 2. Wo TMT10plex Isobaric Label Reagent Sets (Thermo Fisher Scientific
Inc.) were usedt a TMT label reagent to protein ratio of ~8:Hollowing labelling,

the pooled samples were partially dried, and acidified at a 1:7 rafparflacidic
sample buffer, 7 parts sample) using 2% TFA, 20% AGEmple cleaup to
remove interfering contaminants was performed us$tgrce C18 Spin Columns
(Thermo Fisher Scientific Ing.followed by sample drying using a speed vacuum.
Dried labelled peptides were resuspended 2 00 ¢ | o f Bi fodi ng/ W:
phosphopeptide enrichmenising the HigkhSelecE FeNTA Phosphopeptide
Enrichment Kit (Thermo Fisher Scientific Inc.Phosphopeptide enrichment, as
described in Chapter 2, resulted in a phosphorylated and unphosphorylated fraction
for each TMTplex of 10 pooled samplé&sass spectrometry analysis was performed
using the Thermo UltiMate 3000 nano system directly couplelchénwith the
Thermo Orbitrap Fusion Tribrid mass spectrometer. The maximum loading amount,
6.4 ul, was loaded onto the systeffhe mass spectrometry analysis was performed

as described previously (Chapter 2).
3.2.3 Data analysis and bioinformatic analysis of mass spectrometry results

To identify differentially abundant protesnand phosphorylation sites, statistical
analysis was performed using ANOVA or twaed ttest with permutatioibased

FDR statistics. Statistically significant differentially abundant (SSDA) proteins and
phosphorylation sites between the chemosensitivity groups were identified based on
an FDR threshold < 0.05 (sO = 0.1) and fold change > 1.5. For the analysis of
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individual drugs, SSDA proteins were identified based on an FDR threshold < 0.05
(sO = 0.1) and fold change > 1.5, while phosphorylation sites were identified based
on an FDR threshold < 0.1 (sO = 0.1) and fold change > 1.5. To identify the
biological functions of SSDA proteins and phosphoprotethe, SRPIlotonline
platform (http://www.bioinformatics.com.cn/srplpt which is based on the
Acl uster Profil er & paakagds aridp ad:Rrofilere gQOst
(https://biit.cs.ut.ee/gprofiler/ggstvere used. The SRPIot online tool was used to

visualize the gene ontology resultsinasesubstrate enrichment analysis (KSEA)
was performedusing theKSEA App website (https://casecpb.shinyapps.io/ksea/)
using PhosphoSitePlus and NetworKIN databasesordingto a NetworKIN cutoff

of 1.5 and pvalue cutoff of p < 0.05 Only kinases with @ubstrate coun® 3 are
displayed on bar plotsTo identify variant sequence motifs, the £31 amino acid
sequence windows of the significantly regulated phosphorylation sites were
evaluated using the online software tool, MoMo (v5.5.3) (accessed November 2023)
(Chenget al. 2019) A 31-residue motif width, 15 occurrences, and-aapue of
<0.000001 were set as the parameters for motif prediction.

3.2.4 Western blotting verification

Comparative immunoblot analyses were performed to verify the altered abundance
of selected proteins and phosphorylation sites between chemosensitivity groups.
Western blotting was performed as described in Chaptee@.0% protein was
loaded per lane. Primary antibodies were diluted in 5% BSA according to guidance
from the manufacturer. Following overnight incubation with the primary antibody,
nitrocellulose membranes were subject to a number of washing steps followed by
incubation with the appropriate peroxidasmjugated secondary antibodies.
Immuncdecorated protein bands were visualized using@iBOX Chemi XRQor

x-ray film. Densitometric analysis of each blot was performed using ImageJ

software, followed by statistical analysis and graphical analysis in GraphPad Prism.

69


http://www.bioinformatics.com.cn/srplot
https://biit.cs.ut.ee/gprofiler/gost

3.3 Results

3.3.1 Stratification of plasma samples based orex vivo drug sensitivity

resistance testing

Following ex vivoDSRT,CD138 myeloma cdlsamples were stratified into one of
four groups: Group 1, very sensitive; Group 2, sensitive; Group 3, resistant; and
Group 4, very resistant, as described previously (Majumder et al., 2017; Tierney et
al., 2021). The groups are listedTiable 3.3

Table 33: Sample groupings based on drug sensitivity/resistanc8amples were grouped
based orex vivoDSRT results, as described in (Majumder et al., 2017).

Group 1 Group 2 Group 3 Group 4
R_MM_6261 R_MM_1878 R_MM_3823 R_MM_1913
R_MM_7171 R_MM_6385 D_MM_7396 D_MM_7281
R_MM_3792 D_MM_7276 D_MM_7983 R_MM_1193
R_MM_2662 D_MM_7746 D_MM_8095 R_MM_587
R_MM_4263 R_MM_6211 D_MM_8597 R_MM_8291

3.3.2 Quantitative phosphoproteomics of CD138myeloma cell lysates

Our quantitative phgshoproteomicmass spectrometry analysis identif@dotal of
1,473 proteins an@,945 phosphorylation sites on 2,232 phosphopeptides from 690
phosphoproteinsA stringentphosphorylation site localization probability (>0.95)
was used to ensure the inclusion of high configemphosphorylation sites in
downstream statistical analyse¥he phosphopeptide and phosphosite residue
distribution was similar to previous studiggancavillaet al. 2013, 2017; Zhanegt

al. 2020)(Figure 3.2). As expected, the majority of phosphorylation sites identified

involved serine residues (81.2%).
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Phosphorylated sites Phosphorylated peptides
phY (1.9%) >Double (4.6%)
phT (16.9%) Double (7.3%)
phS (81.2%) Single (88.1%)

Figure 3.2: Visualization of phosphorylated peptides and sites distribution.(A)
Distribution of serine (phS), threonine (phT), and tyrosine (phY) phosphorylation sites
identified in this mass spectrometry analysi®). Distribution of phosphopeptides with one,
two, or greater than two phosphorylation sites identified in this study.

3.3.2.1Analysis of the proteome ofCD138+ myeloma cell lysatestratified into

four chemosensitivity groups

Firstly, the proteomic changes between the four chemosensitivity groups was
analysed. Principal component analysis (PCA) ofititensity valuesof all 1,473

identified proteinsrevealed a cleacluster of Group 1samples separate from the

three other chemosensitivity grou@oups 2 and 3 have some overlap, indicating a

degree of similarity between the samples in these grénesip4 samples also form

a separate cluster which also contains
(Figure 3.3A). The second PCA of only Group 1 and Group 4 samples highlights the

clear separation between the two chemosensitivity groups with a large total
explained variance of 61.5%Fifure 3.3B). As expected, this suggests larger
proteomic changes occur in myeloma cell :
resistanto, whereas the proteomic change

moreambiguous.
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Figure 3.3: Principal component analysis (PCA) of reporter ion intensity values from
proteins identified in the four chemosensitivity groups.(A) PCA of goteinsidentified in
groups 1, 2, 3, and 4rhe total explained variance for this PCA is 43.4®&) PCA of
proteinsidentified in groups 1 and 4 highlighting the clear distinction between the very
sensitive and very resistant grouphe total explained variance for this PCA is 61.5%.

To evaluate thgroteomicchanges in myeloma cells of the four chemosensitivity

groups, we compared protein abundance across the four groups by ANID e

1,473 proteins identified, 253 were found to be statistically significantly
differentially abundant between the four chemosensitivity groups (ANOWAIlug

< 0.05) Supp. File 3.3. A St u dteshwa$ aso performed to identifyogeins
associated with the 6évery sensiti320ed and
SSDA poteinswere identified (FDR ¢yalue < 0.05, FC > 1.5§Bupp. File 31). Of

the 320 SSDA proteins, 144 proteins were increased in abundance in Group 4 and

176 proteins were decreased in abundance in Grotfpedarchical clustering was

performed on &scored intensity values to illustrate the change in abundance of the
SSDA proteins identifi-tettifigug34dANOVA and St i

Proteins found to be SSDA between the Group 1 and Group 4 were subject to gene

ontology enrichment analysis. Proteins were separated into those increased in
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abundance in Group 4 and those increased in abundance in Group 1. Group 4, which
consisted of samples with a o&évery resis
abundance of proteins associated with neutrophil activation, actin filament
organization, and focal adhesiofsgure 3.5). Group 1, which consisted of samples

with a oO6very sensitived chemosensitivity
associated with  RNA binding, translation, and the proteasome confjiigexd 3.6)

(Supp. File 3.3. The increased abundance of cytoskelasslociated proteins in

Group 4 may contribute to the development of GBR, whereas the reduced
abundance of proteasomal proteins in Group 4 may limit susceptibility to proteasome

inhibitors.
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Figure 3.4: Hierarchical clustering analysis of statistically significant differentially abundant (SSDA) poteins. (A) Hierarchical clustering analysis of
z-scored normalised intensity values of @&3 SSDA poteinsacross the four chemosensitivity groudd) Hierarchical clustering analysis ofszored

normalised intensity values of tB&2 SSDA proteins identified from Studentést analysis of Group 1 and 4.
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Significantly enriched GO terms: Top 10

Neutrophil degranulation
Neutrophil activation involved in immune response
Actin filament organization
Regulation of actin filament-based process
Protein polymerization
Platelet aggregation
Actin polymerization or depolymerization
Regulation of actin polymerization or depolymerization
Regulation of actin filament length
Homotypic cell-cell adhesion
Cell-substrate junction
Focal adhesion
Secretory granule lumen
Cytoplasmic vesicle lumen
Vesicle lumen
Cell cortex
Actin filament
Cell-cell junction
Ficolin-1-rich granule
Ficolin-1-rich granule lumen
Actin filament binding
Actin binding
Cadherin binding
GTPase activity
Structural constituent of cytoskeleton
Nucleoside binding
GTP binding
Purine ribonucleoside binding
Purine nucleoside binding
Ribonucleoside binding

M er
M cc
B v

Molecular Function |Cellular Component] Biological Process
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Figure 35: Gene ontology enrichment analysis of proteins found to be statistically significantly increased in Group @raph highlights the top .
most significantly enriched biological processes (orange), cellular components (green), and molecular functions (purple).
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Significantly enriched GO terms: Top 10

RNA catabolic process

mRNA catabolic process

Protein targeting to ER

Establishment of protein localisation to ER
Cotranslational protein targeting to membrane
Translational initiation

Protein localization to ER

SRP-dependent cotranslational targeting to membrane
Protein targeting

Protein targeting to membrane

Cytosolic ribosome

Proteasome core complex

Proteasome complex

Ribosomal subunit

Endopeptidase complex
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Focal adhesion

Cell-substrate junction
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Figure 3.6: Gene ontology enrichment analysis of proteins found to be statistically significantly increased in Grodp Graph highlights the top
most significantly enriched biological processes (orange), cellular components (green), and molecular functions (purple).

76



3.3.2.2 Analysis of the phosphgroteome of CD138+ myeloma cell lysates
stratified into four chemosensitivity groups

PCA on the phosphopeptide intensity values revealed a clear separation between
Group 1 and 4, highlighting a change in the phosphoproteome between these groups.
Similarly to the proteomic PCA seen above, Groups 2 and 3 demonstrated some
overlap, indicating a degree of similarity between the samples in these groups,

whereas samples from Groups 1 and 4 have notably different phosphoproteomic
profiles (Figure 3.7).
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Figure 3.7: Principal component analysis (PCA) of reporter ion intensity values fror
phosphopeptides identified in the four chemosensitivity groups.(A) PCA o
phosphopeptides identified in groups 1, 2, 3, andBXPCA of phosphopeptides identif
in groups 1 and 4 highlighting the clear distinction between the very sensitive ai
resistant groups.

To evaluate the phosphoproteomic changes in myeloma cells of the four
chemosensitivity groups, we compared phosphopeptide abundance across the four
groups by ANOVA. Of the 2,945 phosphorylation sites identified, 152

1



phosphorylation sites were SSDA between the four chemosensitivity groups
(ANOVA g-value < 0.05) $upp. File 3.3 . A S ttestdwvasats® perfotmed to

i dentify phosphoryl ation sites associat e
phenotypes. A total of 212 SSDA phosphorylation sites were identified (FDR q
value < 0.05, FC > 1.550pp. File 33). Hierarchical clustering was performed on
z-scored intensity values to illustrate the change in abundance of the SSDA
phosphopeptides identifi-tst Figuse SANA@Y A and
distinct clusters representing phosphorylation sites increased in abundance in Group
1 and Group 4 are clearly visible. SSDA phospbtgnswere separated into those
increased in abundance in Group 4 and those increased in abundance in Group 1 and
subject to gene ontology enrichment analy&s depicted irFigure 3.9 andFigure

3.10, phosphoproteins increased in abundance in Group 4 and Group 1 show similar
functional enrichments to the proteomic analysis above with phosphoproteins
increased in abundance in Group 4 being associated with cytoskeletal organization
whereas phosphoproteins increased in abundance in Group 1 are associated with
RNA binding and translatiorSupp. File 3.4. KSEA was used to predict potential
kinase activity based on the phosphorylation levels of known substrates. This
analysis showed significant enrichmeoft 11 kinases in drug resistant (Group 4)
samples and significant enrichment of 4 kinases in drug sensitive (Group 1) samples
(Figure 3.11A). Phosphorylation events are dependent on the action of protein
kinases whichrecognise specific short (<B5 amino acids) sequence motifs
surrounding the serine, threonine or tyrosine residues which are subsequently
phosphorylated. A motif analysis was performed using MoMo and the -rotif
algorithm to better understand the upstream processes of the phosphopeptides
identified in this study Kigure 3.11B). One motif, namely, S*P (* denotes
phosphorylated residue), was significantly increased in both Group 4 and Group 1
phosphopeptides. The motif, RxxS*, was uniquely increased in phosphopeptides
increased in abundance in Group 4 samples, while the motif, S*xxE, was uniquely
increased in phosphopeptides increased in abundance in Group 1. The RxxS* motif
is a phosphorylation site of protein kinase A (PKA) whose catalytic subunit
(PRKACA) was significantly enriched in Group 4 samples from the K@EAna

and Ruzzene 1996Mnterestingly, the S*xxE motif is a consensus sequence motif of
casein kinase 2 (CK2) whose catalytic subunit (CSNK2A1l) was significantly

enriched in Group 1 samples from the KSEA.
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Figure 3.8: Hierarchical clustering analysis of statistically significantly differentially abundant (SSDA) phosphorylation sites(A) Hierarchica
clustering analysis of-gcored normalised intensity values of the 152 SSDA phosphosites across the four chemosensitivitpytoigparchical clusterir
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Significantly enriched GO terms: Top 10

Negative regulation of protein depolymerization
Negative regulation of protein complex disassembly L]
Actin filament organization M cc
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Regulation of supramolecular fiber organization
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Cell-substrate junction
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Guanyl-nucleotide exchange factor activity
Rho guanyl-nucleotide exchange factor activity
Spectrin binding
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Figure 3.9: Gene ontology enrichment analysis obhosphgroteins found to be statistically significantly increased in Group 4Graph highlight
the top 10 most significantly enriched biological processes (orange), cellular components (green), and molecular furgdgdns (p
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Significantly enriched GO terms: Top 10

Regulation of mRNA metabolic process
RNA splicing B e
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Nuclear transport M vr
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Figure 3.10:Gene ontology enrichment analysis gfhosphgroteins found to be statistically significantly increased in Groupl. Graph highlight
the top 10 most significantly enriched biological processes (orange), cellular components (green), and molecular furgédns (p
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Figure 3.11: Bioinformatic analysis of phosphorylation motifs and upstream kinaseqA) Kinasesubstrate enrichment analysis (KSEA) was perfo
to characterize kinase regulation based on drug resistance/sendflivdges with a fwalue < 0.05 are highlighted as red and blue bars. Red bars i
kinases predicted to be activateddinug resistant(Group 4)myeloma cells whereas blue bars indicate kinases predicted to be activetad $ensitivi
(Group 1)myeloma cells(B) Significantly enriched phosphorylation motifs from the phosphopeptides significantly increased in abundance ir
samples.€) Significantly enriched phosphorylation motifs from the phosphopeptides significantly increased in abundance in Grogg.1 samp




3.3.3 Evaluation of MM patient response to individual drugs based orex vivo

drug sensitivity scores.

To identify phosph@roteomicevents within myeloma cells that amssociated with
stratified |
@x vovaDBRT. Paters sathples n  t h e

response tondividual drugs,patients a mp|l es wer e

and Amost resi stanto

with a low drug sensitivity scoreDSS ar e consi dered fAmost re
hi gh DSS

evaluated. The therapeutics evaluated in this study were selected to incorporate drugs

those with are considered fAmost
from a variety of drug classesincluding FDAapproved therapeutics and
investigational targeted therapidshe individual drugs selected for this study are as

follows: bortezomib (proteasome inhibitor), lenalidomide (immunomodulatory

drug), luminespib (HSP90inhibitor), PF 431396(PYK2 and FAKinhibitor), and

alvocidib (CDK9 inhibitor) (Figure 3.12 andFigure 3.13).

Lenalidomide

Bortezomib
Most Most
Resistant Sensitive
R_MM 8291 R_ MM 7171
D MM 7281 R_MM_ 3823
R_MM 1913 |R_MM_ 3792
R_MM 587 D _MM_7746

Most Most
Resistant Sensitive
R_MM 6385 R MM_7171
R MM 3823 R MM _ 6261
D MM_8095 R_MM 2662
R_MM 6211 R_MM_3792
R MM 1913 R MM 4263

Luminespib
Most Most
Resistant Sensitive
D MM 8597 R_MM 6261
R MM 8291 D MM 7276
R MM 1913 R MM 6211
D MM _ 8095 R_MM 4263

D MM 7276 D MM 7281 R MM 3792
- - R MM 1878 - - - -
PF 431396 Alvocidib
Most Most Most Most
Resistant Sensitive Resistant Sensitive

D_MM_7746 R_MM_6261
D_MM_8597 R MM_7171
R_MM 1913 |R_MM 3792
D_MM_7281 D_MM_7396

R_MM 8291 D_MM_7983

Figure 312

Resi stant o

Sampl e

stratificat:i
for each of thefive individual therapeutics analysed.Sa mp | e s
and AMost
considered most resistant or most sensitive, samples were separated into quartiles with those
samples falling into the first quartitenerallyb e i n g
in the fourth quartilgenerallyp e i n g
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Figure 313 Compari son of dr ug mostreesn stiitvii imast sacnod e §
resi stantod groups associ aNoreality was tdetermimedausingi ndi v
the ShapireWilk test. Statistical significance was evaluated by unpaitedttwith Welch
correctionSi gni fi cance is marked as foll ows: P
O 0.0001 O****p.

3.3.3.1Phosphoproteomic analysis of CD138+ myeloma cells based on

sensitivity/resistance to proteasome inhibitors.

The proteomic and phosphoproteomic profiles of MM patient samples considered
most sensitive and most resistant to bortezomib, were compared to identify proteins

and phosphorylation sites associated with response to proteasome inhibitors (PIs).
Volcano plot analysis identified24proteins increased in abundance in samples
considered most resistant and @roteins increased in abundance in samples
considered most sensitive to bortezomib (FDRatye < 0.05, FC > 1.5)Fgure
3.14A)(Supp. File 3.5. 41 phosphorylation sites were increased in abundance in

most resistant samples and 50 phosphorylation sites were increased in abundance in
most sensitive samples (FDRvglue < 0.1, FC > 1.5)Fgure 3.14B)(Supp. File

3.5 . To anal yse t he phosphoproteomic da
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Vi suali zer 0 was -gpecigcdinfotmationvon s SERING network i t e
(Figure 3.15A). The minimum required interaction score was set to high confidence
(0.7) and unconnected nodes were removed. Two clusters clearly separate the
phosphoproteins associated bortezomib sensitivity, which are linked to RNA
processing, and bortezomib resistance, which include proteins linked the
cytoskeleton and integAmediated signallingGO analysis of the combined protein

and phosphoprotein results demonstrated an increase in adhesion and-in&glity
biological processes irbortezomib resistant myeloma cells whereas protein
translation andprotein foldingassociated biological processes were increased in
bortezomibsensitive myeloma cell§Figure 3.15B)(Supp. File 3.§. KSEA was

used to predict potential kinase activity based on the phosphorylation levels of
known substrates. This analysis showed significant enrichment of 8 kinases in
bortezomib resistant samples and 1 kinasbariezomib sensitive sampleSupp.

Figure 3.1). The NFa signalling pathway associated kinases IKBKB and CHUK,
which make up the catalytic subunits of the multimeric | kappa B kinase (IKK)
complex, showed higher activity in bortezomib resistant samples, whereas the
catalytic subunit of CK2, CSNK2A1, showed higher activity in bortezomib sensitive
samples. Lists of the top 10 phosphorylation sites associated with bortezomib
resistance and sensitivity are describe@able 3.4andTable 3.5 respectively.
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Table 34: Top 10 phosphorylation sites with significantly increased abundance in MM
samples considered most resistant toortezomib.

Protein Name Gene Blolog_lcal Pho_spho FDR EC
Name Function Site g-value

Heat shock protein Molecular
betal HSPB1 chaperone S65 0 541
Protooncogene
tyrosineprotein kinase  SRC Cell adhesion S17 0.013 4.60
Src
Zyxin ZYX Cell adhesion S281 0.038 4.19
Filamin-A FLNA Actin binding S2152 0.051 4.42
UIEMETETT S TMEM40  Membrane S137 0.057 175
protein 40 protein
T_yrosmeprotem EYN _Adaptl\_/e s21 0.057 208
kinase Fyn immunity
Serine/arginine
repetitive matrix SRRM2 RNA binding S1179 0.057 1.74
protein 2

Promoterspecific — opz6 0057 1.04
chromatin binding

Zyxin ZYX Celladhesion S344 0.059 6.71
Sorting nexirl7 SNX17  Protein transport  S421 0.059 2.18

Zinc finger protein 60S ZNF609

Table 35: Top 10 phosphorylation sites with significantly increased abundance in MM
samples considered mostensitiveto bortezomib.

: Gene Biological Phospho FDR
Protein Name Name Function Site g-value FC
Treacle protein o= L e S381 0011 2.38
translation
Coiled-coil domain CCDC86  RNA binding s18 0.016  3.40
containing protein 86
Major vault protein MVP Protein transport S445 0.018 3.02
Lupus La protein SSB RNA binding S366 0.027 2.07
DNA fragmentation Deoxyribonuclease
factor subunitlpha PITS inhibitor activity Slle sl 21U
Serine/arginingich SRSF11  RNA binding S449 0.041  4.76
splicing factor 11
Nucleasesensitive Nucleic acid
elementbinding protein  YBX1 - S165 0.041 5.53
binding
1
Tyrosineprotein kinase Transcription
BAZ1B BAZ1B regulation S1468 0.051 6.04
SUPOTESEED G S L oy RNA binding S359 0.052 1.98
homolog
Cyclin-dependent kinas: CDK12 Serlne_/thr_eonlne S423 0.054 211
12 protein kinase
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3.3.3.2Phosphoproteomic analysis of CD138+ myeloma cells based on

sensitivity/resistance tammunomodulatory drugs.

The proteomic and phosphoproteomic profiles of MM patient samples considered
most sensitive and most resistanteiwalidomidewere compared to identify proteins
and phosphorylation sites associated with responsentounomodulatory drugs
(IMiDs). Volcano plot analysis identified24proteins increased in abundance in
samples considered most resistant 2Bdroteins increased in abundance in samples
considered most sensitive lenalidomide(FDR ¢value < 0.05, FC > 1.5F(gure
3.16A)(Supp. File 3.7. 35 phosphorylation sites were increased in abundance in
most resistant samples aBghosphorylation sites were increased in abundance in
most sensitive samples (FDRvglue < 0.1, FC > 1.5)Fgure 3.16B)(Supp. File

3.7)). STRING network analysis usifgOmi ¢ s V identifiad aisingéercloster

of upregulated phosphosites in lenalidomide resistant myeloma cells associated with
actin filament organizatiofFigure 3.17A). The minimum required interaction score
was set to high confidence (0.7) and unconnected nodes were renk®EA.
analysis did not yield significant kinase enrichme@®& analysis of the combined
protein and phosphoprotein results demonstraadincrease in adhesion and
motility-linked biological processes in lenalidomide resistant myeloma cells whereas
protein translation and metabolismssociated biological processes were increased in
lenalidomide sensitive myeloma cellsidure 3.17B(Supp. File 3.9. We compiled

a list of the phosphorylatio sites most significantly increased in lenalidomide

resistant and lenalidomide sensitive sampleble 3.6 Table 3.7).
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Figure 3.17. Bioinformatic analysis of phosphorylation sites associated wi
lenalidomide sensitivity and resistance(A) Proteirprotein interaction (PPI) network
phosphorylation sites upregulated in MM samples considered most resistant
lenalidomide. Phosphorylation sites associated with lenalidomide sensitivity did nc
connectivity. B) g:Profiler analysis of proteins and phosphoproteins upregulat
myeloma cells most resistant (red bars) and most sengtivel¢bars) to lenalidomide. G
terms represent enriched biological processes highlighted as key terms in the ¢
analysis.
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Table 36: Top 10 phosphorylation sites with significantly increased abundance in MM
samples considered most resistant fenalidomide.

Protein Name Gene Blolog_lcal Pho;phe FDR EC
Name Function Site g-value
- Guaninenucleotide
Kalirin KALRN releasing factor S1799 0.002 5.32
LIMdomainand ) \\a1 Actin binding S490 0.003  6.15
actin-binding protein 1
Spectrin betahain, — gprang Actin binding T2187  0.004 572
non-erythrocytic 1
EAMG3 Cysteinetype

Protein FAM63A A deubiquitinase S441 0.004 4.13

activity
Bridging integrator 2 BIN2 Cell chemotaxis S259 0.004 2.48
Neurpbeachlmke NBEAL2 Prot_eml_qnase $2739 0.005 232
protein 2 binding
Filamin-A FLNA Actin binding S2152 0.005 4.98
Serum deprlvat_lon SDPR Phosp_hat_ldylserlne 5293 0.006 7 88
response protein binding
Zyxin ZYX Cell adhesion S281 0.006 5.28
Epidermal growth
factor receptor EPS15  Cadherin binding S796 0.006 2.64

substrate 15

Table 3.7: Phosphorylation sites with significantly increased abundance in MM
samples considered most sensitive to lenalidomide.
Gene Biological  Phosphe FDR

Protein Name Name Function Site g-value FC

ADP-ribosylation factotlike

protein 6interacting protein Al RNA S332 0.018 3.71
4 4 binding

Cytos_keletomssomated CKAP4 RNA $26 0.073 239
protein 4 binding

N.uclleasesens_ltlve element YBX1 Nuc_lel_c acid S165 0.071 198
binding protein 1 binding

3.3.3.3Phosphoproteomic analysis of CD138+ myeloma cells based on

sensitivity/resistanceto a HSP90 inhibitor.

The proteomic and phosphoproteomic profiles of MM patient samples considered
most sensitive and most resistanthe investigational HSP9@hibitor, luminespib,

were compared to identify proteins and phosphorylation sites associated with
chemosensitivity. Volcano plot analysis identified51 proteins increased in
abundance in resistambyeloma cellsand 57 proteins increased in abundance in
samples considered most sensitive to lenalidomide (FRIwe < 0.05, FC > 1.5)
(Figure 3.18A)(Supp. File 39). 38 phosphorylation sites were increased in
abundance in most resistant samples ghgh®sphorylation sites were increased in

abundance in most sensitive samples (FDRalge < 0.1, FC > 1.5)Fgure
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3.18)(Supp. File 39). STRI NG networ Kk anal ysi s us
identified two distinctclustes. The minimum required interaction score was set to
high confidence (0.7) and unconnected nodes were rem@uesal.cluster largely
consisting of phosphoproteins increased in abundancéuminespib resistant
myeloma cellswas associated with actin filament organizatigk smaller cluster
largely consisting of phosphoproteins increased in abundance in luminespib sensitive
myeloma cells was associated with the regulation of translation initigfigare
3.19(Supp. File 3.D). KSEA revealed a significant enrichment of 2 kinases,
PRKACA andcalcium/calmodulirdependent protein kinasedlpha CAMK2A), in
myeloma cells most resistant to luminesgBupp. Figure 3.2). The top ten
phosphorylation sites significantly increased in myeloma cells most resistant and
most sensitive to luminespib are listedlable 3.8andTable 3.9 respectively.
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Table 3.8: Top 10 phosphorylation sites withsignificantly increased abundance in MM
samples considered most resistant taiminespib.

Protein Name Gene Blolog_lcal Pho_spho FDR EC
Name Function Site g-value
LIM domain and
actin-binding protein  LIMA1 Actin binding S490 0.048 5.75

1
Proteintyrosine
phosphatase receptc

. PTPRCAP Defence response S99 0.049 5.47
type Gassociated

protein

FYN-binding protein FYB Immune response  S558 0.055 5.32

RAS guanw Guaninenucleotide

releasing protein 2 RASGRP2 releasing factor S576 0.064  31.16

Receptoitype B cell

tyrosineprotein PTPRC differentiation S973 0.071 5.53

phosphatase C

Serum deprlvat_lon SDPR Phosp_hat_ldylserlne $293 0.075 582

response protein binding

Protein kinase C bet PRKCB Serme/thr_eonme T642 0.075 234

type protein kinase

Linker for activation Protein kinase

of T-cells family LAT bindin S224 0.076 5.57

member 1 9

Dematin DMTN Actin binding S16 0.078 2.73

Histonelysine N

methylransferase ~ SETD1A ~ DhAdamage o405 5479 108
response

SETDI1A

Table 39: Top 10 phosphorylation sites with significantly increased abundance in MM
samples considered mosensitiveto luminespib.

Protein Name Gene Blolog_lcal Phosphe FDR g- EC
Name Function Site value
Protein PRRC2A PRRC2A  RNA binding S1219  0.036 2.86
Transformes2 protein - 1pa g RNA binding T201 0.061 2.20

homolog beta
Plasminogen activatol
inhibitor 1 RNA- SERBP1 RNA binding S234 0.062 2.68
binding protein

Large prolinerich HSP70 protein

protein BAG6 BAG6 binding S1081 0.063 2.19
DNA fragme_ntatlon DEEA D_eoxynbonu_cl_ease S315 0077 2.20
factor subunit alpha inhibitor activity

Telomeric repeat .

binding factor 2 TERF2Ip  'CIOMENCDNA — orha 5081 1.90
: . . binding

interacting protein 1

Uncharacterized -

protein C70rf50 C7orf50 RNA binding S175 0.082 1.53
Nucleoprotein TPR TPR Chromatin binding  S2155 0.083 2.36
Calclumdependent -~ \nogo  protein transport 58 0.083 2.41
secretion activator 2

RNA-binding protein NOB1 RNA endo_nuclease $201 0083 3.01
NOB1 activity
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3.3.3.4Phosphoproteomic analysis of CD138+ myeloma cells based on

sensitivity/resistanceto a PYK2 and FAK inhibitor .

The proteomic and phosphoproteomic profiles of MM patient samples considered
most sensitive and most resistantte investigational PYK2 and FAK inhibitor, PF
431396 were compared to identify proteins and phosphorylation sites associated
with chemosensitivity.Volcano plot analysis identifie@8 proteins increased in
abundance in resistambyeloma cellsand 43 proteins increased in abundance in
samples considered most sensitive to lenalidomide (FdBRwe < 0.05, FC > 1.5)
(Figure 320A)(Supp. File 3.11). 20 phosphorylation sites were increased in
abundance in most resistant samples Ehghosphorylation sites were increased in
abundance in most sensitive samples (FDRalge < 0.1, FC > 1.5)Fgure
3.20B)(Supp. File 3.11). STRI NG net wor k anal ysi s usi n
showed limited interactions between the significant phosphoprofiesminimum
required interaction score was set to high confidence (0.7) and unconnected nodes
were removedPTPN12, FLNA, and GP1BB, SERBP1 and RPLP2, and FYB and
LAT showed connections with an interaction score >(Bigure 3.21)(Supp. File

3.12). KSEA analysis did not yield significant kinase enrichmefitise top ten
phosphorylation sites significantly increased in myeloma cells most resistant and
most sensitive t®F431396are listed inTable 3.10andTable 3.11 respectively.
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Figure 3.21: Bioinformatic analysis of phosphorylation sites associated with PF 431Z
sensitivity and resistance(A) Proteinprotein interaction (PPI) network of phosphoryla
sites upregulated in MM samples considered most resistant (red) and most sensitive
PF 431396.8) g:Profiler analysis of proteins and phosphoproteins upregulated in my
cells most resistant (red bars) and most sensitive (purple bars) to PF 431396. C
represent enriched biological processes highlighted as key terms in the g:Profiler an:
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Table 3.10: Top 10 phosphorylation sites with significantly increased abundance in
MM samples considered most resistant teF 431396

Protein Name Gene Blolog_lcal Pho_spho FDR EC
Name Function Site g-value
Filamin-A FLNA Actin binding S2152 0.060 5.36
Stromal interaction .
molecule 1 STIM1 Calcium transport S575 0.067 3.13
Zyxin ZYX Cell adhesion S344 0.069 7.31
Guanine
RASguanfl ~  pASGRP2  nucleotide S576  0.070 18.26
releasing protein 2 )
releasing factor
Zinc fingerprotein ZNE609 Promote_fspguflc S576 0.071 1.96
609 chromatin binding
Linker for activation Protein kinase
of T-cells family LAT o S224 0.072 4.75
binding
member 1
LIM domain and
actin-binding protein  LIMA1 Actin binding S490 0.073  4.39
1
FYN-binding protein FYB Immune response  S558 0.074 4.10
Dematin DMTN Actin binding S16 0.075 3.01
Polyhomeotidlike PHC3 DNA binding S263 0075 2.16

protein 3

Table 311 Top 10 phosphorylation sites with significantly increased abundance in
MM samples considered most sensitive to PF 431396.

Protein Name Gene Biolog_ical Phqsphe FDR EC
Name Function Site g-value

High mobility group
protein HMGI/HMG-  HMGAL1l DNA binding S44 0.045 3.73
Y
Eukaryotic translation
initiation factor 4 EIFAG1 RNA binding S1231 0.058 3.14
gamma 1
60S acidicribosomal - pp by Rinosomal protein S86  0.068  3.89
protein P2
High mobility group
protein HMGI/HMG-  HMGA1 DNA binding S9 0.069 5.48
Y
Protein PRRC2A PRRC2A RNA binding S1219 0.070 2.51
Thyroid hormone
receptorassociated THRAP3 mRNA processing S211 0.071 3.89
protein 3
Nucleoprotein TPR TPR Chromatin binding  S2155 0.072 1.98
Surfeit locus protein 6 SURF6 RNA binding S138 0.073 2.32
Protein LYRIC MTDH RNA binding S298 0.074 3.24
Plasminogen activator
inhibitor 1 RNA- SERBP1 RNA binding S234 0.074 241

binding protein
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3.3.3.5Phosphoproteomic analysis of CD138+ myeloma cells based on

sensitivity/resistanceto a CDK9 inhibitor .

The proteomic and phosphoproteomic profiles of MM patient samples considered
most sensitive and most resistanttite investigational CDK9 inhibitor, alvocidib,
were compared to identify proteins and phosphorylation sites associated with
chemosensitivity. Volcano plot analysis identified37 proteins increased in
abundance in resistambyeloma cellsand 49 proteins increased in abundance in
samples considered most sensitiveateocidib (FDR ¢value < 0.05, FC > 1.5)
(Figure 3.227A)(Supp. File 3.B). 30 phosphorylation sites were increased in
abundance in most resistant samples Enghosphorylation sites were increased in
abundance in most sensitive samples (FDRalge < 0.1, FC > 1.5)Fgure
3.28B)(Supp. File 3.B). KSEA analysis did not yield significant kinase
enrichmentsSTRING analysis revealed a single cluster of 7 phosphorylation sites
upregulated in myeloma cells considered resistant to alvodidijore 3.23A). GO
biological processesGOBPg enriched in the most sensitive and most resistant
groups showed a similar trend to those described above, amitlincrease in
cytoskeletal organization and adheslmked biological processes iralvocidib
resistant myeloma cells whereas protein transldiiked biological processes were
increased iralvocidib sensitive myeloma cell$igure 3.238)(Supp. File 3.14). The
phosphorylation sites most significantlypregulatedin alvocidib resistant and

alvocidibsensitive sampleare outlined inTable 3.12andTable 3.13 respectively
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Figure 3.23 Bioinformatic analysis of phosphorylation sites associated with alvocid
sensitivity and resistance(A) Proteinprotein interaction (PPI) network of phosphoryla
sites upregulated in MM samples considered most resistant (red) and most sensitive
alvocidib. B) g:Profiler analysis of proteins amqhosphoproteins upregulated in myel
cells most resistant (red bars) and most sensitive (purple bars) to alvocidib. Gt
represent enriched biological processes highlighted as key terms in the g:Profiler ani
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Table 312 Top 10 phosphorylation sites with significantly increased abundance in

MM samples considered most resistant talvocidib.

Protein Name Gene Blolog_lcal P
Name Function
Guanine
RAS guanyl —  pagerP2  nucleotide
releasing protein 2 :
releasing factor
LIM domain and
actintbinding LIMAL Actin binding
protein 1
N-
glué\cl)-:;g?r/l}eDI;inase NAGK  acetylglucosamine
kinase activity
Linker for o
activation of Fcells LAT Progglg.klnase
family member 1 inding
Protooncogene
tyrosineprotein SRC Cell adhesion
kinase Src
Serine/arginine
repetitive matrix SRRM2 RNA binding
protein 2
Serumdeprivation SDPR Phosphatidylserine
response protein binding
Dematin DMTN Actin binding
Protein kinase C PRKCE Serine_/thr_eonine
beta type protein kinase
Filamin-A FLNA Actin binding

Table 313 Top 10 phosphorylation sites with significantly increased abundance in

MM samples considered most resistant to alvocidib.

Protein Name

Coiled-coil domain
containing protein 86
Large prolinerich
protein BAG6
Cyclin-dependent
kinase 12
Protein PRRC2A
Nuclearinteracting
partner of ALK
Histone H1.5
Chromatin complexes
subunit BAP18
Ribosomebinding
protein 1
SWI/SNF-related
matrix-associated
actindependent
regulator of chromatin
subfamily E member
Myb-binding protein
1A

Gene Biological
Name Function
CCDC86 RNA binding
BAG6 HSP_70 _proteln
binding
CDK12 Serlne_/thr_eonlne
protein kinase
PRRC2A RNA binding
ZC3HC1 Prot_eln_klnase
binding
HIST1H1B DNA binding
BAP18 DNA binding
RRBP1 RNA binding

SMARCE1 Chromatin binding

MYBBP1A RNA binding
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hosphe
Site

S576

S490

S76

S224

S17

S1179

S293
S16
T642
S2152

Phosphe

Site
S18

S1081

S423
S1219
S62
S18
S96

S583

S314

S1163

FDR

g-value

0.040

0.043

0.047

0.054

0.054

0.055

0.058
0.058
0.063
0.065

FDR

g-value

0.039

0.062

0.062
0.065
0.069
0.071
0.075

0.082

0.085

0.086

FC

14.31

5.72

2.56

4.92

4.47

1.88

5.92
3.14
2.65
3.93

FC

3.79

2.29

2.18
2.83
3.08
1.90
3.32

3.18

3.86

2.68



3.3.4 Western blotting verification of massspectrometry results

Comparative immunoblotting was performed to verify the increased abundance of
selected proteins and phosphorylation sites in myeloma cell lysates. The availability
of high quality commercially available antibodies specific for the phosphorylation
sites identified as potential markers of resistance was limited. Our MS proteomics
results found the cytoskeletal proteldactinin, to be increased in abundance in
Group 4 compared to Group 1 myeloma cells. This result was verified by western
blotting, as depictk in Figure 3.24. Our MS phosphoproteomics analysis revealed
an increased abundance of serine 2152 (S2d@&phopeptide derived from filamin

A (FLNA) in Group 4 compared to Group 1 myeloma cells. Intense bands
corresponding to phosphorylated S2152 were seen in Group 4 samples while no
bands were visible in Group 1 samplésg(ure 3.25). Phosphorylated FLNA at
S2152 was significantly increased in abundance in Group 4 sampiscompared

to Group 1 samples£4). Another blot measuring phosphorylated FLNA S2152 in
Group 2 and 3 did not yield any detectable signal, indicating the presence of this
phosphorylation event only in myeloma cells considered very drug resistant. Other
phosphespecific antibodies were used in an attempt to verify additional
phosphorylation sites; however, results were limited due to a lack of detectable
signals.Furthermore, it is impoaint to note thathere are no loading controls for the
western blots shown below. Despattempting to use standdahding controls such

as actin and GAPDHhe concentrations of these proteins varied likely due to the
heterogeneity of the samples and roletlod cytoskeleton in drug resistance in
myeloma. This was further supported by altered concentrations of these proteins
being detected in our mass spectrometry data. Although no loading controls were
available equalprotein concentrations were vislyatonfirmed using thd?onceau
stain.However, as there are no loading controls to reflect this, the ilgjiaif the
results are affectedThis may have been caused by dephosphorylation during
freeze/thaw or sample processing, limited antibody quality, or simply a lack of the
target within the samples being analysed. KSEA and motif analysis predicted a
potential increase irthe activity of PKA in Group 4 samples. Comparative
immunoblotting found PRKACA levels to be increased in Group 4 samples
comparedd Group 1 samples, highlighting the potential of phosphoproteomics in
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combination with ex vivo DSRT

resistance/sensitivity={gure 3.26).

in identifying kinases involved
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Figure 3.24: Comparative western blot analysis of}-actinin abundance in Group 4 and
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Figure 3.25: Comparative western blot analysis of FLNA S2152 abundance in Group 4

and Group 1 myeloma cell lysates(A) Representative immunoblot with bands labelled
with antibodies to FLNA S2152 phosphorylation clearly visible in Group 4 samjigs. (
Densitometric analysis using ImageJ software followed by statistical analysis comparing
band intensity between Group 1 and Group 4 samples. Significance was determined using a

Mann-Whitney test (*p00.05).
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Figure 3.26: Comparative western blot analysis of PRKACA abundance in Group
and Group 1 myeloma cell lysates(A) Representative immunoblot with bands labe
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Group 1 and Group 4 sampl es. Si g n itekti(?
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3.4 Discussion

Phosphoproteomics represents an i mportan
the postiranslational events involved in the pathogenesis of various diseases and
cancers. As recent studies have demonstrated the clinical applicabibty vto

DSRT, downstream molecular analyses investigating novel therapeutic targets and
surrogate markers of drug sensitivity/resistance have clinical relefl@naosanmaki

et al. 2022; Kropivseket al. 2023) In this chapter, we have identified proteins and
phosphorylation sites in myeloma cells that are associated with sensitivity/resistance

to a selection of drugs based@nvivoDSRT. This highlights the ability to combine

6omi cs6 t echer oiVod§RTets investigath mechanisms of drug
resistance, identify predictive markers of drug response and identify potential targets

to overcome drug resistance. Primary myeloma cells are also considered more
biologically representative of MM than cell lines, thus enhancing the clinical
relevance of results derived froex vivoDS RT i n combination v

approaches.

Our labelbased mass spectrometry analysis identified a clear distinction in the
proteomic and phosphoproteomic profiles of myeloma cells in the very sensitive and

very resistant chemosensitivity groups. Functional enrichment analysis revealed an
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increased abundance of proteins and phosphoproteins associated with cell adhesion
and cytoskeletal organisation in drug resistant samplesmphasizing the link
between cell adhesion molecules and drug resistance in(IMiMet al. 2018; Bou
Zerdanet al. 2022) The reduced levels of proteins involved in protein translation
and the ribosome also indicate a slower cycling rate than drug sensitive myeloma
cells, a process that reduces the susceptibility of these myeloma cells to
chemotherapies such as bortezoif@e et al. 2021) These results corroborate with
known mechanisms of drug resistance, namely, AR and the persistence of
quiescent cancer cel{sluanget al.2021; Lindellet al. 2023) Furthermore, western

blot verification of selected MS results confirmed the differential abundantke of
actinin, a protein found to be increased in Group 4 samples, S2152 FLNA
phosphorylation, a site found to hyperphosphorylated in Group 4 samples, and
PRKACA, a protein kinase whose substrates were significantly enriched in Group 4
samples according to KSEMass spectrometry analysis reveatadalmostine

fold increasentheabundance of the -adnACTNA)imdi ng
drug resistant myeloma cellsThis result was verified by immunoblotting
highlighting the role of cytoskeletal organisation in drug resistance. Previous
research found ACTN1 to be to be overexpressed in tihesiitant cell line, KMS

20 (Tsubakiet al.2021)

KSEA analysis revealed an enrichment of substrates of a number of kinases
including PKA andprotein kinase C bet@RKCB). Although PKA was not detected

in our mass spectrometry analysis, western blotting analysis revealed an increased
abundance in PRKACA protein levels in chemoresistant myeloma cells. PKA is
known to phosphorylate FLNA at S2152 and increased activity may contribute to
resistance mechanismn MM (Peverelli et al. 2018) Hyperphosphorylation at
threonine 642 of PRKCB, a phosphorylation event that is essential for enzymatic
activity, was identified in Group 4 samples, suggesting an association between
increased PRKCB activity and chemoresistance in N#&hang et al. 1994)
Interestingly, studies have reported synergistic activity between bortezomib and the
protein kinase Gnhibitor, enzastaurin, whose main target is PRKCB, in lymphoma
cell lines(Cosenzaet al.2015) This, in combination with our findings, indicates that
reduced PRKCB activity may enhance the chemosensitivity of myeloma cells.

Determining the phosphoproteomic changes across chemosensitivity groups

108

F



highlights proteins, phosphorylation sites, agmddicted kinases that may play roles
in generaldrug resistance mechanismBurthermore, of the five classes of drugs
evaluated in thisvork, phosphorylation sites commordjtered in abundance across
these drugs can provide insight into the general mechanisms of resistance in

myeloma cells.

While evaluating the proteomic and phosphoproteomic profiles of myeloma cells
grouped based on the#x vivosensitivity to hundreds of drugs provides important
information on general or prominent resistant mechanisms, examining the molecular
profiles of MM cells considered resistant/sensitive to individual drugs can identify
resistance mechanisms and predictive biomarkers specific to the individual drugs
being investigatedAs described in Chapter 1, proteasome inhibitors (PIs) are a
mainstay treatment d¥IM. The approval of bortezomib almost two decades ago
dramatically improved patient outcomes, however, resistance remains a challenge.
Our proteomic analysis identified sev@0S proteasome subunits as increased in
abundance in bortezomib sensitive myeloma cells. Increased expression of the 20S
proteasome has previously been proposed as a predictor of bortezomib sensitivity
(Matondoet al.2010; Walteret al.2019) HSPB1 (also known as heat shock protein

27 (HSP27))a small chaperone protein involved in preventing protein misfolding,
was significantly increased in abundance in bortezomib resistant myeloma cells. In
addition, phosphorylation events on serine 65 (S65) and serine 82 (S82) of HSP27
were increased in abundance in bortezomib resistant myeloma cells. HSP27
phosphorylation results in the formation of smaller oligomers with enhanced
chaperone activity which prevents protein aggregdtitayeset al. 2009) A recent

study revealed a central role of HSP27 in the mechanism of action of bortezomib.
MM patients who responded to a bortezothdsed treatment regimen had
significantly lower expression of HSP27 compared to those who did not respond to
bortezomib treatment. Furthermore, treatment of myeloma cell lines with the HSP27
inhibitor, OGX-427, resulted in similar apoptosis rates and expression patterns of
HSP27, BCL2 and Bax(Li, Zhang, et al. 2019) Blockade of HSP27 has been
reported to restore sensitivity in bortezomib resistant cells, while ectopic expression
of HSP27 rendered bortezomib sensitive cells resistant to bortezomib treatment
(Chauharet al. 2003) This highlights the ability of combiningx vivoDSRT with
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phosphoproteomics to identify key proteins and phosphorylation sites associated

with drug resistance.

Filamin A is an actin binding protein which acts as a scaffold for various protein
partners including transmembrane proteins such as integrins. Phosphorylation of
FLNA at S2152 is weldocumented with several studies reporting that this
phosphorylation event prevents cleavage of full length (280kDa) FLNA by calpains
at the hinge region to the 110kDa fragment that is further cleaved into a 90kDa
fragment(Chen and Stracher 1989; Bedo#lhal. 2009) Western blotting analysis
identified S2152 phosphorylation at ~110kDa indicating fragmentation of full length
FLNA. As S2152 phosphorylation prevents FLNA cleavage, this result may be due
to proteolysis during sample storage, however further investigations should be
performed to confirm this. Full length FLNA is typically found in the cytoplasm
whereas the 90kDa fragment is translocated into the nucleus, although some studies
have reported the presence of delhgth FLNA within the nucleolugDenget al.

2012) A study on prostate cancer reported differential pathological functions of
cytoplasmic and nuclear FLNA, whereby cytoplasmic FLNA was linked to
metastasis while nuclear FLNA prevented cell invasion, highlighting the role of
FLNA cleavage and thus S2152 phosphorylation in cafi8edolla et al. 2009)

Protein levels of FLNA were also increased in bortezomib resistant samples,
however, the phosphorylation status of S2152 may provide more insight into the
biological function and cellular location of FLNA in drug resistant myeloma.
Interestingly, nuclear FLNA supresses the transcription of ribosomal RNA by
preventing the recruitment of RNA polymerase | to the rDNA promoter. Ribosomal
RNAs are required for ribosome biogenesis and protein production; thus, depletion
of FLNA which results in increased rRNA levels was found to increase cell
proliferation rates(Deng et al. 2012) The susceptibility of myeloma cells to
proteasome inhibition is largely based on the high protein biosynthetic rate of
myeloma cells which results in dependence on the proteasome to remove misfolded
proteins. Therefore, one of the resistance mechanisms of bortezomib has been
proposed to be a reduction in protein synthesis and proteasome wdiiaachiet

al. 2009; Cenciet al. 2012) Increased levels of FLNA may contribute to reducing
the rate of protein synthesis in bortezomaiistant cells, although more studies are

required to confirm this hypothesis.
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Interestingly, hypophosphorylation of serine 381 (S381) of TCOF1 was identified in
bortezomib resistant myeloma cells while protein levels of TCOF1 were unchanged
across the two groups. TCOF1 encodes the treacle phosphoprotein which is known
to have roles in ribosome biogenesis and the DNA damage resfiamsnd Yeh

2009; Larseret al. 2014) Limited studies have investigated the effects of S381 on
the function of TCOF1, however this site has been found to be hyperphosphorylated
in various cancers including breast, colon, and ovaffixeb et al. 2020) KSEA
analysis revealed an enrichment of substrates of CK2 in Group 1 samples and those
considered most sensitive to bortezomib. CK2 has diverse roles in carcinogenesis,
and myeloma cells have been reported to rely on the activity of CK2 for survival
(Piazzeet al.2006) CK2 stimulates the transcription of RNA polymerases which are
required for rRNA synthesis and subsequent protein translation to support cell
growth and proliferatiorfHockman and Schultz 1996; Let al. 2006) Increased

cell proliferation via CK2based regulation of signalling pathways such as 3

and PIBK/AKT/mTOR, and increased protein synthesis stimulated by CK2, may
increase the sensitivity of myeloma cells to various drugs due to the increased
activity of drug targets. However, CK2 inhibition has demonstrated enhanced
cytotoxicity in combination with bortezomib in M{¢Manni et al. 2012, 2013; Xu,

Ma, et al. 2019) Therefore, further investigation into the link between CK2 activity
and drug response in MM is required.

KSEA analysis of bortezomib resistant myeloma revealed an enrichment of
substrates of IKBKB and CHUK kinases, which constitute the two catalytic subunits
of the IKK complex which acts as a central regulator for the activatidiFed B
signalling (Israél 2010) Activation of the IKK complex results in the
phosphorylation ofdB, leading to its proteasomal degradation which releases NF
aB dimers, enabling their translocation to the nucleus where they stimulate the
transcription of various genes involved in the inflammatory response, cell growth,
and survival(Hinz and Scheidereit 2014An important rationale for the use of Pls

in the treatment of MM is to inhibit a key signalling pathway in MM pathogenesis,
the NFaB pathway. However, since the introduction of Pls, studies have found that
bortezomib also induces the activation of the canoriifale B p a tvia tha y
downregulation ofdB. Signalling via IKBKB has been found to play a key role in

bortezomibinducedNF-a B  aatioh and the combination of bortezomib with an
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IKBKB inhibitor has been reported to enhance bortezeimiloiced cytotoxicity
(Hideshimaet al. 2009, 2014) Several studies have implicattF-e B acimi vi t y
bortezomibresistancgMarkovinaet al. 2008b; Xieet al. 2020) Increased activity

of IKBKB and CHUK kinases may contribute to bortezomib resistance and warrant

further investigation as targets in bortezomekistant MM.

The activating phosphorylation site of tyrosipeotein kinase Fyn, S21, was
hyperphephaylated in Group 4 samples, and those considered most resistant to
bortezomib, alvocidib, and luminespib, while phosphorylation of S558 on Fyn
binding protein was hyperphosphorylated in Group 4 samples, and those considered
most resistant to luminespib aR& 431396Fyn S21 is also a target of PKXeo et

al. 2011) Interestingly, CD45 has also been implicated in the activation of Fyn and
other Src family kinases (SFKs) through the dephosphorylation of negative
regulatory tyrosine phosphorylation sites. Hyperphosphorylation of CD45 and
CD45associated protein on serine 973 and serine 99, respectively, was identified in
Group 4 samples compared to Group 1 samples. Previous studies have reported that
IL-6 signalling leads to the activation of SFKs including Fyn in NHillek et al.

1997) IL-6 has also been reported to induce CD45 expression which is required for
the activation of Fyn in myeloma cell linédKawanoet al. 2002) CD45 positive
expression is typically associated with immature myeloma cells which have been
linked to a more drugesistant phenotyp@kikawa et al. 2004; Descampst al.

2006; Iriyamaet al. 2017; Fergusomt al. 2022) Fyn activation has been linked to
drug resistance in a number of cancers including contributing to tamoxifen resistance
in breast cancer and imatinib resistance in chronic myeloid leukgthés et al.

2015; Irwin et al. 2015) Another member of the SFKs, Src, demonstrated
hyperphosphorylation on serine 17 in drug resistant myeloma cells. Phosphorylation
of Src at this site by PKA has been implicated in the activation of the small GTPase
Rapl which is involved in cell adhesion and extracellular siggglated kinases
(ERKS) (Obaraet al. 2004) The role of Rapl in regulating integrin activation has
resulted in studies suggesting the targeting of Rapl to combat@QRShain and
Dalton 2001; de Bruyet al.2002; Emmonet al.2011) Rap1l levels, which showed

a greater than-fbld increase in Group 4 samples compared to Group 1 samples,
have also been linked to chemotherapy response in breast cancer whereby increased
Rapl levels predict a poor resporiEbattaret al. 2019) Therefore, PKAmediated
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Src phosphorylation and subsequent activation of Rapl may represent a mechanism

of drug resistance in MM.

Certain phosphorylation sites were uniquely hymohyperphosphorylated based on
response to individual drugs. For example, phosphorylation of S9 and S44 on
HMGA1 was increased in samples considered most sensitive to the PYK2 and FAK
inhibitor, PF431396 One study reported a role of HMGAL in regulating the
urokinase plasminogen activator syst@mthe secretome of breast cancer cells.
Interestingly, silencing of HMGAL resulted in a dowegulation of FAK, one of the
main transducers afrokinase plasminogen activator systsignalling (Resminiet

al. 2017) Furthermore, a long nexoding RNA regulated by FAK,INC01614 was

found to promote colorectal cancer via the modulation ohilie217-5p/HMGA1L
axisand subsequently increased abundance of HM(&#4shnubalajiet al.2019; Jia

et al. 2023) These findings suggest a link between HMGA1 abundance and FAK
activation; therefore, increased abundance of phosphorylated HMGA1 may indicate
increased FAK activity, and consequently increased susceptibility to FAK inhibitors
such aPF 431396

Of the phosphorylation sites found to be hypo hyperphosphorylated in this
study, the impact of many of these phosphorylation events on protein function is
poorly understood. Our study identifies phosphorylation sites that warrant further
investigation to determine their effect on protein function and their potential role in
drug resistance or MM pathogenesis. For example, tyrosine protein kinase BAZ1B
phosphorylation at S1468 was increased in bortez@ensitive myeloma cells. An
RNA interference screen identified the BAZ1B gene as a bortezomib sensitizer in
MM, however, the effect of S1468 phosphorylation on the function of BAZ1B is
unknown(Zhu, Tiedemannret al.2011) Although phosphorylation events including
dematin S16,drge prolinerich protein BAG6S1081, and kalirin S1799, are listed in
the PhosphoSitePlus databaseany have only been identified in large scale mass
spectrometry phosphoproteomic analyses with limited information on their roles in

protein function and biological processes.

This study useeéx vivodrug sensitivity resistance testing to stygpatients based on
their response to a panel or individual drugs. Howeves,important to note thagx

vivo chemosensitivity assays have limitatiotisat must be consideredhen
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interpretingresults.Only plasma cells are incubated and assessed as part of this
approach. Althouglihe cells were incubated with stromal cell conditioned media
cell-to-cell contact and contact with the extracellular matrix could not be recreated
which likely influence theex vivo drug responses observed during the assay.
Furthermorejn this assay, only drugs that act directly on the tumour cells can be
evaluated and not thogkat target the microenvironme(Zhang, Ji,et al. 2022)
Nevertheless, a comparison iof vitro data with clinical outcomes has shown a
predictive accuracy of B6-80% for drug sensitivity andover 90% for drug
resistance(Volm and Efferth 2015)Furthermore, thisassayfacilitates the rapid
assessment ofhe impact of hundreds of drugs at several concentrations on

individual patient sampledlajumderet al.2017)

Our discovery phosphoproteomics analysis to predict drug response in MM patients
provides a datasetith valuable information for future predictive biomarker studies
and mechanistic studie®\s depicted inFigure 3.11, bioinformatic analysis of
phosphoproteomic datasetan identify central kinases and moiifsolved in drug
response whichepresent validhterapeutic targets testore drug sensitivity in MM
patients Ex vivo drug seasitivity platforms are not widely available andequire
additional resoures,instrumentationand adapted protocals be establisheth new
locations.As few clinical research groups have accesgxovivodrug screeimg
platftorms, the integration of molecular profiling strategies such as
phosphoproteomics to establish predictive biomarker panels that act as surrogate
markers ofex vivo drug sensitivity resistance testing crucial to expand the
application of this precision medicine approaghlimitation of the ex vivodrug
screening approach used in this study is that monoclonal antibodies cannot be
evaluated on this platform. As immunotherapies have become key players in MM
treatment regimens, the investigation of sensitivity/resistance to immunotherapies
would be beneficial. Furthermore, evaluation of molecular biomarkers associated
with sendiivity/resistance to combination therapies such as
bortezomib/lenalidomide/dexamethasone, which are commonly used in a clinical
setting will help to identify the most clinicallyelevant biomarkers for future
validation. To validate our findings, large scale studies with sufficient statistical
power are required to translate these preclinical findings into clinically relevant

predictive assaysA largescalecomprehesive study combining extensive clinical
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data on outcomeand cytogenetics with DSRT and downstream omics technologies
would undoubtedhaid in the translation on the results presented in this chapter to

the clinical setting
3.5 Conclusion

In conclusion, this work confirms that the combination of phosphoproteomicsxand
vivo DSRT can provide insight into the biological mechanisms associated with drug
resistance/sensitivity. Several wdlbcumented mechanisms of resistance were
identified in this study, reaffirming our confidence in the use of this approach to
detect novel resistance mechanisms and predictive biomarkers of drug response. Our
results indicate an increase in eatlhesion associated processes and a decrease in
cell growth via decreased protein translation in rrditig resistant myeloma cells
based onex vivoDSRT. Phosphorylation sites and kinases associated with drug
resistance were identified and further studies should investigate the potential
involvement of these kinases in the development of resistance to the individual drugs
analysed in this study. Although information on the biological functions of many of
the phosphorylation sites identified in this study are limited, it is hoped that future
studies evaluating the impact of these phosphorylation events on biological
processes will provide insight into the potential links between these phosphorylation

patterns and drug resistance.

115



Chapter 4

Using untargeted and targeted
plasma proteomics to identify plasma
biomarkers of therapeutic response
based onex vivodrug sensitivity

resistance testing
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4.1 Introduction

Drug resistance remains one of the biggest challenges facing the effective treatment
of multiple myeloma patients. Although some patients achieve a prolonged response
following treatment, many patients successively relapse and become refractory to
current myeloma therapeutics. Many MM patients receive 5 or more lines of therapy,
and the length of remission is often reduced following each sequential relapse
(Kumar et al. 2004; Rajkumar and Kumar 2020fhis highlights the need for
biomarkers of therapeutic response in MM to ensure patients receive a drug
combination that they are most likely to respond to. Biofluids represent an ideal
source of predictive markers of therapeutic response and markers to monitor drug
response during treatment. Specifically, collecting serum and plasma is inexpensive
and minimally invasive when compared to the collection tumour cells from the bone
marrow of MM patients. In addition, monitoring plaserived biomarkers of drug
sensitivity or resistance is easily implementable in clinical settifiysnphy,

06 Ma h ecnak2p21)

With the current availability of over 20 FDApproved MM therapies, it is crucial to

be able to determine which drug or drug combination a patient will respond best to in
order to prolong the duration of remission and improve patient outcomes. Functional
precision medicine has garnered increasing attention in recent years as a method to
guide clinical decision making in a personalized manner. Functional precision
medicine in oncology often refers to the use oéawivodrug screening approach to
evaluate the therapeutic efficacy of numerous drugs on live tumour (telisi

2022) The use okx vivoDSRT has shown promise in a variety of hematological
malignancies. A recent clinical trial investigating theability of ex vivo drug
sensitivity testingfor selecting acute myeloid leukemia (AMlpatiens who are
responsiveo venetoclax therapyielded excellent results with venetoclax sensitivity
testing being successful in 38 of the 39 AML patients evalu@adsanmaékiet al.

2022) This highlights the clinical usability of this approach to guide personalized

therapeutic decisiomaking.

Studies have usegk vivodrug screening to evaluate mechanisms of drug resistance
and to identify biological markers of drug sensitivity/resistance using genomics,

transcriptomics, and proteomi€Sierney, Bazou, Majumdegt al. 2021; Ntafoulis
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et al. 2023) In MM, numerous molecular biology techniques have been combined
with ex vivodrug screening approaches to investigate drug response. A recent study
reported a singleell imagebasedex vivodrug testingapproach as a clinically
relevant strategy to improve treatment decisaking in MM. The data obtained
from this approach, termgzharmacoscopycan be used to detect novel biomarkers

of drug response and facilitates patient stratificatimopivseket al.2023) Another

ex vivodrug sensitivity screenintpund that a gain(1g21) cytogenetic abnormality
was associated with decreased sensitivity to the-B@ihibitor, venetoclax, while

the presence o& t(11;14)translocation was associated with increased sensitivity to
venetoclax (Giliberto et al. 2022) Tierney and colleagues identified protein
signatures associated with drug response to five drugs from different drug classes
based orex vivoDSRT (Tierney, Bazou, Majumdeet al.2021) A high-throughput

drug screening of 25 RRMM patients identified genetic mutations in 12 genes linked
to ex vivo sensitivity or resistance to 21 drugs. Furthermore, differential expression
of over 100 genes was correlated with thevitro cytotoxicity of numerous drugs
analysed as part of the higfroughput drug scrediCoffey et al.2021) Using an ex

vivo drug testing approach, increased expression of aminopeptidases in MM plasma
cells has been linked to melflufen sensitiviiettinen et al. 2021) In addition to
detecting markers of drug responeg,vivoDSRT has also proved to be a valuable
method in the identification of synergistic drug combinations in (Bddalaguntat

al. 2020; Gilibertoet al.2022)

Although meaningful efforts are being made to apply a functional precision medicine
approach to clinical settings, there are many challenges that must first be addressed.
Firstly, ex vivo DSRTassays requir&resh viable tumour biopsiesvhich must be
evaluated in a timely manner to ensure limited biological variation and cell death
during storage and transportation. Thus, adequate sample handling protocols must be
established in a clinical setting to facilita#® vivo DSRT A sufficient number of
tumour cells must be obtained from patients to perform the assay. Furthermore,
results of theex vivo DSRTassay mst be communicated to clinicians within an
adequate time frame to ensure these results can contribute to the clinical decision
making procesglLetai et al. 2022) The studies described above have focused on
evaluating biopsied tumour tissues and isolated tumour cells to identify drug

sensitivity/resistance mechanisms and biomarkers of drug response. As these studies
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have successfully identified potential biomarkers, we hypothesized that blood plasma
collected on the same date as tumour biopsies subjeceedwiwoDSRT could be
analysed to identify potential circulating markers of drug sensitivity or resistance. As
the limitations associated witkex vivo DSRT may affect widespread clinical
application, the identification of surrogate markers in blood may constitute a method
of predicting drug response that can be easily implemented in a clinical setting.
Thus, in this pilot study, an untargeted mass spectrorhesgd analysis and a
targeted proximity extension asshbgsed analysis was performed to identify

potentialsurrogate markersf ex vivoDSRTin MM plasma.
4.2 Experimental design and methods

The development of drug resistance remains the most prominent issue facing the
successful treatment of MM patients. To improve risk classification and treatment
decisionmaking, a precision medicine approach is required with robust and sensitive
biomarkers to predict the likelihood of an individual patient responding to specific
drugs or drug classes. As the process of obtaining bone marrow biopsies from
patients is invasive and painful, identifying minimally invasive biomarkers in

biological fluids is preferre@Aberuyiet al.2020)
4.2.1 Patient samples

A total of 44 EDTA plasma samples were obtained from the FHRB in Finland.
Samples wereollectedfrom MM patients(n=41) on the same date as bone marrow
aspirates which were subjectd®& vivodrug sensitivity resistance testing at M
Therefore, correspondirgx vivodrug sensitivity data is available for all 44 samples.
Longitudinal samples were collected from three patieBtanple collection, with
informed consent, took place betwe2@l3 and 2019 Patient characteristics are
summarised infable 4.1 The median age of the cohort is 65 and it includes 20
malesand 21 females. No exclusion criteria were applied to the patients. Details
surrounding the treatment course of the patient cohort are outlin€édbie 4.2
Cytogenetics found on the sampling date are illustratedrigure 4.1. No
cytogenetics data was available for patients MM _6931, MM _ 7171 01,
MM_7171_05, MM_6948, MM_4691, MM_7904, and MM_4774. One sample
(sMM_6369) was collected at the time of diagnosis of smouldéfivig
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Table 4.1: Clinical characteristics of patient cohort. Table illustrating patient ID, age at
sample date, gender, heavy chain composition, and light chain composition of each patient.

Patient ID
MM 1910
MM_6931

MM_7171_01
MM_7171_05

MM_1926
MM_3792

MM_1878 03
MM_1878 10

MM_6948
MM_6261
MM_7276
MM_7281
MM_7396
MM_7566
MM_4534
MM_4691
MM_7904
MM_8095
MM_7968
MM_7983
MM_6211
MM_8694
MM_8728
MM_1152
MM_933

MM_5207
MM_4981
MM_4865
MM_4783
MM_4774
MM_156

MM_921

MM_3767
MM_917

MM_8825
MM_3717
MM_3586
MM_1994

MM_911 13
MM_911 14

MM_4312
sMM_6369
MM_6463
MM_3129

Age at Sample Date

63
61
69
70
67
68
67
67
26
51
64
76
50
54
65
70
53
77
63
65
63
75
73
54
74
83
65
66
53
78
67
64
54
63
69
53
60
68
68
69
65
60
76
64

Gender
Female
Male
Male
Male
Female
Male
Male
Male
Female
Male
Female
Female
Male
Male
Female
Female
Female
Male
Male
Male
Female
Female
Male
Female
Male
Female
Female
Male
Male
Male
Female
Female
Female
Male
Female
Male
Male
Female
Female
Female
Female
Female
Male
Male
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Heavy chain
[o[€;
IgA

Unknown
Unknown
[o[€
IgG
IgA
IgA
Unknown
IgG
Unknown
IgA
1gG
lgG
Unknown
lgG
Unknown
IgA
1gG
lgG
Unknown
IgG
IgG
IgA
IgA
IgA
Unknown
Unknown
Unknown
IgA
IgA
Unknown
IgA
IgG
IgA
Unknown
Unknown
IgG
IgA
IgA
IgG
IgA
IgA
IgG

Light chain
Kappa
Lambda

Unknown
Unknown
Kappa
Kappa
Kappa
Kappa
Kappa
Kappa
Kappa
Kappa
Kappa
Kappa
Lambda
Kappa
Unknown
Kappa
Kappa
Lambda
Kappa
Kappa
Lambda
Lambda
Lambda
Lambda
Kappa
Kappa
Kappa
Kappa
Kappa
Lambda
Lambda
Kappa
Lambda
Kappa
Kappa
Lambda
Lambda
Lambda
Lambda
Lambda
Kappa
Kappa



Table 4.2: Details of treatment course of each patient within the cohort.Table
illustrating the disease status at the time of sampling, stmext line of treatment, all lines
of treatment, and the deepest response in next line of treatment.

Disease
status Name of 1st
Patient ID at next line
sample treatment
date
MM_1910 PD Drug study Pom/Dxm PR
treatment Pom/Cpm/Dxm
MM_6931 PD NA NA NA
MM_7171 01 PD Radiotherapy Drug study treatment PD
MM_7171_ 05 PD Exitus
MM_1926 PD Drug study Drug study treatment Minimal
treatment Pom/Dxm response
Pom/Cpm/Dxm
MM_3792 PD NA NA NA
MM_1878_03 PD NA NA NA
MM_1878_10 PD NA NA NA
MM_6948 PR Bor/Cpm/Dxm Bor/Cpm/Dxm PR
Cpm
Car/Dxm
HD-Melphalan (ASCT)
Bor/Cpm/Dxm
Len
Len/Dxm
Len
Len/Dxm
MM_6261 PD Dara/Dxm/Len Dara/Dxm/Len/Bor VGPR
/Bor Cis/Cpm/Dxm/Dox/Eto/Len
Cis/Cpm/Dxm/Dox/Eto/Pom
MM_7276 Dg Bor/Dxm Bor/Dxm VGPR
Bor/Cpm/Dxm
Mobilization (Cpm)
HD-Melphalan (ASCT)
MM_7281 Dg Bor/Mel/Pred Bor/Mel/Pred PR
Len/Dxm
Len
Len/Dxm
MM_7396 Dg Bor/Cpm/Dxm Bor/Cpm/Dxm PR
Mobilization (Cpm)
HD-Melphalan (ASCT)
Bor/Dxm/Len
Len
MM_ 7566 Dg Ixa/Len/Dxm Ixa/Len/Dxm PR
HD-Melphalan (ASCT)
Ixa/Len/Dxm
Len
MM_4534 Clinical Bor/Dxm/Len Bor/Dxm/Len VGPR
relapse Pomal/Cpm/Dxm
Car/Dxm
MM_4691 PD Car/Len/Dxm Car/Len/Dxm sCR
Len/Dxm
Dxm

Deepest

Names of all next line response in
treatments next line
treatment
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Patient ID

MM_7904
MM_8095

MM_7968

MM_7983
MM_6211

MM_8694

MM_8728
MM_1152

MM_933

MM_5207

MM_4981

Disease
status
at
sample
date

Dg
Dg

Dg

NA
PD

Dg

Dg
Clinical
relapse

PD

Dg

Dg

Name of 1st
next line
treatment

NA

Bor/Dxm

Ixa/Len/Dxm

NA
Bor/Dxm/Len

Bor/Dxm/Len

NA
Len/Dxm

Bor/Cpm/Dxm

Bor/Dxm

Bor/Dxm
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Names of all next line
treatments

Dara/Dxm/Len
NA
Bor/Dxm
Radiotherapy
Len/Dxm
Len
Ixa/Len/Dxm
Mobilization (Cpm)
HD-Melphalan (ASCT)
Ixa/Len/Dxm
Len
Car/Len/Dxm

Drug study treatment
NA
Bor/Dxm/Len
Dara/Dxm/Len
HD-Melphalan (ASCT)
Dara/Dxm/Len
Dara
Car/Dxm
Bor/Dxm/Len
Len/Dxm
Len
NA
Len/Dxm
Radiotherapy
Len/Dxm
Len
Len/Dxm
Dxm
Car/Dxm
Pom/Cpm/Dxm
Bor/Cpm/Dxm
Bor/Dxm
Venetoclax
Benda/Pred
Car/Dxm
Bor/Dxm
Mel/Pred
Bor/Dxm
Radiotherapy
Bor/Cpm/Dxm
Mobilization (Cpm)
HD-Melphalan (ASCT)
Dara/Dxm/Len
Dara
Dara/Bor/Dxm
Pom/Cpm/Dxm
Pom/Dxm
Ixa/Dxm/Pom

Deepest
response in
next line
treatment

NA
VGPR

VGPR

NA
PD

VGPR

NA
VGPR

SD

PR

PR



Patient ID

MM_4865

MM_4783

MM_4774

MM_156

MM_921

MM_3767

MM_917

MM_8825

MM_3717

MM_3586

Disease

status Name of 1st
at next line
sample treatment
date
Dg Bor/Cpm/Dxm
Dg Bor/Cpm/Dxm
PD Cis/Cpm/Dxm
/Dox/Eto/Len
PD Radiotherapy
PD Len/Dxm
Dg Bor/Dxm/Len
PD Bor/Dxm
Dg Ixa/Len/Dxm
Dg Bor/Dxm
Dg Bor/Dxm/Len
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Names of all next line
treatments

Radiotherapy
Car/Dxm
Radiotherapy
Bor/Cpm/Dxm
Mobilization (Cpm)
Len/Dxm
HD-Melphalan (ASCT)
Bor/Cpm/Dxm
Radiotherapy
Cpm/Dxm
Mobilization (Cpm)
HD-Melphalan (ASCT)
Len
Dara/DxmCar
Len/Dxm
Dara/DxmCar
Dara/Dxm
Len/Dxm

Cis/Cpm/Dxm/Dox/Eto/Len

Radiotherapy
Bor/Dxm/Len
Len/Dxm
Len/Dxm
Len/Dxm
Cpm/Pred
Len/Dxm
Len/Dxm

Dxm
DLI (x2)
Len/Dxm
Len
Car/Len/Dxm
Len/Dxm
Dara
Bor/Dxm/Len
Mobilization (GCSF)
Bor/Cpm/Dxm
HD-Melphalan (ASCT)
Bor/Dxm
Bor/Dxm/Len
Ixa/Len/Dxm
Mobilization (Cpm)
HD-Melphalan (ASCT)
Bor/Dxm
Mobilization (Cpm)
Bor/Dxm/Len
HD-Melphalan (ASCT)
AlloHSCT(Flud/Treo)
Bor/Dxm/Len

Deepest
response in
next line
treatment

VGPR

VGPR

PR

PD

PR

PR

SD

VGPR

VGPR

PR



Patient ID

MM_1994

MM_911 13

MM_911 14

MM_4312

sMM_6369

MM_6463

MM_3129

Disease

status
at
sample
date

PD

PD

PD

PD

Dg

Dg

PD

Name of 1st
next line
treatment

Bor/Cpm/Dxm

Bor/Dxm

Names of all next line
treatments

Mobilization (GCSF)
HD-Melphalan (ASCT)
Len
Bor/Dxm
Bor/Cpm/Dxm
Bor/Dxm
Benda/Pred
Benda/Pred
Bor/Cpm/Dxm
Bor/Dxm/Len
Bor/Cpm/Dxm/Len
Dxm
Bor/Dxm
Bor/Dxm/Len
Len/Dxm
Bor/Dxm/Len
Radiotherapy

Cis/Cpm/Dxm/Dox/Eto/Len

Bor/Dxm/Len

Bor/Dxm/Len
Len/Dxm
Bor/Dxm/Len
Radiotherapy

Cis/Cpm/Dxm/Dox/Eto/Len

Bor/Dxm/Len

Ixa/Len/Dxm

Dxm

Benda/Bor/Pre
d
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Bor/Dxm/Len
Ven
Ven/Bor/Dxm
Benda/Pred
Radiotherapy
Ixa/Len/Dxm
Mobilization (Cpm)
HD-Melphalan (ASCT)
Ixa/Len/Dxm
Len
Bor/Cpm/Dxm
Bor/Dxm
Dara/Pom/Dxm
Dxm
Radiotherapy
Len/Dxm
Bor/Dxm/Len
Car/Len/Dxm
Car/Pom/Dxm
Car/Cpm/Pom/Dxm
Benda/Pred
Benda/Dxm/Len
Benda/Bor/Pred
Bor/PegDoxo/Dxm
Pom/Dxm

Deepest
response in
next line
treatment

PD

PR

VGPR

PR

PR

PR

SD



Abbreviations: PD, progressive disease; Pom, pomalidomide; Dxm, dexamethasone;
Cpm, cyclophosphamide; PR, partial response; Bor, bortezomib; Car, carfilzomib;
HD-Melphalan, highdose melphalan; ASCT, autologous stem cell transplantation;
Len, lenalidomide; Dara, daratumumab; Cis, cisplatin; Dox, doxorubicin; Eto,
etoposide; VGPR, very good partial response; Dg, diagnosis; Mel, melphalan; Pred,
prednisone; Ixa, ixazomib; sCR, stringent complete response; Benda, bendamustine;

SD, stable disease; -GSF, granulocyteolony stimulating factor; DLI, donor

lymphocyte infusion; AlloHSCT, allogeneic hematopoietic stem cell transplantation;
Flud, fludarabine; Treo, treosulfan; Ven, venetoclax; PegDoxo, pegylated liposomal

doxorubicin.

Trisomy 1

Trisomy 4

Trisomy 5
Trisomy 9
Trisomy 11| [N ||

Trisomy 12

N NN

Trisomy 13
Trisomy 14

Trisomy 15

Trisomy 17

Trisomy 20

Monosomy 12

Monosomy 16

del(13g)/-13
del(17p13)-17

del(14932)
del(11922)/-11

14932 gain
1q gain
1p32/1p36 loss

o |

t(14;20)

t(4;14)

;j

t(11;14)

o

1(6;14)

t(14;16)

t(14932)

MM_1926
MM_3792
MM_1878_03
7276
MM_921
MM_3767
3717

MM_4981
MM_4865
MM_4783

MM_917
MM_8825

MM_1910
MM_1878_10
MM_6261
MM
MM_7281
MM_7396
MM_7566
MM_4534
MM_8095
MM_7968
MM_7983
MM_6211
MM_8694
MM_8728
MM_1152
MM_933
MM_5207
MM_156
MM

MM_3586
MM_1994

MM_911_02
MM_3129

MM_911_12

MM_4312

MM_6369
MM_6463

Figure 4.1: Cytogenetic data from sampling date of patient cohortCytogenetics

data was available for 37/44 samples collected.

4.2.2 Label-free mass spectrometry analysis of MM plasma

To reduce ion suppression, high abundant plasma proteins were depleted prior to

mass spectrometry analysis using the Proteome Purify 12 Human Serum Protein

Immunodepletion Resin (R&D Systems, Minneapolis, MN, USA), as described in

Chapter 2. Briefl 10 €L of

Yy,

pl as ma

for 60 min on a rotary shaker. The mixture was transferred te)Sflter units and

wa s

centrifuged. Protein concentration of the immunodepleted plasma was determined
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using the Qubit protein assay. Protein digestion was performed using the FASP
protocol, as described in Chapter 2. A total pf®f protein was digested at a 1:25
enzymeto-protein ratio. The tryptic digest was acidified at & fdatio using 2%

TFA, 20% ACN.

Mass spectrometrgnalysis was performed using the Thermo UltiMate 3000 nano
system directly coupled 4line with the Thermo Orbitrap Fusion Tribrid mass
spectrometer. The maximum loading amount, equivalend@®rg of protein was
loaded onto the systenReptides were resolved on an analytical column using a
binary gradient. The mass spectrometry analysis was performed as described

previously (Chapter 2).
4.2.3 Data analysis of mass spectrometry results

Raw files containing quantitative information from the mass spectrometry analysis
were analysed usindg’rogenesis QI for Proteomics (version )2.®roteome
Discoverer 2.2 was employed for peptide and protein identification using a recently
downloaded UniProtKB-SwissProt Homo Sapienseference database Search
parameters for protein identification are described in Chapter 2. Contaminating
keratins were removed from the analy$tsotein identifications were deemed to be

of differential abundance based on aaNOVA p-v al ue of O 0.05
experi ment al g r o3lbgtveeen experimentalgiowps, gretein® with .

O 2 unique peptides contributing to the
70% of samplesPerseus v.1.5.6.vas used for visualisation of heatmaps. To
generate STRING proteiprotein interaction networks, the accession numbers of
significant proteins were inputted into the online STRING platform. fiteraction

score was set to high confidence (>0and protein networks were exported to
Cytoscape (version 3.10.0) for visualizatiand functional enrichment using the

stringApp.
4.2.4 Targeted proteomic analysis using the Olink Target 48 panel

Plasma concentrations of 45 cytokines in MM (n=26) with varying drug response
profiles based oex vivoDSRT were evaluated using the Olink Target 48 panel, as
described in Chapter 2. As the resulting data was not normally distributed, a

KruskatWallis test and twesided Wilcoxon rank sum tests were performed using
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the R package, Olirtk Analyze. Graphs were generated usi@gaphpad Prism
(8.0.2.263) Spearman rank correlation analysis was performed using MedCalc
(version 20.118).

4.3 Results

4.3.1 Stratification of plasma samples based orex vivo drug sensitivity

resistance testing

Based on the results ek vivodrug sensitivity resistance testing on matched CD138
myeloma cells, plasma samples were stratified into one of four groups: Group 1,
very sensitive; Group 2, sensitive; Group 3, resistant; and Group 4, very resistant, as
described previouslf{Majumder et al. 2017; Tierney, Bazou, Majumdeet al.
2021) The groups are listed ifable 4.3 To determine the relationship between the
chemosensitivity groups and overall survival, a-tagk test was performed and
demonstrated a significant change in overall survival (OS) between the grogps (
rank =9.511 p = 0.@3) (Figure 4.2). Despite being associated with drug sensitivity,
OS wasshortestin Group 1 patients. This is in line with previous publications
reporting decreased OS in Group 1 pati€éMajumderet al.2017; Tierney, Bazou,
Majumder,et al. 2021) Previous workhas shown that Group 1 patisrdisplayed a
higher mutational loadwith elevated expressions of genes involved in DNA
replication and selfrenewal. Tis indicated highly proliferative disease and may
explain the decreased OS associated with Group 1 pati¢ajismder, 2018)
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Table 4.3: Sample groupings based oex vivodrug sensitivity/resistance.Samples were
grouped based aex vivoDSRT results, as describad(Majumderet al.2017)

Group 1 Group 2 Group 3 Group 4
MM_3792 MM_4783 MM_7904 MM_1152
MM_6931 MM_7171_01 sMM_6369 MM_1994
MM_911 13 MM_7276 MM_917 MM_3767
MM_4691 MM_4981 MM_156 MM_3717
MM_8095 MM_6211 MM_3586 MM_6948
MM_4534 MM_8825 MM_921
MM_4312 MM_1926 MM_4865
MM_7983 MM_7396 MM_7281
MM_6261 MM_5207 MM_7566
MM_7171_05 MM_911 14 MM_7968
MM_4774 MM_6463
MM_933
MM_1910
MM_8694
MM_8728
MM_1878_03
MM_1878_10
MM_3129
10 O: ) == Group 1
g . lIL._._ == Group 2
E ) ~= Group 3
2 - — —— Group 4
@ 50 '
c 4
g ’ -Il .
g
OtV T
0 100 200 300

Overall Survival from Diagnosis (Months)

Figure 4.2: Clinical information on the overall survival of the four chemosensitivity
groups. Survival graph illustrating the difference in overall survival between Group 1,
Group 2, Group 3, and Group 4. The Hd@ak test was applied to compare the trend in
overall survival between the four groups.
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4.3.2 Plasma proteomic analysis using labdree LC-MS/MS

4.3.2.1Statistical analysis reveals a change in the plasma proteome between the

four chemosensitivitygroups

To evaluate the plasma proteomic changes between the four chemosensitivity
groups, we compared the abundance of plasma proteins identified-MSINES. A

total of 45 plasma proteins were SSDA across the four groups (ANGV&#ue <

0.05, FC > 1.3)Table 4.4. As Groups 1 and 2 are linked to drug sensitivity while
Groups 3 and 4 are associated with drug resistance, we compared the proteomic
profile of Groups 1 and 2 combined versus Group 3 and 4 combined to identify
proteins with a clear trend of upwards or downwards abundance across the
chemosensitivity groupsTéable 4.5. A total of 16 SSDA proteins were identified
between the sensitive group (1&2) and resistant group (3&4).

Table 44:. Proteins of differential abundance between the four chemosensitivity
groups. Statistically significantly differentially abundant proteins are defined by the criteria:
ANOVA p-value < 0.05, FC > 1.3.

Highest Lowest

. Gene Protein Max fold
Protein name mean mean P-value
name ID . . change
condition condition
Complement C5 C5 P01031 Group1l Group4 1.43 0.0%

Fibrinogen beta
chain

Fibrinogen gamma
chain

von Willebrand
factor

AlphalB-
glycoprotein
Serum amyloid &2

FGB P02675 Groupl Group 2 1.82 0.026
FGG P02679 Groupl Group 2 1.75 0.018
VWF P04275 Groupl Group 2 4.34 0.009
A1BG P04217 Groupl Group4 1.9 0.05

SAA2 PODJI9 Groupl Group?2 7.54 0.045

protein

Plasminogen PLG P0O0747 Group1l Group4 1.95 0.048
Fibronectin FN1 P02751 Groupl1l Group4 3.7 0.002
BetaAlaHis

dipeptidase CNDP1 Q96KN2 Group1l Group 4 4.31 0.016
fgg"p"pmte'” B APOB  P04114 Group2 Groupl  1.38  0.043

Heparin cofactor 2  SERPIND: P05546 Group2 Group 1 1.34 0.013
Apolipoprotein AlV APOA4 P06727 Group?2 Group4 1.76 0.041

Ficolin3 FCN3 075636 Group2 Group4 2.03 0.0002
Transthyretin TTR P02766 Group3 Group 4 1.73 0.00®
Selenoprotein P SELENOF P49908 Group3 Group1l 1.77 0.02

Vitamin Bbinding

protein GC P02774 Group3 Group 4 2.08 0.018
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. Gene
Protein name
name

Complement C3 C3
Flbr_lnogen alpha FGA
chain
Ceruloplasmin CP
Apolipoprotein Al APOA1
Complement CGA C4A
Gelsolin GSN

Complement factor E ~ CFB
Corticosteroid

binding globulin ~~ SCRTINA
Albumin ALB
Alpha2-antiplasmin  SERPINF:
Complement Cls

C1s
subcomponent
Thyro>_<|neb|nd|ng SERPINA'
globulin
Plasma kallikrein KLKB1
Apolipoprotein L1 APOL1
Attractin ATRN
C4bb|nd|n_g protein CABPA
alpha chain
Complement c9
component C9
AlphaZ-HS AHSG
glycoprotein
Complement C2 C2
Alpha1- . SERPINA!
antichymotrypsin
Complement

component C8 alpha  C8A
chain
Complement C1r

subcomponerdike C1RL
protein

Serotransferrin TF
Pregnancy zone P7P
protein

Prothrombin F2
Apolipoprotein All APOA2
Carbo>_<ypept_|dase N CPN1
catalytic chain

Lumican LUM
Complement Clq
subcomponent CclQcC
subunit C

Protein
ID

Highest
mean

condition

P01024
P02671

P00450
P02647
POCOL4
P06396
P0O0751

P08185

P02768
P08697

P09871

P05543

P03952
014791
075882

P04003
P02748

P02765
P06681
PO1011

PO7357

QINZPS8

P02787
P20742

P00734
P02652

P15169
P51884

P02747
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Group 4
Group 4

Group 4
Group 4
Group 4
Group 4
Group 4

Group 4

Group 4
Group 4

Group 4

Group 4

Group 4
Group 4
Group 4

Group 4
Group 4

Group 4
Group 4
Group 4

Group 4

Group 4

Group 4
Group 4

Group 4
Group 4

Group 4
Group 4

Group 4

Lowest
mean
condition
Group 3

Group 2

Group 1
Group 1
Group 3
Group 1
Group 3

Group 1

Group 1
Group 3

Group 2

Group 3

Group 1
Group 1
Group 1

Group 3
Group 2

Group 1
Group 1
Group 2

Group 1

Group 1

Group 1
Group 3

Group 3
Group 1

Group 1
Group 1

Group 3

Max fold
change

1.57
1.67

2.06
1.61
2.29
1.45
2.13

1.53

2.78
1.76

1.94

2.38

2.4
2.08
2.16

1.34
1.97

2.02
2.11
2.15

2.23

2.65

4.45
4.75

15
1.98

2.16
2.55

3.15

P-value

0.028
0.006

0.0001
0.008
0.024
0.004

0.0009

0.0@

0.018
0.00@

0.0008

0.003

0.00
0.001
0.001

0.04

0.003

0.002
0.008
0.03

0.005

0.0007

0.021
0.040

0.016
0.05

0.006
0.012

0.018



Table 45: Proteins of differential abundance between sensitive (Group 1&2) and
resistant (Group 3&4) groups. Statistically significantly differentially abundant proteins
are defined by the criteria: ANOVA-yalue < 0.05, FC > 1.3.

Protein name

Gelsolin
Alpha2-HS

glycoprotein
Fibrinogen alpha

chain
Alpha2-

macroglobulin

Attractin

Antithrombin-1l|

Kininogenl

Serotransferrin

Apolipoprotein B

100

Haptoglobin
Complement CGA
Fibrinogen beta

chain

Gene
name

GSN
AHSG

FGA

A2M

ATRN
SERPINC
KNG1

TF

APOB

HP
C4A

FGB

Apolipoprotein @V APOC4

Apolipoprotein E
Mannanbinding
lectin serine

protease 2

von Willebrand

factor

APOE

MASP2

VWF

Protein
ID

P06396
P02765

P02671

P01023

075882
P01008
P01042
P02787

P04114

P0O0738
POCOL4

P02675

P55056
P02649

000187

P04275

Highest
mean
condition
Group 3&4

Group 3&4
Group 3&4

Group 3&4

Group 3&4
Group 3&4
Group 3&4
Group 3&4

Group 1&2

Group 1&2
Group 1&2

Group 1&2

Group 1&2
Group 1&2

Group 1&2

Group 1&2

Lowest
mean
condition
Group 1&2

Group 1&2
Group 1&2

Group 1&2

Group 1&2
Group 1&2
Group 1&2
Group 1&2

Group 3&4

Group 3&4
Group 3&4

Group 3&4

Group 3&4
Group 3&4

Group 3&4

Group 3&4

Fold
Change

1.32
1.37

1.6

1.98

1.56

1.57

1.42
1.6

3.68

4.25
1.48

1.35

2.4
1.34

1.46

1.93

P-value

0.001
0.001

0.009

0.011

0.002
0.002
0.006
0.028

0.002

0.018
0.043

0.035

0.000
0.009

0.010

0.032

4.3.2.2Plasma samples can be stratified based on drug sensitivity scores related

to individual drugs

To identify plasma proteomic changes associated with response to individual drugs,

sampl es

wer e

strat.

fi

ed i

vivo DSRT of CD138 myeloma cells collected on the same sampling date as the

nt o

fiimostex sensi |

plasma samples in this stud¥igure 4.3). Patient samples with low DSS are

cons.

sensi

der ed

ti

veo

t o

i most

t he

resi
i ndi

stant O

Vi

dual

wher eas

drug

bei

t ho:
ng

study were selected based on the desire to incorporate drugs from a variety of drug

classes. The individual drugsalysed were selected independently of Chapéerd3

include bortezomib (proteasome inhibitor), lenalidomidi&liD ), dinaciclib (CDK

inhibitor), PF04691502 (PI3K and mTOR inhibitor), quisinostat (HDAC inhibitor),
venetoclax (BCL2 inhibitorand navitoclax (BCLZ2BCLXL inhibitor) (Figure 4.4).
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Bortezomib Lenalidomide Dinaciclib PF-04691502

Most Resistant | Most Sensitive Most Resistant Most Sensitive Most Resistant | Most Sensitive Most Resistant | Most Sensitive
MM_1152 MM_8694 MM_1994 MM_7171_01 MM_1994 MM_7171_01 MM_6948 MM_911_13
MM_1994 MM_6261 MM_3767 MM_6931 MM_3767 MM_7396 MM_1994 MM_6931
MM_3767 MM_7171_05 MM_3717 MM_8825 MM_6948 MM_8825 MM_7566 MM_3129
MM_6948 MM_3129 MM_1152 MM_8694 MM_3717 MM_6261 MM_933 MM_6211
MM_3717 MM_911_13 MM_6369 MM_7171_05 MM_1152 MM_4691 MM_3717 MM_7171_01
MM_4865 MM_156 MM_933 MM_1910 MM_4865 MM_4981 MM_3767 MM_7276
MM_7968 MM_3792 MM_6463 MM_6261 MM_8694 MM_3792 MM_4865 MM_4312
MM_933 MM_4783 MM_4783 MM_3792 MM_7968 MM_7171_05 MM_3586 MM_6261
MM_7281 MM_8825 MM_1878_03 MM_4774 MM_921 MM_7983 MM_7968 MM_7983
MM_7566 MM_4534 MM_917 MM_4312 MM_1910 MM_4534 MM_6463 MM_4534
MM_921 MM_7276 MM_8095 MM_4691 MM_6369 MM_4312 MM_1878_10 MM_3792
MM_7904
Quisinostat Venetoclax Navitoclax
Most Resistant | Most Sensitive Most Resistant | Most Sensitive Most Resistant | Most Sensitive
MM_1994 MM_8825 MM_6211 MM_8095 MM_1152 MM_917
MM_6948 MM_4534 MM_3586 MM_6463 MM_7171_05 MM_5207
MM_1152 MM_6931 MM_156 MM_7904 MM_4783 MM_8095
MM_921 MM_4981 MM_7171_05 MM_6931 MM_1878_03 MM_7281
MM_3717 MM_911_13 MM_6261 MM_917 MM_8825 MM_7968
MM_3767 MM_4774 MM_4981 MM_4534 MM_3586 MM_7904
MM_4865 MM_4312 MM_1878_03 MM_7396 MM_6261 MM_3717
MM_7904 MM_5207 MM_921 MM_5207 MM_4981 MM_4865
MM_7968 MM_6211 MM_4783 MM_4312 MM_1910 MM_6948
MM_7566 MM_8825 MM_3767 MM_4691 MM_156 MM_1994
MM_6463 MM_7983 MM_8694 MM_7983 MM_1878_10 MM_7983
Figure 4.3 Sample stratification into fiMost Resistant o and A Mostsed
Samples were stratified into AMost Resistanto and A Maedd mSseresstant
most sensitive, samples were separated into quartidtesRensiitsht a nhtc
fourth quartile being considered AMost Sensitiveo
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Figure 4.4 Comparison of dr ugmost eemssii ttii wigtast asncdo r fe
resi stanto groups associ aflesthtistigal comparesens for i@ ndi v
each group yielded-palues < 0.0001p >¥.0001 &6 * * * * § .
4.3.2.3Proteomic analysis of plasma based onsensitivity/resistance to
bortezomib
Proteomic anal ysi s of pl asma sampl es C C
resistanto to bortezomib revealed 37 pro

two groups (ANOVA pvalue < 0.05, FC > 1.3Bupp. File 4.3. Of these proteins,

16 were increased in abundance and 21 proteins were decreased in abundance in

plasma from patients highly resistant to bortezomib. Hierarchical

clustering was

performed on all identified SSDA proteins. LFQ intensity values westafe

normalised followed by clustering of the proteins using Euclidean distance and

average linkage Higure 4.5A). Proteinprotein interactions between the SSDA

proteins were evaluated using STRING analysis. As depictédgure 4.5B, many

of the SSDA proteins showed strong interactions with the identification of two

protein clusters associated with complement activation and lipid metabolism. This

indicates a potential change in the abundance of plasma proteins involved in

complement activation and lipid metabolism in MM patients with varying responses

to bortezomib.
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Most Sensitive Most Resistant

o

Z-Score

Figure 45: Label-f r ee quantitative proteomic ana
and fimost resistantodo to t he(ApHiemtchical slasterang
z-scored normalised LFQ intensity values for 37 SSDA proteins illustrating the alterai
plasma protein abundanc®)( Stri ng enrichment anal ysi-
test comparison of HAmost sensitived and
proteins increased in abundance in the
proteins decreased in abundance in the
associated with complement activation are circled in yellow. Nodes representing
associated with lipid metabolism are circled in green. Unconnected nodes were removed
figure.

4.3.2.4Proteomic analysis of plasma based on sensitivity/resistance to

lenalidomide

Proteomic anal ysi s of pl asma sampl es C C
r e s i s leaahdboniiderévealedl6 proteins of differential abundance between the

two groups (ANOVA pvalue < 0.05, FC > 1.3Bupp. File 4.3. Of these proteins,

11 were increased in abundance and 5 were decreased in abundance in plasma from
patients highly resistant to lenalidomide. Hierarchical clustering of SSDA proteins

was performed as described abok&(re 4.6A). Of the 16 proteins of differential
abundance between the two groups, 13 proteins are linked to vesdiated

transport Figure 4.6B).
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Most Sensitive Most Resistant
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Figure 4.6: Label-f r ee quantitative proteomic anal ys

sensitived and A mdsnunomodukatorg tragn lenalidomide. (A)h e
Hierarchical clustering of-gcored normalised LFQ intensity values for 16 SSDA proteins
illustrating the alterations in plasma protein abundar8g.Sfring enrichment analysis on

SSDAs identi fiteestvi @ongpairdiesnamsoft fimost sensi
|l enalidomi de groups. Red nodes represent pr
resistanto group, whereas blue nodes represe
resistanto group. Nodes r epr-eaedatedtiansgprt gger ot e i n
circled in pink.

4.3.2.5Proteomic analysis of plasma based on sensitivity/resistance to dinaciclib

Proteomic anal ysi s of pl asma sampl es C C
r e s i s tdimatitlib reveaed30 proteins of differential abundance between the

two groups (ANOVA pvalue < 0.05, FC > 1.3Bupp. File 4.3. Of these proteins,

16 were increased in abundance and 14 were decreased in abundance in plasma from
patients highly resistant to dinaciclib. As depictedrigure 4.7A, there is a clear

change in the abundance of the 30 significant plasma proteins across the two
chemoresistance groups. SN analysis found a highly connected protein network
including proteins associated with phosphatidylcholine binding being increased in
abundance in those most resistant to dinaciclib and prdiekasl to extracellular

matrix structural constituents being decreased in abundance in the plasma of those

most sensitive to dinacicligF-igure 4.7B).
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Figure 4.7. Label-free quanti t ati ve proteomic anal ysi s
sensitiveo and 0 nmeocdin depersléens kinase t(CDK) tinhibitdr, h

dinaciclib. (A) Hierarchical clustering of-gcored normalised LFQ intensity values for 30

SSDA proteins illustrating the alterations in plasma protein abunda®)e.Si{fing
enrichment analysis on -S&®Ascohpati §oerdofi an

and fAmost resistanto dinaciclib groups. Red
in the fimost resistantod group, whereas bl ue
i n t he Amost resistanto group. Nodes re

phosphatidylcholine binding are circled in purple. Nodes representing proteins linked to
extracellular matrix structural constituents are circled in green. Unconnected nodes were
removed from the figure.

4.3.2.6Proteomic analysis of plasma based on sensitivity/resistance to PF
04691502

Proteomic anal ysi s of pl asma sampl es C C
r esi s PROAGIIH0ZeVRaled?4 proteins of differential abundance between the

two groups (ANOVA pvalue < 0.05, FC > 1.3Bupp. File 4.4. Of these proteins,

14 were increased and 10 were decreased
04691502 group. The change in abundance of these proteins is illustré&igdrim

4 8A. Proteinprotein interaction analysis revealed a highly interconnected network
across all SSDAs. Proteins associated with-sgtistrate adhesion were decreased in
abundance and those associated with cholesterol metabolism were increased in

abundance in the fimost rkgsre48Bant 0 chemos
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Figure 48: Label-f r e e guantitative proteomic anal ys
sensitived and fAeBI3KtandrneTOR ishibdéon PH-04691502{Ah

Hierarchical clustering of-gcored normalised LFQ intensity values for 24 SSDA proteins
illustrating thealterations in plasma protein abundand®). $tring enrichment analysis on

SSDAs identi fiteestvi @ongpairdiesnamsoft imost sensi
PR0O4691502 groups. Red nodes represent pr ot e
resistanto group, whereas blue nodes represe
resistanto group. Nodes r eprsabstrate adhesign agr ot e i

circled in bright blue. Nodes representing proteins linked to cholesterol metabolism are
circled in red. Unconnected nodes were removed from the figure.

4.3.2.7Proteomic analysis of plasma based on sensitivity/resistance to

quisinostat

Proteomic anal ysi s of pl asma sampl es C C
r esi s tqasmostatrevealedl5 proteins of differential abundance between the

two groups (ANOVA pvalue < 0.05, FC > 1.3Bupp. File 4.5. Of these proteins,

11 were increased andwer e decreased in abundance i
quisinostaigroup. The change in abundance of these proteins is illustrakégure

49A. Proteinprotein interaction analysis revealed a highly interconnected network
across all SSDAd-our unconnected nodes were removed from the fiqRnateins

associated with cholester@fflux we r e i ncreased i n abunda
r e s i fguasmdstat groupHigure 4.9B).
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Figure 49: Labelf r ee quantitative proteomic anal
and Amost r es i-KAOA& mhibdor, tuisinostat.e(A) pliararchical clustering of-
scored normalised LFQ intensity values for 15 SSDA proteins illustrating the alterations in
protein abundance.Bj String enrichment anal ysi s-tes
comparison of imost sensitived and Amos
proteins increased in abundance in the

proteins decreased in abundance in the

associated with cholesterol efflux are circled in yellow. Unconnected nodes were remov
the figure.

4.3.2.8Proteomic analysis of plasma based on sensitivity/resistance to

venetoclax

Proteomic anal ysi s of pl asma sampl es
r esi s tvenetdclaxrevealedl?7 proteins of differential abundance between the
two groups (ANOVA pvalue < 0.05, FC > 1.3pupp. File 4.§. Of these protein®

were increased an8 wer e decreased i n abundance

venetoclaxgroup. The change in abundance of these proteins is illustrakegure
4.10A. Proteinprotein interaction analysis revealed a highly interconnected network

across all SSDAsThree unconnected nodes were removed from the fifuoteins

associated witleell activationweredecreasedl n abundance 1| ntot he

venetoclax group groug-igure 4.10B).
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Figure 410 Label-f r ee quantitative proteomic analys
sensitived and fimost resi stant(d) Hiemrchicah e BCL .
clustering of zscored normalised LFQ intensity values for 17 SSDA proteins illustrating the
alterations in plasma protein abundan&).%tring enrichment analysis on SSDAs identified

via Stueent &ompari son of fAmost sensitived a
Red nodes represent proteins increased in at
bl ue nodes represent proteins decreased in
representing proteins associated with cell activation are circled in purple. Unconnected nodes

were removed from the figure.

4.3.2.9Proteomic analysis of plasma based on sensitivity/resistance to navitoclax

Proteomic anal ysi s of pl asma sampl es C C
r esi s naitodlagreveéaled proteins of differential abundance between the two

groups (ANOVA pvalue < 0.05, FC > 1.3)Supp. File 4.3. Of these proteins}

were increased an8 wer e decreased in abundance i
navitoclaxgroup. The change in abundance of these proteins is illustrakegure

4.11A. Proteinprotein interaction analysis revealed a highly interconnected network
across all SSD# (Figure 4.11B).
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Figure 411 Labelf r ee quantitative proteomic analys
sensitiveodo and 0 mBCLL and BGLixls inhbibot, davitoctax . {Ah e
Hierarchical clustering of-gcored normalised LFQ intensity values fblSSDA proteins

illustrating the alterations in plasma protein abundar8g.Sfring enrichment analysis on

SSDAs identi fitedstvi @ongpaurdiesnamsoft fimost sensi
navitoclaxgr oup s . Red nodes represent proteins i
resistantao oup, whereas blue nodes represe

gr
resistmpnt o grou

4.3.3 Plasma proteomic analysis usingtargeted proximity extension assay

technology

Plasma proteomics by mass spectrometry is-kwedwn to be complicated due to the

high dynamic range of protein abundance whereby high abundance proteins make up
over 90% of the plasma proteome. Despite the application of immunodepletion,
immunoenrichment, and/or fractionation methods to remove high abundance
proteins, it is extremely difficult to detect low abundance proteins such as cytokines
in an MSbased plasma proteomic experiment. Therefore, we performed a targeted
analysis to detect the plasma concentrations of 45 cytokines in MM plasma patients
(n=26) stratified based oex vivo drug responses. The same individual drugs
analysed as part of our mass spectrometry analysis were evaluated. Statistical
analysis of cytokine concentrations in MM patients considered most sensitive and

most resistant to bortezomib did not yield any significant alteraffomgp. File 4.1.
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4.3.3.1Targeted analysis of cytokine concentrations across four
chemosensitivity groups

Across the four chemosensitivity groups, five cytokines were found to be statistically
significantly differentially abundant (KruskaVallis p-value < 0.05) Table 4.6
(Supp. File 4.8). Fmsrelated tyrosine kinase 3 ligan@LT3LG), ganulocyte
macrophage colony-stimulating factor (CSF2), Yymphotoxinalpha (LTA),
interleukin10 (IL-10), and interleuki¥rl5 (IL-15) demonstrated increased
concentrations in Group 1 MM patients when compared to the other chemosensitivity
groups Figure 4.12). As Group 1 MM patients typically have a reduced overall
survival, we evaluated whether increased levels of these five cytakieassociated

with reduced OS in this MM cohort. Patients were binarized into high and low
expression of the five cytokines, however survival analysis did not yield significant

changes in the OS of the high and low expression groups.

Table 46: List of significantly differentially abundant cytokines across the four MM
chemosensitivity groups.Statistical analysis was performed using pamametric Kruskal
Walllis tests followed by Wilcoxon pos$ioc analysis with Benjamistlochberg pvalue

adjustment. Significance is marked as foll ow

broteinname  C° \'fvr;ﬁiza': Glv Glv Glv G2v G2v G3v
name P~ G2 63 G4 G3 G4 G4

value

Fmsrelated

tyrosine kinase FLT3LG 0.014 * * * ns ns ns

3 ligand

Granulocyte

macrophage

colony CSF2 0.025 * * ns ns ns ns

stimulating

factor

Lymphotoxitt —y rp go25 *  x  +  ns  ns  ns

alpha

Interleukin 10 IL-10 0.025 0.0%4 * ns ns ns ns
Interleukin 15 IL-15 0.029 ns 0.0/ 0.083 ns ns ns
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Figure 412 Plasma concentrations of differentially abundant cytokines across
chemosensitivity groups.KruskalWallis statistical analysis identified FLT3LG, CSF2,
LTA, IL-10, and IL:15 as significantly differentially abundant-yjplue < 0.05). Significance
is based onWilcoxon posthoc analysis with Benjamisilochberg pvalue adjustment

Significance is markeds follows: pv al ue O 0. 05 6* 0.

4.3.3.2Evaluation of cytokine concentrations in MM plasma stratified based on

drug sensitivity/resistance to individual drugs

Targetedanal ysi s of pl as ma sampl es consi det
r e s i s tenalidbndiderevealedfive cytokinesof differential abundance between

the two groupsWilcoxon p-value< 0.05) Figure 4.13) (Supp. File 4.2. All five of

the cytokines were significantly increased in patients considered most sensitive to
lenalidomide.Regarding dinaciclib, two cytokines, namely LTA and1, were

i denti fied as SSDA Dbetween the fAmost S
(Figure 4.14) (Supp. File 4.3. LTA and IL-15 were significantly increased in the

plasma of patients considered most sensitive to dinaciclib. Targeted analysis of the
investigationaPI3K/mTOR dualinhibitor, PF04691502revealed CSF2, H15, and
FLT3LG as differentially abundant in the
sensitiveo andPR#91502Figure ¢.15s(Supm Eil® 4.4t All

three cytokines were significantly increased in most sensitive MM patient plasma.

142



MM patients most sensitive to quisinostat were found to have increased plasma
concentrations of H15 (p = 0.008)(Supp. File 4.5. Two BCL2 inhibitors, namely
venetoclax and navitoclax were evaluated to identify plasma cytokines associated
with drug response. Increased plasma concentrations of inted8uKih -1 ) and

matrix metalloproteinase 12 (MMP12) were associated with sensitivity to venetoclax
(Figure 4.16A) (Supp. File 4.9. For the dual BCt2 and BCILxL inhibitor,
navitoclax, increased levels of interlewrand colony stimulating factor 1 (CSF1)

were associated with sensitivitlyigure 4.16B) (Supp. File 4.7.

Figure 4.13. Plasma concentrations of cytokines identified as differentially abundant

bet ween groups considered Omost sensitivebo
Wilcoxon rank sum analysis identified LTA, CCL13, FLT3LG,-1D, and CXCL8 as
significantly differentially abundant {palue < 0.05). Significance is marked as follows: p

val ue O -Wal0obe 606Q. 01 6** * 6.
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