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1 INTRODUCTION

1 Introduction

Primary aim of this thesis is to form the bioinformatic basis for an implementation
of RNA-sequencing (RNA-seq) based transcriptome profiling in clinical routine appli-
cation, assessing risk stratification and potential targets in the malignant plasma cell
disease multiple myeloma.

This chapter is divided in six parts. First, the development of normal bone marrow
plasma cells is described. Second, a general introduction in multiple myeloma is given
comprising a clinical part, including signs and symptoms, treatment, and pathogene-
sis. Third, molecular profiling and diagnostics in malignant plasma cell diseases are
depicted. Fourth, risk assessment and classifications using molecular profiling and
fifth, the assessment of potential targets are described. At the end of this chapter, the

aims of this thesis are presented.

1.1 Plasma cell development

Bone marrow plasma cells (BMPC) are part of the adaptive immune system [170].
They develop from lymphoid progenitor cells via different intermediate states to B
cells, which leave the bone marrow and circulate between blood and peripheral lym-
phoid tissues [170]. If a so called "naive B cell" encounters the presentation of its
specific antigen in lymphoid organs, e.g. a surface structure of a pathogen, the B
cell starts to proliferate and matures to a so called "polyclonal plasmablastic cell"
(PPC) [170]. Subsequently, the PPC differentiate into memory B cells (MBC) and
plasma cells [170]. This process involves complex molecular changes [121, 170], in-
cluding repeated DNA rearrangements, e.g. somatic hypermutation and class switch
recombination, necessary for diversity and high affinity of immunoglobulins. Plasma
cells home in the bone marrow and interact with the local, adjacent microenvironment
[170, 189]. BMPCs are long living [121] and thus enable long term immunological
memory, continuously synthesising and secreting immunoglobulins (Ig, antibodies)
[170]. The latter recognises, binds and opsonises foreign antigens [170]. Thereby, the
complement system is activated, phagocytosis initiated, and the pathogen eliminated
[170]. The basic structure of such an Ig consists of two identical parts building an Y-
shaped protein. Each part is composed of a heavy and light polypeptide chain, forming
a constant region and the variable antigen binding-site [170]. There are five types of
Ig: A, D, E, G, M, each determined by their heavy chain type: «, 9, €, y, or u [170].
The light chain type is either k or A [170].

In physiological condition, plasma cells comprise is 0.1%-1% of nucleated cells in the

bone marrow [121, 189, 227]. This figure does not change significantly over time, as
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first, plasma cells do not proliferate and second, resident plasma cells in niches are in
constant competition with juvenile plasma cells [189]. Each new wave of plasma cells
dislocates a part of the resident plasma cell population from their niches, to an extent

keeping the total number of niched plasma cells identical [189].

1.2 Multiple myeloma

In this section, first multiple myeloma is introduced generally regarding epidemiology,
signs and symptoms, followed by a brief description of the treatment paradigms and of

the pathogenesis of the disease.

1.2.1 General introduction

Multiple myeloma is a haematological disease characterised by the accumulation of
malignant plasma cells in the bone marrow [214]. It represents approximately 1-2%
of all newly diagnosed cancer diseases and is the third most common haematolog-
ical cancer, after leukaemia and non-Hodgkin-lymphoma [106, 116]. The five-year
survival probability of multiple myeloma patients is about 50% [106, 116] and the ten-
year survival rate about 30% [116]. The lifetime risk of developing myeloma is 0.82%
[106].

Most myeloma patients initially visit a physician due to bone pain (67%) [118]. Further
unspecific clinical signs and symptoms are, for example, fatigue, weakness and weight
loss. For current standard of care diagnosis, blood, urine and bone marrow samples are
examined. Using electrophoresis, the monoclonal Ig (M-protein) in serum and urine
is determined and subsequently quantified. In an individual patient, the amount of
M-protein is a surrogate for the total number of malignant plasma cells, which pro-
duce and secrete this Ig [121, 129]. The total number of malignant plasma cells is also
called tumour mass. The bone marrow samples after aspiration are used for enumera-
tion of malignant plasma cells and molecular profiling (see section 1.3). Further rou-
tine diagnosis procedures include imaging techniques as whole-body computer aided
tomography, and whole-body magnetic resonance imaging for determining lytic bone
and focal lesions, respectively [93].

Regarding malignant plasma cell diseases, three consecutive entities or stages are de-
lineated: monoclonal gammopathy of undetermined significance (MGUS), asymp-
tomatic multiple myeloma (AMM), and multiple myeloma (MM) [111]. MGUS and
AMM are differentiated by the amount of M-protein and the percentage of plasma
cell infiltration [111]. Both entities are asymptomatic. MGUS is most often inci-

dentally detected [130] and the prevalence of being diagnosed with MGUS increases
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during live [130]. MGUS progresses with about 1% probability per year to symp-
tomatic myeloma [131]. AMM is characterised by a M-protein of >30 g/L and/or a
plasma cell infiltration in the bone marrow of >10% [214]. AMM progresses with
about 10% probability per year in the first 5 years to symptomatic myeloma [129]. In
MM, a single aberrant plasma cell clone proliferates unregulated. This accumulation
of malignant plasma cells transforms the bone marrow microenvironment (BMME)
and causes clinical signs, symptoms and end organ damage [121]. The displacement
of normal haematopoiesis by accumulating plasma cells leads to anaemia [103, 111]
and generation of focal and osteolytic lesions in the bone (bone disease) [111]. During
bone degradation, calcium can be released and hypercalcemia and renal impairment
occur [100, 111, 128]. The kidney is further affected by the high amount of M-protein,
or, especially, light chains, produced by the accumulated myeloma cells [111, 170].
These clinical signs and symptoms regarding end organ damages caused by myeloma
are summarised as CRAB criteria (hyperCalcaemia, Renal impairment, Anaemia and
Bone disease) by the International Myeloma working group (IMWG) in 2003 [111].
Presence of a CRAB-criterion is seen as indication for systemic treatment [111].

In 2014, the IMWG modified and clarified the criteria, regarding modern imaging
methods as computer tomography [190]. The IMWG included biomarkers, which are
intended to determine asymptomatic patients with a high probability of progressing to
symptomatic myeloma. For these patients, likewise an indication to initiate treatment
can be seen. The main underlying concept is that an early effective therapy might
prevent end organ damage and may improve the overall survival of the patients [190].
Hence, the asymptomatic patients fulfilling the so called "SLiM" criteria are now con-
sidered as "symptomatic" by the IMWG [190]. Patients neither fulfilling the "SLiM-
CRAB" criteria nor being MGUS patients are termed smouldering myeloma patients
(SMM). This term had previously been used synonymously with the term AMM [190].
If not otherwise specified, the above described definition of AMM is used within this
thesis.

1.2.2 Treatment paradigms

Major aims of a treatment in myeloma are to revert or prevent end organ damage [190]
and to enhance the survival of the patients. The long-term aim is the cure of the dis-
ease by functional eradication of malignant plasma cells, currently only reached in a
small subfraction of patients [17]. As in all malignant diseases, treatment needs bal-
ancing between the benefit (efficacy) and toxicity: side effects need to be bearable for
the patient and treatment related mortality has to be considered [97, 212]. Thus, not

all myeloma patients are treated. The indication to initiate treatment is currently seen
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if signs or symptoms of multiple myeloma are present, e.g. if the CRAB criteria are
fulfilled (see section 1.2.1) [111]. Hence, the current recommendation is not to treat
patients with MGUS or SMM outside clinical trials [190]. The treatment of AMM pa-
tients fulfilling the "SLiM" criteria is recommended by the IMWG, but internationally
debated [75, 153, 192], e.g. in the MM3 trial of the "Arbeitsgemeinschaft medika-
mentdser Tumortherapie" (EudraCT No: 2018-000924-32). Only to treat symptomatic
patients had been the recommendation due to a lack of early treatment clinical trials
showing prolonging of overall survival of either MGUS or AMM patients and due to
the inability of delineating patients of especially high risk of progression. This general
paradigm has changed, at least if patients are treated within clinical trials: biomarkers
indicating "imminent" risk of progression are available [97, 190]. Usually, imminent
risk is defined as 80% progression probability within two years, e.g. by the "SLiM"
criteria [190]. Clinical trials showed a benefit for early treatment in terms of response
rate [122, 132], but, most importantly, of overall survival [152]. Hence, if the "SLiM"
criteria (see section 1.2.1), are present, an indication for treatment can be seen [190].
However, MGUS and especially AMM patients are in any case closely observed [111].
In symptomatic myeloma patients, two groups of patients are distinguished, patients
who can and those who can not be treated intensively [128]. This distinction depends
on physical condition, comorbidities and the biological age of the patient.

Patients up to an age of 70 years without significant comorbidities are routinely treated
intensively [204]. This treatment can safely be extended to fit to older patients [204].
A typical treatment strategy comprises first, 3 to 6 cycles of a so called "induction"
treatment [10, 41, 77, 183], followed by autologous steam cell collection. Patients
are treated with high-dose melphalan and subsequently autologous stem cells are re-
infused [10, 41, 77, 183]. In Germany, the current standard is a combination of the
proteasome inhibitor bortezomib, the corticosteroid dexamethasone and a cytostatic
drug, e.g. cyclophosphamide (VCD) [74]. Within clinical trials, the immunomodula-
tory drug (IMiDs) lenalidomide in combination with bortezomib and dexamethasone
are tested, with or without a CD38-antibody (e.g. daratumumab or isatuximab, see
also section 1.5), as exemplified by the German speaking myeloma multicenter group
(GMMG) HD7 trial (ClinicalTrials.gov identifier: NCT03617731). Aim of the inten-
sive treatment is achieving an as deep as possible remission of the disease and, in a
subfraction of patients, functional eradication of myeloma cells [17].

Not intensively treatable patients receive comparable regimen, but in reduced intensity
and, especially, without high-dose melphalan treatment and stem cell transplantation
[128]. These are currently e.g. combinations of lenalidomide, dexamethasone, with or

without daratumumab [147].
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1.2.3 Pathogenesis

Multiple myeloma is characterised by a broad inter-patient heterogeneity in terms of
clinical signs and symptoms, patient survival, and underlying pathogenetic mecha-
nisms [121, 214]. The mechanisms are mainly based on chromosomal aberrations and
nucleotide changes, which alter gene expression [100, 102, 121, 217, 223] and thus
affect the cell proliferation [101], the response to treatment and ultimately the survival
of a patient [12, 103, 174, 175].

In the following, the underlying chromosomal aberrations, changes in ploidy and dys-
regulation of D-type cyclin expression are described. Subsequently, recent findings
about the nucleotide changes are introduced and the prognostic impact of the chro-
mosomal aberrations is depicted. At the end of this section, the current pathogenetic

model of the Multiple Myeloma Research Laboratory (LfM) is presented.

1.2.3.1 Chromosomal aberrations and D-type cyclin expression as unifying
events

Multiple myeloma pathogenesis is generally thought to follow two pathways: IgH-
translocations and hyperdiploidy (HRD) [214]. IgH-translocations affect the IgH locus
on chromosome 14, e.g. t(11;14), t(4;14), t(6;14), t(14;16) and t(14;20) [214]. HRD is
characterised by a gain of odd numbered chromosomes (3, 5, 7, 9, 11, 15, 19 and 21).
Both dysregulates the expression of cyclin D family members, CCNDI', CCND2 and
CCND3, which is one of the hallmarks and the "unifying" event of malignant plasma
cell diseases [22, 214]. In normal plasma cells, CCND2 and CCND3 are expressed
at low levels, whereas CCND1 is not [214]. In malignant plasma cells either CCND?2
or CCND3 are overexpressed, or CCND] is aberrantly expressed [22, 103, 214]. The
expression of one of the D-type cyclins is exclusive in most patients [214]. In HRD
patients, the aberrant expression pattern can be explained by numerical aberrations
(e.g. a gain of 11q13, see below) or by indirect overexpression of CCND2 in HRD pa-
tients [214]. Likewise, alterations in the IgH-locus can impact directly or indirectly the
cyclin D expressions [214]. The translocation t(11;14) or t(6;14) juxtaposes CCND1
(located at chromosomal locus 11q13) or CCND3 (located at 6p21) in the proximity
of the IgH-enhancer on chromosome 14, respectively [214]. This enhancer is highly
active in normal and malignant plasma cells due to the Ig-production [160] and leads to
high expression levels of the translocated cyclin [214]. The expressions of CCNDI or
CCND23 are so typical for the respective patient group, that they can be used to predict

'A gene is depicted by its commonly known name in this thesis. The gene symbol is presented
in paranthesis, if it differs. Both are written in italic font, except in tables and figures, in which stan-
dard font is used for clarity purposes. For gene symbol description see "HUGO Gene Nomenclature
Commitee; The resource for approved human gene nomenclature": https://www.genenames.org/.
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the underlying translocations t(11;14) and t(6;14), respectively [169]. In contrast, high
expression of CCND2 (located at chromosomal locus 12p13) is not directly explain-
able by translocations, as t(12;14) translocations involving CCND2 are extremely rare
[214]. However, CCND?2 overexpression is indirectly associated with the translocation
t(4;14) [214].

Further frequent chromosomal changes are numerical aberrations, which are present
in a broad number of patients, e.g. Walker et al. [243] showing 21 chromosomes are
affected among 114 myeloma samples. The most common are deletions of 17p13 or
13q14 and gains of 1g21 [182, 243].

1.2.3.2 Nucleotide changes

The term "nucleotide changes" denotes single nucleotide variants or insertions and
deletions. Although there is a variety of mutations, e.g. in median 43 mutations per
patient (range 1 to 1939) in the CoMMpass cohort (see section 1.4.2.3, [169]), no "uni-
fying" myeloma associated nucleotide change is present [214]. Relatively frequent
changes affect e.g. the genes for KRAS or BRAF (mutation V600E/K) [37, 146],
involved in the signal transduction of the mitogen-activated protein kinase/ERK sig-
nalling pathway [37, 214, 252]. KRAS and NRAS (or members of the respective path-
ways) are the most frequently mutated genes in MM, followed by FAM46C (TENT5C),
DIS3 and TP53 [37, 146]. Another relatively frequently affected pathway is NF-xB
with nucleotide variants in genes like TNFRSF1A or TRAF3 [37].

1.2.3.3 Prognostic impact

Besides their role in pathogenesis of myeloma, molecular alterations convey clini-
cal interest in impacting on the prognosis of a patient. The chromosomal aberrations
13q14, 17p13, 1921, t(4;14), t(14;16) are all associated with adverse progression free
and overall survival in MM [25]. Additionally, 1921, 17p13 and t(4;14) are associ-
ated with a shorter time to progression from AMM to MM [175, 191]. HRD is the
only aberration pattern which is associated with survival in contrary manner in AMM
and MM: it has a favourable (or neutral) prognosis in MM [125, 176], but adverse
prognosis in AMM [175]. Chromosomal aberrations are very rarely present as single
alteration in both in AMM [97] and MM [25, 52, 176, 214], and the number of chro-
mosomal aberrations is associated with adverse progression free and overall survival
[12, 25, 176, 214]. Whereas the association of survival with chromosomal aberrations
is well-known, this is much less the case for the association with nucleotide changes.
For instance, mutations in the genes TP53, ZFHX4, CCND1, ATM and ATR have been
reported to be associated with poor prognosis by Walker et al. [242] in 2015, while
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mutations in /RF4 and EGRI seem to be associated with favourable survival [242].
Mutations in the most frequent mutated genes KRAS and NRAS are not associated with
survival [242].

1.2.3.4 Pathogenetic model

In the following two prominent aspects of myeloma pathogenesis are assessed: first,
the cellular origin of myeloma cells, in terms of the B cell differentiation state they
develop from, and secondly, when during progression of pre-MGUS stage to MGUS,
AMM and MM aberrations arise.

Regarding the first aspect, properties of myeloma cells can be compared to different
stages of B cell development and their respective properties [214]. On the one hand,
myeloma cells express the surface protein CD138 (SDC1), a hallmark of plasma cells
[121], and are able to produce monoclonal Ig [214]. Hence, genetically, they have
undergone the same series of DNA rearrangements as plasma cells, e.g. somatic hy-
permutation and class switch recombination, necessary for the generation of Ig (see
section 1.1) [121, 214]. On the other hand, myeloma cells proliferate, which is typi-
cal for activated B cells and plasmablasts. Hence, they either evolve from proliferating
cells, keeping their proliferative ability, or from non-proliferating cells, which regained
their ability to proliferate [214].

Regarding the second aspect, i.e. the point in time, when during progression through
different stages myeloma typical progression inducing aberrations originate, two main
hypotheses are discussed. The most obvious idea is a "multistep model" [214] during
disease progression [86, 167], as MM samples harbour a higher median number of
aberrations compared to AMM or MGUS samples [244]. However, recent longitudi-
nal studies have shown that aberrations are already present in previous myeloma stages
and only few de novo or secondary alterations occur [97, 215]. This is one of the main
reasons subsequently leading to the hypothesis, that disease progression is triggered by
oncogenic aberrations ab initio or at least at pre-MGUS stage [22, 97]. Based on this
pathogenetic model of the LfM, disease progression and evolvement of clinical signs
and symptoms occur due to an increasing number of plasma cells and their interaction
with the BMME, triggered by the initial set of alterations driving progression to the

precursor stages [97].

1.3 Molecular profiling

In Europe and the US, molecular profiling is implemented at different levels in large
myeloma centres. At the LfM at the University Hospital Heidelberg, molecular pro-

filing is integrated in extended clinical routine diagnostics [99]. An overview of the
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processing is depicted in figure 1.1, for details see also section 2.1.1. The analysed
bone marrow aspirates are necessary for the diagnosis and staging of the disease e.g.
in quantifying plasma cell infiltration. In brief, 60-80 ml of bone marrow is aspirated
in local anaesthesia from the iliac crest [97]. Subsequently, bone marrow smears are
generated for the determination of bone marrow plasma cell infiltration. The bulk of
the aspirate is used for plasma cell purification by density gradient centrifugation and
subsequent selection via anti-CD138 immuno-microbeads [97, 99, 101, 212]. The pu-
rity of the purified plasma cells is controlled with flow cytometry [97]. Analogously,
normal bone marrow plasma cells from healthy donors are purified as comparator pop-
ulation.

In extended clinical routine, the CD138-purified plasma cells are used at the LfM to
assess pathogenetically or prognostically relevant genetic alterations, using interphase
fluorescence in-situ hybridisation (iIFISH), and to determine gene expression, using
DNA-microarrays [99, 100, 175, 217] as well as RNA-seq.

Detection of chromosomal aberrations by iFISH. iFISH is a conventional method
for the detection of recurrent chromosomal alterations in CD138-purified malignant
plasma cells [99]. For this, fluorescence-labelled DNA probes are predefined for chro-
mosomal regions of interest and hybridised with the chromosomes of CD138-purified
malignant plasma cells (see also section 2.1.1) [175, 176]. Two principal types of chro-
mosomal alterations are assessable by this technique: numerical aberrations (gains
or losses) and translocations (see above, section 1.2.3) [99]. iFISH is a DNA-based
method and therefore relatively simple regarding sample processing and consignment
(e.g. in clinical multi-centre trials), in comparison to DNA-microarray or RNA-seq.
The latter two are RNA-based and require a higher level of sampling quality, espe-
cially in terms of timing, as delay in sample processing alters gene expression [155].
iFISH is validated in multiple trials and analyses [11, 12, 40, 174]. However, it re-
quires a pre-selection of specific genes or regions and the number of probes is limited
by the number of cells per iFISH spot and the median number of purifiable malignant
plasma cells.

Transcriptome profiling by DNA-microarrays. A DNA-microarray is a small glass
slide ("chip") divided in quadratic areas, each consisting of approximately one million
fixed copies of one "probe" [97]. Each probe is a 25-mer oligonucleotide, designed to
hybridise with a specific mRNA in human cells. For this type of expression analysis,
the extracted RNA is amplified and labelled, using biotinylated nucleotides and subse-
quent fluorescence staining [97]. The expression of a mRNA corresponding to a spe-
cific probe can be recognised by the fluorescence intensity, which correlates with the

number of transcripts bound to this specific probe (see also section 2.1.1) [97]. In this
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Figure 1.1: Flowchart of the molecular profiling pipeline in the multiple myeloma research laboratory
Heidelberg. Bone marrow aspirate, extracted from the iliac crest, is purified by density gradient centrifu-
gation and selection of plasma cells by anti-CD138 immuno-microbeads. The purified plasma cells are
spinned on glass slides and used for interphase fluorescence in-situ hybridisation iIFISH). The RNA is
extracted from normal and malignant plasma cells and used to determine gene expression, using DNA-
microarrays and RNA-seq. In pale colours, the generation of the comparator populations, e.g. memory
B cells, polyclonal plasmablastic cells, and human myeloma cell lines is depicted.

thesis Affymetrix U133 2.0 plus microarrays were used, termed "DNA-microarray" or
"microarray". As iFISH, microarray processing is very standardised and can in prin-
ciple be used in clinical routine [16, 27, 99, 156, 219], as exemplified by the LfM in
the GMMG-MMS trial [99]. The main advantage besides applicability is, that per mi-
croarray about fifty thousand probes can be analysed simultaneously.

Transcriptome profiling by RNA-seq. Next generation sequencing allows the anal-
ysis of the whole genome (WGS), exome (WES) and transcriptome (RNA-seq), using
high-throughput massive parallel sequencing by synthesis (see also section 2.1.1). Not
in the focus of this thesis, WGS and WES allow the detection of structural and numeric
DNA alterations. By sequencing tumour and normal samples, variants not present in
the germline (somatic) can be determined. As the exome is smaller than the whole
genome (2%-3% of the whole genome [85]), WES is cheaper. However, the neces-
sary exome capturing may lead to a non-uniform coverage. Both DNA-microarray
and RNA-seq can be used for gene expression analysis. Their advantage over iFISH is
the possibility of assessing more variables, including prognostically relevant biological
variables (as proliferation see section 1.4.2.1) and potential targets (see section 1.5).
RNA-seq can, in comparison to microarrays, be performed from low input as 10 pg
of RNA (compared to about 100 ng for microarrays with the Affymetrix small sample

labelling protocol) [99, 211]. This allows to investigate also plasma cell dyscrasias
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with low tumour mass (i.e. MGUS, AMM). Further, no a priori sequence definition
is necessary, hence, the detection of mutated sequences (see section 1.5) and splice
variants becomes possible. Splice variants are alternative transcripts of a gene, formed
during the splicing process of the pre-mRNA to mRNA.

The methods are also described in section 2.1.1 and the protocols in Hose [97] (mi-
croarray and iFISH) and Seckinger et al. [211] (RNA-seq).

1.4 Classification and risk assessment

Multiple myeloma is heterogeneous in terms of clinical factors, molecular alterations
(see section 1.2.3) and individual prognosis of a patient [127, 128]. Almost all
myeloma patients relapse and the overall survival ranges from months to more than
20 years [139, 156]. It is thus desirable to stratify patients regarding risk and molec-
ular subentities. In theory, a stratification approach prior to the start of the therapy
could be used for a treatment with individual intensity, duration and type. A respective
strategy would of course have to be tested in randomised clinical trials. One concept
is to treat patients with specifically adverse prognosis more aggressively. An exam-
ple for such a strategy is the GMMG CONCEPT trial (ClinicalTrials.gov identifier:
NCT03104842) for previously untreated symptomatic myeloma patients of high risk
as defined by presence of at least one of the chromosomal aberration (deletion 17p,
t(4;14), or more than three copies of 1q21) and ISS-stage ("international staging sys-
tem") II or III.

As stratification systems, likewise individual genes associated with prognosis can be
used. An example is the expression of AURKA [102], associated with adverse sur-
vival. In principle, patients expressing AURKA could be treated with a specific in-
hibitor [102]. The long way of such an approach to clinical realisation is exemplified
by the AURKA inhibitor VX-680, which failed due to intolerable cardiac side effects,
i.e. induction of a long QT-syndrome [71].

In the following, the risk assessment used in extended clinical routine at the LfM at the

University Hospital Heidelberg will be described.

1.4.1 Using clinical parameters

The risk of MM patients can be assessed by clinical parameters as tumour mass sur-
rogates and bone damage. In the Durie-Salmon staging, first presented in 1975, the
M-protein level and the grade of bone damage (detected by X-ray) were used to sur-
rogate tumour mass and to delineate three risk groups [61]. Thirty years later, the ISS

suggests the amount of albumin in serum and the amount of (3;-microglobulin as tu-
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mour mass surrogate for defining three risk groups [84].

Clinical staging systems can be enhanced by inclusion of chromosomal alterations. In
2014, the IMWG recommended, besides ISS, to test for presence of deletion 17p13,
translocation t(4;14) and gain 1g21 due to association with poor survival [42]. One
year later, Palumbo et al. [182] developed a new classification, the revised international
staging system (R-ISS), combining original ISS and presence of high-risk cytogenetic
abnormalities, as deletion 17p13 and translocation t(4;14) [182].

1.4.2 Using gene expression profiling

Beyond clinical parameters and iFISH, classification and risk stratification of myeloma
can be based on gene expression profiling, traditionally using DNA-microarrays. Pa-
tients can be classified according to surrogates of biological variables, e.g. proliferation
(GPI [101]), survival (UAMS70 [219], RS [197], EM(C92 [124], and IFM15 [56]), and
molecular subtypes (TC [22, 43] and molecular classification (MC) [254]).

The clinical usage of microarrays has been limited to few centres worldwide, including
the "University of Arkansas School of Medical Sciences", the "centre hospitalier uni-
versitaire" Montpellier and the LfM at the University Hospital Heidelberg. Although
the use is in principle possible in extended clinical routine as described in 2011 by
the LftM by Meissner et al. [156] (see also section 1.4.3), it is not recommended for
clinical routine [42, 66, 159].

1.4.2.1 Assessing proliferation as example for biological surrogates

Proliferation of malignant plasma cells is one of the most prominent adverse prog-
nostic factors in multiple myeloma [83, 101, 205, 225]. It can, at least theoretically,
be targeted by defined treatment options (e.g. tubulin polymerase inhibitors [101] or
AURKA inhibitors [102]). Hose et al. [101] developed the gene expression-based pro-
liferation index (GPI) at the LfM at the University Hospital Heidelberg (for a detailed
description see section 2.5). It includes 50 proliferation or cell cycle associated genes
and allows the determination of proliferation in a clinical setting [101]. The GPI was
developed as surrogate of a biological variable and it was (intendedly) not fitted to
survival, to independently assess the impact of malignant plasma cell proliferation on

survival [101].

1.4.2.2 Assessing survival
The expression of a group of genes can be used directly to stratify the survival of pa-
tients. Four main risk stratifications are described, differing in the applied methods

(for a detailed description see section 2.5):
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The University of Arkansas School of Medical Sciences in Little Rock developed the
UAMS70 score [219]. It uses log-rank tests to identify 70 genes associated with short
survival in MM. Most of the genes are located on chromosome 1. Numerical alterations
there (see section 1.2.3) e.g. 121 gains (detected by iFISH), are likewise prognostic
[219].

Reme et al. [197] presented together with the LfM the gene expression-based risk score
RS. Patients were divided into three groups, using 19 prognostic genes, selected with
overall survival analysis [197]. For every new sample, the same normalisation param-
eters were used, which ensures the comparability of new samples [197].

Using the GMMG-HD4/Hovon-65 sample data (EudraCT 2004-000944-26 [222]),
Kuiper et al. [124] from the Erasmus medical centre identified 92 genes associated
with survival in MM, comprised in the EMC92, later commercialised as SKY92 score
by Skyline diagnostics [238].

The Intergroupe Francophone du Myélome developed the IFM135, a risk-based score,

which is based on 15 genes associated with poor prognosis in MM [56].

1.4.2.3 Assessing molecular entities

By assessing molecular entities, patients are divided in biological or pathophysiologi-
cal subgroups. In contrast to risk stratification, these groups need not, but can, have a
prognostic impact. In the simplest case, alterations, conventionally detected by other
methods such as iFISH, can be predicted using altered gene expression. Examples in-
clude the gene expression profiling report (GEP-R) [156] predicting the translocation
t(4;14). In the CoMMpass study ("relating Clinical outcomes in Multiple Myeloma to
Personal Assessment of Genetic Profile") by the multiple myeloma research founda-
tion (MMREF), the translocations t(11;14), t(6;14), t(4;14), t(14;16) are predicted each
by a single gene expression value [51, 169].

A more integrative approach is to develop a molecular classification, to group patients
according to common underlying pathogenetic mechanisms. Examples for this are the
TC [22] and the MC [254] classification.

The TC classification by Bergsagel et al. [22] (2005) is based on the expression of
eight genes (CCNDI1, CCND2, CCND3, FGFR3, MMSET (WHSCI), MAF, ITGB?7,
CX3CRI), dividing the patients into 8 groups (4p16, MAF, 6p21, 11q13, D1, D1+D2,
D2, none), which are associated with IgH-translocations and cyclin D expressions.
The modified TC classification by Chng et al. [43] (2007) adds MAFB to specify the
"MAF" group.

The MC classification of the University of Arkansas for Medical Sciences by Zhan
et al. [254] distinguishes MM in seven transcriptional signatures (MS, MF, CD1, CD?2,
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HY, PR, LB) based on unsupervised hierarchical clustering of MGUS, MM and hu-
man myeloma cell line (HMCL) samples. Each subgroup has a unique expression pat-
tern, mainly based on nine genes (MAF, MAFB, FGFR3, MMSET, CCND1, CCND?2,
CCND3, FRZB and DKKI). MF, MS and PR ("proliferation") are associated with
survival and are high risk groups, while LB (less focal lesions, "low bone disease"),
CD1 ("CCND1"), CD2, ("CCND3") and HY ("Hyperdiploidy") are defined as low risk
groups [254].

Groups delineated in the TC and the MC classification show an incomplete overlap,
as they are based in part on expression values of the same gene. For instance, the MS
group of the MC classification is mainly associated with FGFR3 expression and hence
overlaps with the FGFR3 group of the TC classification. Likewise, the MF group has
either a high expression in MAF or MAFB and overlaps with the MAF group. Ad-
ditionally, both classifications include classes based on the expressions of CCNDI,
CCND2 and CCND3 (MC: CD1 and CD2; TC: D1, D1+2, D2).

1.4.3 Reporting of gene expression profiling (GEP-report)

To be applicable in extended clinical routine, risk stratifications and molecular clas-
sifications need to be reported to physicians and patients in a validated, reproducible
and understandable manner. For gene expression data and their combination with clin-
ical parameters the GEP-R was developed by Meissner ef al. [156] at the LfM. This
is an academic reporting tool for using gene expression data of DNA-microarrays in
clinical practice. It is based on non-commercial software frameworks, including the
open-source software R. Validated conventional clinical scores and clinical parame-
ters can be entered (e.g. ISS). The calculation of proliferation-based scores (GPI),
risk-based scores (UAMS70, IFM15) and molecular classifications (EC, TC, MC) is
implemented. Additionally, the expression of targets (e.g. AURKA, IGFIR) is assessed
for an exemplification of potential individualisation of treatment. The GEP-R performs
a quality and identity control, determining sex, light chain type and heavy chain type
of a sample. Different risk stratification methods do not necessarily lead to the same
result, which complicates and confuses clinical and therapeutic interpretation [156].
To avoid this, GEP-R includes a strategy by combining all prognostic factors in the
HM-metascore. This generates a "summarising" risk assessment. The use of a cohort-
based normalisation and cohort-based thresholds implies the need of normalising new
samples by applying the normalisation parameters of the training group. This allows
evaluating every new patient individually [156].

The GEP-R is used routinely at the LfM at the University Hospital Heidelberg, and
recently the application has been evaluated in the GMMG-MMS phase 111 clinical trial
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[99]. The study demonstrates that DNA-microarray analysis can be performed for
>80% of the patients and the results of the GEP-R are available within 4-6 weeks [99].

1.5 Potential targets

The term "target" defines a biological structure (e.g. a protein or mRNA) affectable
by a pharmacological inhibitor or immunotherapeutical agent, which exists or can be
developed (see section 1.2.2) [97]. Currently "actionable" targets include targets for
which compounds are approved? (e.g. CD38 by daratumumab [55] or isatuximab [57])
or in later stage development for multiple myeloma (e.g. BCMA, ClinicalTrials.gov
identifiers: NCT03486067 and NCT03836053) or have been described but are cur-
rently not in clinical testing for MM (e.g. AURKA [102] or IGF1R [68]). Currently
not actionable targets are for instance the potential vaccination targets HM1.24 and
MAGEA1 [100, 156, 209].

Targets can be further differentiated whether they are expressed in normal and malig-
nant plasma cells (e.g. CD38 [213] and BCMA [212]), in malignant plasma cells only
(termed aberrant expression, e.g. FGFR3 [156]) or frequently show a significant higher
expression in malignant plasma cells (termed overexpression, e.g. CCNDI1, CCND?2
and CCND3 [156]).

A third possible categorization relates to the mutually non-exclusive therapeutic treat-
ment strategies of the targets: They are assessable by 1) monoclonal antibodies or by
chimeric antigen receptor (CAR) T cells, ii) small molecule inhibitors, iii) mutation
specific agents, iv) vaccination, and v) theoretical (not currently addressed) but poten-
tially assessable by therapeutic small interfering RNA (siRNA) molecules.

1) Cell surface antigens which are broadly expressed in normal and malignant plasma
cells are for instance CD38 and BCMA (TNFRSF17) [212, 213]. They can be targeted
exemplarily with three main immunotherapeutic approaches: monoclonal antibodies,
bispecific monoclonal antibodies or with modified T cells. By opsonisation of the tar-
get surface proteins with monoclonal antibodies, the innate immune system and the
complement cascade is activated, and the cell lysed (cellular cytotoxicity) or cellu-
lar phagocytosis is induced. A good target is for instance CD38, shown at the LfM
by Seckinger et al. [213] and others [57, 147]. It is broadly expressed in multiple
myeloma [213] and CD38-antibodies are available and/or approved® Bispecific mono-
clonal antibodies effectively link tumour cells via a surface protein (e.g. BCMA) and

effector cells, e.g. T cells (via CD3) [212]. This coupling leads to the induction of

ZNational Cancer Institute: Drugs Approved for Multiple Myeloma and Other Plasma Cell
Neoplasms; Online resource: https://www.cancer.gov/about-cancer/treatment/drugs/
multiple-myeloma; Status: 27.02.2020, 12:55
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myeloma cell death (in case of T cells). For instance, BCMA has been shown at the
LfM by Seckinger et al. [212] and others to be an ideal target due to expression height
and pattern. BCMA is the receptor for the myeloma cell growth factors BAFF (TN-
FSF13B) and APRIL (TNFSF13) [166, 212] and is mandatory for the survival of long-
living BMPCs [180]. The assessment of BCMA expression was part of this thesis (see
sections 2.8, 3.5, 4.4). The project [212] led to the development of the compound CC-
93269 [212] currently in clinical trials (ClinicalTrials.gov identifier: NCT03486067).
Alternatively, T cells can be triggered to attack myeloma cells by ex vivo engineering
of the CAR or the T cell receptor [31, 69, 120, 194, 206, 212].

i1) Especially aberrantly but also frequently over expressed genes in comparison to nor-
mal plasma cells are ideal targets for small molecule inhibitors. Aberrantly expressed
genes targeted by small molecule inhibitors are for instance HGF and FGFR3 [100]. A
further ideal target for inhibitors is AURKA. The gene is associated with plasma cell
proliferation and a clinical inhibitor was developed (VX-680) [102] although it failed
in clinical application [71] (see section 1.4). iii) An example for a mutation creating a
target in cancer cells is the BRAF mutation V60OE [8]. The kinase BRAF is involved
in cell division and mutations in BRAF increase the proliferation of the cancer cells
[24]. It is affectable e.g. by the clinical applicable inhibitors vemurafenib [24, 109]
and dabrafenib [91].

iv) Therapeutic or preventive cancer vaccines induce the generation of monoclonal an-
tibodies against antigens expressed on target structures. In multiple myeloma, they are
designed to specifically bind myeloma cells, without affecting normal tissue [209].
Possible targets for this strategy are frequently overexpressed, either constitutively
or aberrantly [209]. Examples for the former are HM1.24 [108, 113, 198, 209], or
RHAMM (HMMR) [76, 81, 82, 209]. Examples for the latter comprises cancer testis
antigens (CTAs) as MAGEA3 [48, 156, 209], NYESO1 (CTAGIB) [18, 126, 178, 209,
237], or WT1 [209], which have been assessed as part of this thesis. While HM1.24,
RHAMM, WTI and NYESOI are currently not actionable by vaccination, a vaccine
for MAGEA3 has completed a clinical trial in multiple myeloma (ClinicalTrials.gov
identifier: NCT01380145) [47].

v) If a gene expressed in myeloma cells is associated with a cancer relevant pathway
(e.g. CCNDI1 [242]), a knock down of it may, theoretically, improve the survival of
patients. RNA-seq enables the expression analysis of mRNA target sequences for ther-
apeutic siRNA molecules. siRNAs can knock down a target, by binding specifically to
its target sequence in the cell, which is then degraded [112]. For the transport into the
cell vectors, e.g. "nanocarriers”, which could enter the cell and release the siRNA in

vivo could be used [112]. Up to now highly speculative in myeloma, several "nanocar-
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riers" containing siRNAs are in clinical trials (phase I) in other cancer types [112].

1.6 Aim of the thesis

The primary aims of this thesis are to form the bioinformatic basis for the implemen-
tation of RNA-seqg-based transcriptome profiling in translational myeloma research
and extended clinical routine application, to use it for novel risk stratification, and
assessment of targets.

Gene expression profiling using DNA-microarrays has provided detailed information
on the pathophysiology of malignant plasma cell diseases [124], risk stratification,
target assessment, and the report of these data in clinical routine has been implemented
(e.g. GEP-R) [99, 156]. Expression profiling by RNA-seq has several advantages over
DNA-microarrays and is therefore considered the new gold standard: it allows the use
of lower amounts of sample material, which is especially useful for the assessment
of early disease entities, a more precise quantification of gene expression, and the
assessment of mutated sequences as well as splicing variants. To implement RNA-seq,
it is further necessary to connect new to previously obtained microarray results. Thus,
the aims of the thesis are: 1) to establish a practicable pipeline to analyse and to lay
a basis to report RNA-seq data, ii) to transfer and connect current risk stratifications
and molecular classifications based on DNA-microarray to RNA-seq technology, iii)
to discover novel prognostic genes and to develop a novel RNA-seq-based risk stratifi-
cation, 1v) to analyse potential and especially actionable therapeutic targets regarding
expression, alternative splicing as potential mechanism of resistance, and mutations,
and v) to prospectively test these theoretical target analysis strategies in a consecutive
large patient cohort in three clinical relevant examples: first, in terms of BCMA, in the
basis for the development of the T cell bispecific (TCB) antibody CC-93269 (formerly
known as EM-801) [98, 212]. Second, in terms of the seemingly ideal target CD38
to assess the question, why two thirds of the patients lack of activity of anti-CD38
treatment despite seemingly ubiquitous expression on myeloma cells [213]. And
third, in terms of CTAs as vaccination targets, analysing their expression pattern for
clinical applicability. Figure 1.2 and the following text give an overview regarding the
strategy to complete these tasks. DNA-microarray and RNA-seq expression data of in
total 842 CD138-purified plasma cell samples from 798 patients (MGUS, AMM, MM
and relapsed MM (MMR)), 18 samples of the B cell lineage (MBC, PPC and BMPC)
and 26 samples of HMCLs shall be analysed. They are depicted in the thick, black
coloured frames at the left side of figure 1.2. The previously established microarray
analysis will be translated and compared to the RNA-seq-based assessment (light grey

coloured arrows). The available data of myeloma patients will be splitted in a training
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(TG, 194 MM samples), validation (VG, 108 MM samples) and testing group (TeG,
233 MM samples). The risk stratifications and classifications based on microarray
expression data will be transferred and adjusted to RNA-seq expression data within
the TG (blue coloured boxes). The impact on event-free and overall survival in MM
will be assessed for all stratifications and validated (brown coloured box) on four
independent data sets: TeG, AMM, MMR data and the external CoMMpass cohort
(n=767) [51, 169]. RNA-seq expression will be used in combination with the overall
survival data to discover novel prognostic genes. These genes will be used to generate
a novel RNA-seq risk stratification, using the score developing pipeline of Reme et al.
[197] (yellow coloured boxes).
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v) Prospective test target assessment strategies in a large patient cohort for three clinical relevant examples:
BCMA, CD38 and CTAs

Figure 1.2: Aims of the thesis. This thesis has five aims, which are depicted with small Roman num-
bering at the top (and bottom) of the figure. The five aims are further depicted with coloured back-
ground. For detailed description, see text. Violet: creation of a pipeline for new samples, analogous
to the GEP-R. Blue: transfer of DNA-microarray risk stratifications and classifications. Yellow: cre-
ation of a new score, based on detected novel prognostic genes. Green: analyse of targets regarding
expression, splice junctions and mutations. Red: assessment of the strategies in practical examples.
RNA-seq: RNA-sequencing; GEP-R: GEP-report; MGUS: monoclonal gammopathy of undetermined
significance; AMM: asymptomatic multiple myeloma; MM: multiple myeloma; MMR: relapsed MM;
MBC: memory B cell; PPC: polyclonal plasmablasts; BMPC: bone marrow plasma cell; HMCL: human
myeloma cell line; CTA: cancer testis antigen.
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The assessment of targets includes the setup of expression, splice junction and muta-
tion analysis (depicted in green coloured boxes). The target expression determined by
RNA-seq will be compared to their expression on microarrays. Splice junction analy-
sis shall consecutively be used for the assessment of alternative splicing of e.g. CD38,
which is a potential explanation for lack of activity of anti-CD38-based treatment in a
large subgroup of myeloma patients.

Mutation analysis will be performed for the targetable BRAF mutation V60OE [8]. Pa-
tients with present mutation are treatable by the inhibitors vemurafenib [24, 109] and
dabrafenib [91].
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2 Materials and methods

In the following chapter, available data and applied statistical methods are depicted.
Subsequently, the steps of the thesis pipeline are described in detail (see figure 2.1).
The pipeline comprises the analysis of microarray and RNA-seq data for A the pre-
processing (see section 2.3), B the classification creation (see section 2.5 and 2.6), C
the classification calculation (see section 2.4 and 2.7), and D the target analysis (see
section 2.8).

Computations were performed on Ubuntu 14.04 and Windows Server 2012 using open
source software. The used tools and their versions are listed in supplementary table
B.5. Command line tools were used on Ubuntu, while the analyses with the pro-
gramming language and statistical software framework R [188] were performed on
Windows. R-Studio [203] was used as integrated development environment for R. R
provides a collection of basic pre-built functions for data processing, extensible via
"packages", which contain libraries of R functions. Additional R packages were in-
stalled using the Bioconductor software project [72]. In the following, used functions
are denoted by corresponding packages, unless the function belongs to a base package
(e.g. stats or graphics) [20, 188]. All package versions are listed in supplementary
table B.6.

2.1 Materials

In this section the molecular profiling procedures applied at the LfM at the University
Hospital Heidelberg are described in detail. For further information regarding sam-
ple processing see Hose [97] and Seckinger ef al. [211]. An overview is depicted in
figure 1.1. Results of the molecular profiling analyses, i.e. raw data, including DNA-
microarray CEL files, RNA-seq FASTQ files and the chromosomal aberrations, are
used as starting point for this thesis. In the second part of this section, the available

data and the number of samples are summarised and applied annotations are depicted.

2.1.1 Molecular diagnostics

Cell purification and preparation. Bone marrow was aspirated from the iliac crest
of healthy donors and patients (see also figure 1.1). Both normal and malignant bone
marrow plasma cells were purified in two steps. First the mononuclear cell fraction
was separated by standard protocol of density gradient centrifugation over Ficoll Hy-
paque (Biochrom) and cells were counted. Then, the cells were purified with anti-
CD138 immuno-microbeads using an automated magnetic-activated cell sorter (au-
toMACS Pro; Miltenyi Biotec) [97, 99, 101, 212]. The negative fraction of the CD138-
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Figure 2.1: Flowchart of the bioinformatic pipeline in this thesis. Development of an RNA-sequencing
stratification and transfer of microarray stratifications, classifications and target assessment to future
RNA-sequencing (RNA-seq) technology. The raw starting data are depicted in thick, black frames.
The samples are divided in training (TG) and validation groups (VG), depicted in cyan coloured text.
The processing steps include the preprocessing (A), the stratification and classification creation (B) and
calculation (C), and the target analysis (D). Subsections are depicted with coloured background. Yellow
colour: Preprocessing of raw RNA-seq FASTQ files to read count table. Red colour: Normalisation
of microarray and RNA-seq data. Blue colour: Stratification and classification creation on the TG, for
microarray and RNA-seq. Violet colour: Normalisation and stratification and classification estimation
of the VGs, for microarray and RNA-seq. Four validation groups were consecutively processed: an
internal VG, an internal test group, early stages, relapsed myeloma samples and the external group
CoMMpass. The latter is separately adjusted, depicted in brown colour. Green colour: Target analysis
regarding expression, splice variants and mutations. Light blue colour: Quality control is performed at

three processing steps.
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purification was used in selected cases to generate HMCLs either at the LfM of the
University hospital Heidelberg (HG1, HG13, and HG19 [97, 213]) or at the Centre
Hospitalier Universitaire Montpellier (XG1, XG2, XG3, XG4, XG6, XG7, XG11, and
XG13 [165, 255]). Other HMCLs were obtained commercially (L363, SK-MM-2, LP-
1, OPM-2, U266, RPMI-8226, AMO-1, JIN3, KARPAS-620, KMS-12-BM, KMS-11,
NCIH-929, MOLP-8, KMM-1, and EIM [97, 164, 213]).

The purity of the positive fraction, including the percentage of plasma cells, was con-
trolled with flow cytometry using a fluorescence-activated cell cytometric sorter (FAC-
SCalibur; Becton Dickinson). For this monoclonal antibodies against CD38 (clone
HB-7, FITC labelled; Becton Dickinson) and CD138 (clone B-B4, PE-labelled; Mil-
teny Biotech) were utilised. The CD138-purified plasma cells are used at the LfM to
assess genetic alterations, using iFISH (in collaboration with the department of human
genetics, University Hospital Heidelberg), and to determine gene expression, using
DNA-microarrays [100, 175, 217] and RNA-seq. These methods are described in the
following sections.

In addition to bone marrow analysis, peripheral blood is examined. MBCs were ex-
tracted from peripheral blood and differentiated in vitro to PPCs [97, 164, 213].
iFISH. Chromosomal alterations in the CD138-purified plasma cells can be assessed
by iFISH. Specific fluorescence DNA probes are generated and hybridised with chro-
mosomes in malignant plasma cells spinned on glass slides [175, 176]. In this thesis,
iFISH probes for the assessment of numerical alterations of the chromosomal regions
1921, 5pl5, 5q31 or 5935, 8p21, 9934, 11q13, 11922.3 or 11923, 13q14.3, 15922,
17p13 and 19q13 were used. For the detection of IgH translocations an IgH-break-
apart probe, t(4;14)(p16.3;q32.3), t(11;14)(q13;932.3), and t(14;16)(q32.3;q32) was
used (Poseidon Probes, Kreatech) [97]. The hybridisation of CD138-purified plasma
cells was performed according to the manufacturer’s instructions (Kreatech and Meta-
Systems) [99]. Per probe, at least 10% of all used cells have to be altered to count a
gain, deletion or translocation. A threshold of 60% was used to distinguish subclonal
(<60%) from clonal (> 60%) aberrations [97]. The ploidy status was assessed, using
the score of Wuilleme ef al. [251]. This defines patients as HRD, in case of gains of
two or more of the three chromosomes 5, 9, 15 [251].

iFISH can also be used to assess the minimum percentage of malignant plasma cells
within a given sample by dividing the number of cells carrying a myeloma specific
aberration (as depicted above) by the total number of counted cells [175].

The information about genetic alterations is available as CSV table, containing the
aberration status for each patient.

DNA-microarrays. A DNA-microarray consists of quadratic areas, each containing
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a probeset, which consists of about one million fixed copies of one 25-mer DNA-
strand, called "probe" [97]. The probe is designed to hybridise with a specific mRNA
in human cells [97]. Several genes (>55% of all genes present on Affymetrix U133 2.0
plus GeneChips) are represented by more than one probeset. For this analysis, RNA is
extracted from cells with the AllPrep DNA/RNA Mini kit (Qiagen) [99, 213]. Quality
and quantity are measured using the Agilent 2100 bioanalyzer (Agilent). Subsequently,
in two amplification cycles, RNA is first reverse transcribed to cDNA, amplified and
afterwards transcribed to labelled cRNA using biotinylated nucleotides based on the
small sample labelling protocol vII (Affymetrix). The cRNA is fragmented and hy-
bridised to U133 2.0 plus GeneChip microarrays (Affymetrix) [99-102, 212, 216, 217].
Fluorescence intensity of the DNA-microarrays is scanned. For each spot the fluores-
cence intensity correlates with the number of transcripts bound to the specific probe.
Resulting images are analysed by microarray image analysis software and saved as a
so called "CEL" file. This text-based file contains position, calculated intensity values,
standard deviation and number of pixels for each probe.

RNA-seq. RNA-seq allows the analysis of the transcriptome using high-throughput
massive parallel sequencing by synthesis. RNA-seq is performed using the proto-
col optimised for low input analysis of CD138-purified plasma cells [211]. The ex-
tracted total RNA (5 ng, minimum 10 pg) is used to generate the full-length double-
stranded cDNA [209, 211, 212]. For this, first-strand cDNA 1is synthesised, applying
the SMARTer Ultra Low RNA Kit (Clontech laboratories, Illumina), and purified us-
ing SPRI AMPure XP Beads (Beckman Coulter). Subsequently, the double-stranded
cDNA is amplified by long-distance PCR and again purified using SPRI AMPure XP
Beads (Beckman Coulter). The Agilent 2100 BioAnalyzer and the Agilent High Sen-
sitivity DNA Kit (Agilent Technologies) are used to quantify and validate the purifica-
tion. Full-length cDNA is randomly sheared into smaller fragments using the Covaris
system, and 10 ng are used for library preparation, according to the Illumina Sequenc-
ing protocol (New England BioLabs) and using the NEBNext ChIP-Seq Library Prep
Master Mix Set. [211]

Sequencing is performed with 2x50-bp or 2x75-bp paired-end unstranded RNA-seq
on an Illumina HiSeq2000 [211]. For this, a so called "flow cell" is used, which is a
specific glass slide with covalently attached high-density forward and reverse primers
[158]. It contains eight lanes of two columns each built of 96 (2x50-bp RNA-seq) or
432 tiles (2x75-bp RNA-seq). Every patient is sequenced on one lane, which results
in 2x96 or 2x432 images per patient, each showing the randomly distributed sequence
fragment clusters. The output images of the sequencer are converted to two FASTQ
files per patient, using the Illumina tool bcl2fastq [211]. FASTQ files are text-based

22



2  MATERIALS AND METHODS

files and contain the nucleotide sequences of the fragments (so called "reads"), as well
as a quality string consisting of one quality score per base of every sequence [46]. This
base quality score indicates the probability that the corresponding base call is wrong,

and it is encoded in an [llumina format, ranging from 0 to 93 [46].

2.1.2 Patients and samples

All patients have been diagnosed according to standard criteria [60, 62, 111]. MM is
classified according to IMWG [111, 190]. The designation AMM includes patients
with an amount of M-protein of >30 g/L. and/or a plasma cell infiltration in the bone
marrow of >10%, as used and defined by Seckinger and Hose [214]. In total, 729
CD138-purified plasma cell samples from 52 MGUS, 142 AMM, 535 MM patients,
and 10 healthy donors from the university hospitals of Heidelberg and Montpellier
have been analysed. All patients were previously untreated. Additionally, 69 samples
of MMR were used. This cohort is called "HD cohort" in this thesis. All patients have
given their written informed consent in accordance with the Declaration of Helsinki be-
tween January 2002 and February 2015. The ethics committee of the Medical Faculty
of the Ruprecht-Karls-University Heidelberg and the Centre Hospitalier Universitaire
Montpellier have approved the studies (ethic vote no. 229/2003 and S152/2010). All

available samples are summarised in table 2.1.

Table 2.1: Patients, samples and investigations. Depicted is the cohort size per analysis. Event free sur-
vival (EFS) data for relapsed patients were not used due to heterogeneity of second line treatment proto-
cols. BMPC: Bone marrow plasma cell; MBC: Memory B cell; PPC: polyclonal plasmablasts; MGUS:
monoclonal gammopathy of undetermined significance; AMM: asymptomatic multiple myeloma; MM:
multiple myeloma; MMR: relapsed multiple myeloma; HMCL: Human myeloma cell line; iFISH: in-
terphase fluorescence in situ hybridisation; RNA-seq: RNA-sequencing; OS: overall survival; SJ: splice
junction; n: number of samples; NA: not available.

n | iFISH | Microarray | RNA-seq | EFS | OS | SJ

all 842 | 798 839 842 673 | 602 | 512
MBC 4 NA 4 4 NA | NA | 4
PPC 4 NA 4 4 NA | NA | 4
BMPC | 10 NA 9 10 NA | NA | 9
MGUS | 52 52 52 52 NA | NA | 52
AMM | 142 142 142 142 142 | NA | 29

MM | 535 | 535 534 535 531 | 534 | 388
MMR | 69 69 69 69 NA | 68 0
HMCL | 26 NA 25 26 NA | NA | 26

Bone marrow aspirates have been purified from 798 patients (52 MGUS, 142 AMM,
535 MM, 69 MMR). For all patients iFISH data were generated and are available.
CEL files from U133 2.0 plus GeneChip microarrays are available for 797 patients (52
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MGUS, 142 AMM, 534 MM, 69 MMR) and for 9 healthy donors. RNA-seq FASTQ
files from paired-end and unstranded Illumina HiSeq2000 analyses were generated
and are available for 798 patients (52 MGUS, 142 AMM, 535 MM, 69 MMR) and 10
healthy donors.

Overall- and/or event free survival (OS and EFS) data are available for 744 patients
(142 AMM, 534 MM, 68 MMR). An event for EFS analysis is defined as disease pro-
gression or death of the patient. For OS analysis, all cases of death are considered as
event. Survival data include the status and the survival time of a given patient. The
status is 0 if no event occurred and 1 if an event occurs. The survival time is defined as
the period from the date of bone marrow extraction to the date of the last visit or, if an
event occurs, the date of the event. The survival time is depicted in months. Patients
undergoing an allogenic stem cell transplantation are censored four weeks after pre-
vious autologous stem cell transplantation. For these patients the last available status
and survival time, before the censoring event occurred, is used.

Additional data are available for 4 MBC, 4 PPC and 26 HMCL samples. Unlike
myeloma and MGUS patient data, MBC and PPC data for RNA-seq and DNA-
microarray are not based on the same donor samples due to sample availability.

All available clinical parameters, as age, ISS stage or light chain type, are listed in
table 2.2 and the number of patients for which each parameter is available is given. If
a parameter was not determined or applicable, it is depicted as "NA" (not available).
In supplementary table B.7, the characteristics are depicted for the TG, VG and TeG.
No significant differences in distribution of the variables could be found (Pearson’s
chi-squared test, see section 2.2.2).

For risk stratification and molecular classification training, validation and testing the
available data were divided in three groups. This is necessary to prevent overfitting,
which occurs, if a stratification or classification is perfectly adjusted to the training set
and thus well applicable in this set only, i.e. not to a new set. Hence, the data are fitted
on the training group (TG), validated on the validation group (VG) and tested on an
internal "hold out" set, which is not included in stratification or classification training
and creation (TeG). An example for the impact of overfitting can be seen in the first
calculations of the RS-seq, see section 4.2.3. The three groups were divided, using the
sample function in R [20, 199]. The number of samples in each group was specified.
The initial proportions have been 48% of the samples in the TG and 26% in the VG
and the TeG, respectively. Due to the increase of the number of available samples over
time, the current size of the TeG is comparable to the TG (see table 2.3). Two different
TG were used. TG 1 includes 4 MBC, 4 PPC, 9 BMPC, 26 MGUS, 26 HMCL, 194

symptomatic and 19 asymptomatic myeloma samples. Nine BMPCs were used, as the
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Table 2.2: Patient characteristics. MGUS: monoclonal gammopathy of undetermined significance;
AMM: asymptomatic multiple myeloma; MM: multiple myeloma; MMR: relapsed multiple myeloma;
ISS: International staging system; R-ISS: revised ISS; NA: not available; NR: not reached; n: number
of patients. For MM the median overall survival is depicted in months.

MGUS AMM MM MMR

Median

survival
Variable Level n % n % n % [months] | n %
Sex female | 28 | 53.8 | 69 | 48.6 | 218 | 40.7 90.9 27 | 39.1
male 24 | 462 | 73 | 514 | 317 | 59.3 88.8 42 | 60.9
<60 21 | 404 | 65 | 45.8 | 287 | 53.6 103.5 24 | 34.8

Age [years]

>60 31 | 59.6 | 77 | 542 | 248 | 464 78.5 45 | 65.2
<20 48 1923 | 59 | 415 | 102 | 19.1 90.2 24 | 34.8
Monoclonal >20 4 7.7 34 | 239 | 67 12.5 95.1 13 | 18.8

protein [g/1] >30 0 | 00 | 41 | 28.9 | 280 | 52.3 90. 11| 159
NA 0| 00 8 56 | 86 | 16.1 21 | 304

1 44 | 84.6 | 110 | 77.5 | 225 | 42.1 128.4 23 | 333

ISS stage 2 3|58 15 | 10.6 | 161 | 30.1 80.7 14 | 20.3
3 4 | 1.7 7 49 | 134 | 25.0 55.8 4 | 58

NA 1 1.9 10 | 7.0 15 | 28 28 | 40.6

I 24 | 462 | 56 | 394 | 115 | 21.5 NR 11 | 159
II 14 | 269 | 38 | 26.8 | 226 | 42.2 86.7 17 | 24.6
III 1 1.9 4 28 | 70 | 13.1 41.5 2 129

NA 13 | 250 | 44 | 31.0 | 124 | 23.2 39 | 56.5
low 16 | 30.8 | 24 | 169 | 45 8.4 147.6 1 1.4
Meta score medium | 35 | 67.3 | 108 | 76.1 | 415 | 77.6 99.6 37 | 53.6

risk high 0| 0.0 0 0.0 | 59 | 11.0 37.2 3 | 43
NA 1 1.9 10 | 7.0 16 | 3.0 28 | 40.6

R-ISS stage

last BMPC-sample was included at a later time. The TG 1 is used for the GPI, as its
creation requires additional cell types. This cohort was also used for the t(4;14) clas-
sification, as the translocation is not biologically limited to MGUS or myeloma (e.g.
presence in cell lines). TG 2 is used for all other stratifications and classifications and
includes the 194 symptomatic myeloma samples. The validation group VG consists of
108 and the test group TeG of 233 symptomatic myeloma patient samples. TG 2 does
not comprise other cell types, as processing these together with malignant plasma cell
samples can skew the distribution (data not shown).

As external validation, the CoMMpass cohort data (version IA13) were used [51, 169].
This publicly available database from the MMRF comprises data for 767 newly diag-
nosed MM patients, including pre-analysed RNA-seq data, WGS data, survival data
and predictions for translocations. The pre-analysis is depicted in figure 2.3. The
MMREF have used the "Genome Reference Consortium Human Build 37" (GRCh37) as
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reference genome. The following files were downloaded: clinical information, counts
determined with HTseq [5] and aligned with STAR [58] against the human genome
and OS and EFS survival data per patient.

Table 2.3: Patients, samples and investigations of TG, VG and TeG. Overview of samples per cohort in
a training group (TG) 1 and b TG 2 and c the validation (VG) and test group (TeG). MBC: memory B
cell; PPC: polyclonal plasmablasts; BMPC: bone marrow plasma cell; MGUS: monoclonal gammopa-
thy of undetermined significance; AMM: asymptomatic multiple myeloma; MM: multiple myeloma;
MMR: relapsed MM; HMCL: human myeloma cell line; iFISH: interphase fluorescence in situ hybridi-
sation; RNA-seq: RNA-sequencing; DNA-seq: DNA sequencing; EFS: Event free survival; OS: Overall
survival; n: number of samples; NA: not available.

Set | Entity n | iFISH | Microarray | RNA-seq | EFS | OS
a| TG1 | MBC 4 NA 4 4 NA | NA
TG 1 PPC 4 NA 4 4 NA | NA
TG1 | BMPC | 9 NA 8 9 NA | NA
TG 1 | MGUS | 26 26 26 26 NA | NA
TG1 | AMM | 19 19 19 19 19 | NA
TG 1 MM 194 194 193 194 193 | 194
TG 1 | HMCL | 26 NA 25 26 NA | NA

b \ TG?2 \ MM \ 194 \ 194 \ 193 \ 194 \ 193 \ 194 \
c| VG MM 108 108 108 108 105 | 107
TeG MM | 233 233 233 233 233 | 233

2.1.3 Annotations

The "Genome Reference Consortium Human Build 38" (GRCh38) was used as human
genome reference. Corresponding data were downloaded from the genome database
and browser Ensembl [253]. The detailed download links are listed in supplementary
table B.4. The primary assembly of the human genome sequence GRCh38 (release
77), not containing alternative sequences, has been downloaded in FASTA format.
FASTA is a text-based format for storing sequences with their description, e.g. the
chromosomal location. For annotating the human genome, a "Gene Transfer Format"
(GTF) file (release 82) was used. It includes feature descriptions, e.g. information for

each gene, transcript or exon.

2.2 General statistical methods

In this section, the general statistical methods used in this thesis are explained. It
includes a description of comparison methods, significance tests and graphical repre-
sentation of the data. Each method is selected based on the data type: survival data,
categorical data or continuous data.

In general, p-values were used as statistical confidence measure. In case of several

p-value estimations, defined in this thesis as at least 20 comparisons in the same cohort
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(see section 4.1.5), there is an increasing probability of observing significant p-values
by chance. Hence, the p-values were adjusted for multiple testing. Two methods are
commonly used. Applying the Bonferroni adjustment, a significant p-value has to be
smaller than the significance threshold o divided by the number n of performed tests
[179]. Using the false discovery rate (FDR), all p-values are ranked and divided by the
respective percentile rank [179]. The FDR is the proportion of false positive amongst
all predictions. The latter approach was used in this thesis. For this, the function
p.adjust was used with the Benjamini-Hochberg method (BH), which controls the
FDR [21]. An effect was considered as statistically significant if the p-value or the ad-
justed p-value (where applicable) of its corresponding statistical test was smaller than

5%, unless it is stated otherwise.

2.2.1 Survival data

Survival analysis is the examination of events in a population over time. Events
are the death of a patient (for OS and EFS) or disease progression (for EFS only,
see section 2.1.2). Survival analysis was performed using the R package survival
[228, 229]. A survival-object was generated with the function Surv, using the sur-
vival time and the status of the patients. The survival-object was used as response
variable in the model formulas, used in the following functions. In univariate analysis,
where only one variable is considered, only this covariant was entered in the formula
(response ~ covariant). In multivariate analysis the effect of several covariants is
investigated. Hence, the extended formula response ~ covariants was used, while
several covariants were concatenated with a + sign.

Differences between population subgroups were tested using the log-rank tests of the
G-rho family of tests [88] by the R function survdiff. The resulting chi-squared
statistic (chisq) was used to calculate the log-rank p-value with pchisq [20] by
1-pchisq(chisq, df). The degree of freedom df corresponds to the number of
groups in the survival analysis minus one.

The Kaplan-Meier method [117] in the R function npsurv in the package rms [87] was
applied to calculate the survival curves by calculating nonparametric survival estimates
for censored data [65]. The median survival time was calculated using additional func-
tion quantile [20, 110] with a probability of 0.5.

Survival was plotted using the function survplot of the rms package Harrell [87].
Time is depicted in months and the p-value is based on the log-rank test of the G-rho
family of tests.

Hazard ratios were determined for the univariate and the multivariate OS and EFS anal-

ysis, using Cox’s proportional hazard model [6, 229]. A hazard rate is the frequency
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of an event (e.g. death) during a time period. Therefore, the hazard ratio depicts the
proportion of two hazard rates. A hazard ratio less than 1 indicates a decrease of the
hazard and a ratio larger than 1 indicates an increase. The hazard model was estimated
with the R function coxph [6, 229] in the package survival with default options. This
function results in a coxph-object, including hazard ratios with a 95% confidence in-
terval. Regarding categorical data, the ratio is always calculated comparing the first
group against the other levels, with the first group always being the low risk group.
Regarding continuous data, the model was estimated excluding the first 24 months for
OS and the first 18 months for EFS, as with them the hazard functions were dependent
on time. Fulfilling this "proportional hazard assumption" is a prerequisite for model
validity. The assumption was verified with the function cox.zph, which performs a
Schoenfeld residuals chi-squared statistic for each covariate [80, 229]. The assumption
of proportional hazards has to be discarded, if the p-value is significant (p < 0.05).
The coxph-object also includes the results of two p-value tests for the hazard ratios:
the Wald test calculates a p-value per level [241], and the log-rank test calculates a
p-value over all values for the hazard ratios [88].

The univariate and multivariate hazard ratios are illustrated as forestplot, using the
function and package forestplot [78]. This depicts the hazard ratios with their 95%
confidence interval and the p-values of the Wald test per level. A hazard ratio is inde-
pendently predictive, if its p-value is significant in multivariate analysis.

Three measures were used in this thesis to evaluate the performance ("goodness of fit")
of a risk prediction model: the Brier score, R? and concordance statistic.

Brier score. The function and package pec in R [161] was applied to calculate the
Brier score. The lower the score, the better is the prediction model. The survival ob-
ject (surv.obj) was used as input. The option cens.model was used to determine the
survival data with the Kaplan-Meier method and multiSplitTest=T for the Van de
Wiel tests [235]. Bootstrap re-sampling was performed for cross-validation of the re-
sult (splitMethod="bootcv"). The number of bootstrap samples B was defined as
one third of the number of samples and the number of bootstrap samples for resam-
pling M as two thirds of the number of samples. As time interval for validation and
testing years with data of at least 10% of patients were considered for the Brier scores
depicted in this thesis. This is a tested time interval of 0 to 72 months for EFS and of 0
to 108 months for OS (option testIBS). For risk stratification creation, using the TG,
a maximum endpoint of 108 months for EFS and of 120 months for OS was used.

R?. The function R2 in the R package pec was used to calculate the R? according to
Graf et al. [79] and Gerds et al. [73]. The option what="BootCvErr" and a time point
of 108 months for OS and 72 months for EFS was used. According to Hielscher et al.

28



2  MATERIALS AND METHODS

[92], this R measure performs better than the R? measure of Nagelkerke [173], which
is the default of the coxph function.

Concordance. The concordance is included in the coxph-object, calculated internally
with survConcordance, and extracted, using the function summary (coxph-object)
[228, 229]. The concordance ranges from 0.5 to 1, whereby a value of 1 indi-
cates an excellent predictability of the model and a value of 0.5 indicates no pre-
dictability [196, 228, 229]. A typical concordance for survival data is 0.6 to 0.79
[196, 208, 228, 229].

2.2.2 Categorical data

The relationship between categorical variables (e.g. presence or absence of expression
of a specific gene) was depicted in a confusion matrix (see table 2.4). In the top left
of the matrix, the percentage of consistency (CO) is depicted, which was calculated by
dividing the number of overlapping values by the number of all values.

Significant differences between categorical variables were determined using a Pear-
son’s chi-squared test with Yates’ continuity correction, applying the R function
chi.square [2, 95, 184].

Table 2.4: Model of confusion matrix. Depicted are the consistencies (CO1 and CO») and the non-

overlap (nCO; and nC0O;) of microarray and RNA-sequencing (RNA-seq). The overall consistency
(CO) is calculated by dividing the number of overlapping values by the number of all values.

€01 +CO .

CO% = COH—nCO}—Q—COi—i—nCOZ 100 | microarray
C01 nC01

RNA-seq 2CO, | CO,

2.2.3 Continuous data

Differences of continuous variables (e.g. gene expression values) between groups
(e.g. disease entity) were assessed by exact Wilcoxon rank-sum test [19], using the
wilcox.test function in R.

A Jonckheere-Terpstra (JHT) test [114] was applied to test for ordered differences
among groups using the R package clinfun [218]. If the number of analysed patients is
larger than 100, the number of permutations for the reference distribution (nperm) was
set to 1000 to obtain a permutated p-value.

The correlation of two paired variables was calculated using cor.test with method
m=pearson, performing a Pearson’s product moment correlation [23, 94]. The result-
ing correlation coefficient r is presented with its confidence interval. The correlation

coefficient ranges from O to 1, where values below 0.1 indicate negligible correlation
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and values above 0.9 very strong correlation [9, 195, 210].

Continuous data were graphically depicted in point plots, boxplots and a principal
component analysis (PCA). Boxplots were generated with the boxplot function in R
[20, 35, 171], in combination with the jitter function [35, 36]. Numbers at the bot-
tom of the plot depict the number of points for each box.

The PCA [185] was performed to visualise a multivariate data analysis in a scatter plot.
The PCA performs a dimensionality reduction. For this, a data matrix is approximated
by describing it as a product of small matrices, the principal components. Using the
first two principal components, which explain most of the variance between the data,
reduces the matrix to its essential patterns and transforms it to a new coordinate system.
In this thesis, PCA analysis was performed via the command prcomp [20, 151, 239].
The default options were used, with exception of the option scale=TRUE to receive

uniform variances prior to the analysis.

2.3 Preprocessing
2.3.1 DNA-microarray preprocessing

For DNA-microarray analysis, the GEP-R pipeline developed by Tobias Meissner et
al. at the LfM [156] was adapted. The pipeline is shown on the left side of figure 2.2.

2.3.1.1 Normalisation

The DNA-microarray gene expression data of the TG data were normalised with
two methods, which both adjust for background intensities, e.g. optical noise and
non-specific binding. First, GC-robust multi-array average [250] in the function
just.gcrma (package gcrma [249]) was used, an R function considering GC-content
and using robust multi-array average as normalisation method across chips. The pa-
rameters of the normalisation were saved, using the preproc and the wrap.val func-
tion in the docval package [123], which enables the normalisation of new samples with
the same parameters. To normalise the VG and the TeG samples, the wrap.val.add
function of the docval package [123] was used, applying the parameters from the TG.
Second, the whole cohort was normalised with the mas5 algorithm from the affy pack-
age in R [70], which normalises by scaling all samples to the same mean, which is 500
by default.

2.3.1.2 Presence of expression
Presence or absence of gene expression was determined for gcrma normalised data,

using "Presence-Absence Calls from Negative Strand Matching Probesets" (PANP) al-
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gorithm with pa.calls function in the package panp in R [247]. "Negative strand
matching probesets" are probes without known hybridisation partner, supposed to rep-
resent the background noise. The PANP algorithm uses them to estimate for each
probe a probability of present expression and the resulting p-values are used to stratify
the probes in three classes: present (P), marginal present (M) and absent (A) expres-
sion. For the VG and the TeG samples, presence or absence of gene expression was
determined with the modified PANP function of the GEP-R [156]. Present and absent

expression determination using microarrays is referred to as "PA call" in this thesis.

2.3.1.3 Quality control

The GEP-R was used to control the quality of the microarray CEL files, comparing the
quality parameters of a new file to a reference cohort [156]. Parameters include e.g.
the number of expressed genes or the background noise, which should be similar in all
samples. Furthermore, reproducibility, hybridisation performance, RNA degradation

and the detection of artefacts is controlled [156].

Microarray ‘ RNA-sequencing

CEL files ‘ Read count table

Normalisation with EdgeR : calculate
normalisation factors (TMM) and counts
per million (CPM)

Normalisation with gcrma: adjust for
background intensities

Batch correction with Combat :
Log?2 transformation

PA call with panp: Presence or absence .
of gene expression PA call: present expression =

at least 1 CPM per gene length/1000

Gene expression RNA

Expression table Expression table

Figure 2.2: Flowchart of normalisation of RNA expression normalisation assessed by microarray and
RNA-seq. Depicted are methods for: microarray and RNA-sequencing (RNA-seq) gene expression
analysis used in this thesis. Left side: Microarray CEL files were normalised and batch corrected.
Calls of presence and absence of expression were assessed with PANP function in R (PA call). Right
side: RNA-sequencing reads were counted per gene and normalised by determining counts per million
(CPM). Presence and absence of expression was assessed on RNA-seq with a threshold of one CPM x
1000/ gene length. Both pipelines result in a gene expression table.

2.3.2 RNA-sequencing preprocessing

The development and application of the RNA-seq pipeline was part of this thesis.
Three main steps have been performed for the general RNA-seq analysis pipeline:
Alignment of the FASTQ files to a reference genome, counting reads, and normalisa-
tion. In figure 2.3 the preprocessing is depicted, and, on the right side of figure 2.2, the
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normalisation strategy is shown.

The first step to process FASTQ files is to align the reads to a database or a reference
genome in order to reconstruct the full-length transcripts and assign the sequencing
reads to the annotated genes [133]. The second step is to count the reads aligning to
a feature, e.g. a gene. A read may align to several genes and is then called "multiple
mapping read". It can then either be counted for each gene, or not counted at all [S]. As
genes can overlap, mapping reads may be ambiguous and not assignable to one gene
[5]. The third step is to normalise the read counts. The comparison between different
samples can be enabled, minimising biases like influence of sequencing depth or dif-
ferences on the RNA composition among samples [28, 168]. The comparisons within

a sample becomes possible by correcting the counts by e.g. gene length.

RNA-sequencing

RNA FASTAQ files RNA FASTQ files CoMMpass
: STAR with default : STAR with default
options; GRCh38 genome and options; GRCh37 genome and
< Ensembl databases release 82 Ensembl databases release 74
Z
% RNABAM files % = RNABAM files
S £
Z S
o per gene and splice 2 per gene: Htseq
& junction: STAR with default options; =
z uses Htseq internally g
=
(3 per mutation: bam-
readcount with default options
Sum technical replicates
Count table Count table

Figure 2.3: Flowchart of RNA-seq preprocessing. Left part: RNA FASTQ files from the Heidelberg
cohort were aligned with STAR against the human genome GRCh38 and reads were counted. Quality
control was performed before alignment, after alignment and after read count. Right part: The analysis
of the CoMMpass cohort performed by the multiple myeloma research foundation (MMREF) is depicted
in pale colours.

2.3.2.1 Alignment and read count per gene, per splice junction and per base

"Spliced Transcripts Alignment to a Reference" (STAR, [58]) is a fast, universal RNA-
seq aligner developed by Dobin et al. [58]. It uses a two-step algorithm, first searching
for the longest perfect matches (seeds), and then clustering the seeds and stitching the
seed combinations with the best alignment score for a read. STAR includes the detec-
tion of chimeric and fusion alignments and the identification of splice junctions [58].
It internally uses htseq-count [5] for counting reads, either per gene or per transcript.

By default, htseg-count is used in the mode union, counting only reads which can
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be assigned to exactly one gene, i.e. multiple mapping reads are discarded. The re-
sults of STAR are aligned files in BAM or SAM format, read count files and various
log files, usable for troubleshooting and quality control. The code belonging to this
section can be found in supplementary code C.1. Reads were counted three times, per
gene, per splice junction and at a specific position per base.

The reference FASTA file with the human genome sequence (GRCh38; release 77),
recommended by STAR, and the most recent annotation GTF file (release 82) were
used to generate genome indices for STAR with default options, while a parallelisation
was performed (-runThreadN 15) (line 16). The genome indices are necessary to en-
able a fast mapping and have to be created only once for all alignments.

Reads in both paired-end FASTQ files of the samples were aligned against
the genome indices. = FASTQ files were uncompressed during the analysis
(-readFilesCommand gzip -cd). To speed up computations, the alignment was
parallelised (-runThreadN 15), the genome has been loaded and kept in memory
between samples (-genomeLoad LoadAndKeep) and the RAM limit was expanded
(-limitBAMsortRAM 31532137230). Reads were counted per gene (-quantMode
GeneCounts) and splice junction and not mapping reads were saved in an extra
FASTQ file (-outReadsUnmapped Fastx). Default options for counting reads with
htseq-count exclude multiple mapping and ambiguous reads. The resulting binary
BAM files are sorted by coordinate (—outSAMtype BAM SortedByCoordinate) (line
19). Subsequently, samtools [141] was used for generating an index (samtools
index) (see line 22).

To quantify reads at a specific position, the tool bam-readcount [135] was used (see
supplementary code C.1 line 25). It counts the aligned reads at a single nucleotide
position and returns the number of reads of the mapped base. The mapping quality
of the read, the base quality and the number of mapping reads on the plus and on
the minus strand is returned. Many reads mapping to only one strand may indicate
PCR duplicates. Likewise, the average position of a nucleotide within a read is in-
cluded. A position at the edges of a read indicates lower quality. This function was
exemplary used to count the reads on chromosome 7 at position 140753336, using the
STAR alignments per gene. The position in the example is known as protein mutation
V600E or V600K (see "Short Genetic Variations database" [220], dbSNP identifier:
rs113488022) (see also section 2.8.3).

2.3.2.2 Alignment and read count per transcript

For transcript quantification, reads were counted using RSEM, developed by Li and

Dewey [140]. The code belonging to this section is depicted in supplementary code
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C.2. RSEM quantifies both uniquely and multiple reads and visualises the results. The
quantification was performed in three steps. First, a RSEM specific transcript refer-
ence was generated with RSEM, using the GRCh38 genome and the GTF file (see
supplementary code C.2, line 9). The option -star was appplied, to create STAR
compatible indices. Second, STAR was used to align the reads in both paired-end
FASTAQ files of the samples against the genome (line 12). The same options as for the
gene count were applied, with the following exceptions: Reads were counted per tran-
script (-quantMode TranscriptomeSAM), the output was not sorted (-outSAMtype
BAM Unsorted), and not mapping reads were discarded. Third, transcript expression
was counted, using the RSEM function rsem-calculate-expression with default
options, specifying that the samples are paired end (-paired-end) and performing
parallelisation (-num-treads 15) (line 15).

Plots presenting the read depth for each transcript were generated with the RSEM
function rsem-plot-transcript-wiggles, using the option -show-unique to dif-
ferentiate between uniquely and multiply mapping reads (line 19). The transcripts for
each gene (e.g. BCMA and CD38) are provided in a text file (line 18).

2.3.2.3 Normalisation

The read counts per gene were normalised in order to enable the comparison between
different samples [28, 168], accounting for two main technical influences: RNA com-
position and library size. The former is the amount of reads per gene (see section
4.1) and the latter is the total number of mapped reads, which reflects the sequencing
depths. For this, the Bioconductor package "empirical analysis of digital gene expres-
sion in R" (edgeR) [38, 154, 200] was used, a tool for differential expression analysis
of count-based expression data from RNA-seq or similar technologies. The code be-
longing to this section can be found in supplementary code C.5.

To assess a read count table, the read counts for unstranded RNA-seq were extracted
per sample from STAR output files ReadsPerGene.out.tab (column 2) and the columns
were merged in a table of counts in R (rows=genes, columns=samples). For several
patients, more than one RNA-seq analysis has been performed. These technical repli-
cates were summed with aggregate in R (see supplementary code C.5, line 2) [4].
The table of counts was filtered by excluding genes with no counts in all samples
(lines 5-6). Counts were normalised by calculating the normalisation factors with the
weighted trimmed mean of M-values (TMM) (line 10), in order to account for the RNA
composition. This method calculates the relative quantitative changes, also called log-
fold changes, per gene between the samples. It calculates a scaling factor per sample

which minimises the log-fold changes [201]. The counts per million (CPM) were com-
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puted in order to remove sequencing depths bias with accounting for the library size
and the scaling factors (line 11).

As the microarray gcrma normalised data are log2 transformed, log2 transformation
was performed with a prior count of 1 (line 14) for RNA-seq data for comparability.
The prior count was used to omit the usage of the undefined logarithm of 0 and a
value of 1 was chosen for a better visualisation, as O stays 0 after performing the log2
transformation (log2(0+ 1) = 0).

2.3.2.4 Presence and absence of gene expression

On DNA-microarrays, presence or absence of gene expression was determined with
the PANP algorithm in R [247] (see section 2.3.1.2).

On RNA-seq, one CPM normalised count adjusted by gene length was used as thresh-
old for presence. For this, the gene length was determined three times, using the human
genome GTF file (release 82). First, the stop position of each gene was subtracted from
its start position. Second, the length of all exons per gene was calculated, subtracting
the overlapping regions. Third, the length of all exons per transcript was calculated,
subtracting the overlapping regions, and the length of all transcripts belonging to one
gene was averaged (median length). The latter median gene length was divided by
1000 per gene and used as thresholds for CPM normalised expression values to dis-
tinguish between presence and absence per gene (see supplementary code C.17). See
section 4.1.3 for the discussion of the gene length.

On microarrays, three "levels" of expression were distinguished: present (P), marginal
present (M) and absent (A) expression (see figure 2.4). Marginal thereby defines a

group with presence at a lower certainty. Using RNA-seq, two groups were delineated,

RNA-seq Microarray

= present

M

Expression

A absent A

Figure 2.4: Model of presence and absence determination of gene expression assessed on microarray
and RNA-sequencing (RNA-seq). On microarray three groups are distinguished: absent (A), marginal
present (M) and present (P) expression. M depicts lower certainty of expression. On RNA-sequencing
two groups are distinguished, A and P. For comparison between the two methods, the P and M group of
microarray analysis are combined (depicted by the red coloured line).
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A and P. The presence of expression was compared between microarrays and RNA-seq
data. The microarray groups M and P were combined (MP) and compared to P group
on RNA-seq. The calculation of the percentage of consistency is described in section
2.2.2. Present and absent expression determination using RNA-seq is referred to as

PA-seq call in this thesis.

2.3.2.5 Quality control

Quality control was performed at three steps in the pipeline: before and after alignment
and after summing up the technical replicates. First, the raw RNA FASTQ files were
controlled with FastQC [49], designed for quality control of raw sequencing data from
high throughput experiments. It provides an overview of unusual and possibly prob-
lematic areas in eleven categories by returning a "pass"”, "warn" or "fail" for each cate-
gory. The categories are: "per base sequence quality", which provides an overview of
the distribution of the quality scores among all nucleotides per position in the FASTQ
file; "per tile sequence quality"”, which provides the average quality of each flowcell
tile per read position; "per sequence quality scores", which provides the distribution of
the quality scores among all sequences; "per base sequence content", which provides
the average frequency of every nucleotide per read position; "per sequence GC con-
tent", which compares the density of the GC contents per read to a theoretical normal
distribution; "per base n content", which provides the average number of "N" at each
position of the read; "sequence length distribution", which provides the read length
distribution; "sequence duplication level", which provides the density of the number
of duplicates per sequence in comparison to the relative number of sequences; "over-
represented sequences", which provides the most frequent (>0.1%) sequences; "k-mer
content", which provides imbalanced sequences of 7 bases length (called 7-mer); and
"adapter content", which compares the 7-mers to an adapter database. Detected over-
represented sequences were aligned to the human genome, using the sequence similar-
ity search tool BLAT [119] from Ensembl [253] with default options (see also discus-
sion in section 4.1.2). For a quick overview, the results of FastQC are given in graphs
and tables. FastQC was used in the non-interactive mode using the command line (see
supplementary code C.3).

Second, the alignment was controlled with the STAR final log files. Files with less
than 60 % mapped reads were discarded (discussed in section 4.1.2, see supplemen-
tary code C.4 lines 4 to 13).

Third, the read count table was controlled. For library size a threshold of at least 10
million reads [144] after summing up technical replicates was defined (see supplemen-
tary code C.4 lines 15 to 20).
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2.4 Present stratifications and classifications

Patients were classified and stratified by existing methods using three types of input
factors: conventional clinical factors, molecular alterations (iIFISH), and gene expres-
sion derived factors (DNA-microarray). Clinical risk assessment was performed re-
garding the ISS as defined by Greipp et al. [84], and using tumour mass surrogates
as M-Protein according to Kyle et al. [129]. Molecular alterations were used in com-
bination with clinical factors in the R-ISS score [182]. Gene expression determined
with DNA-microarrays was applied to assess biological variables as proliferation (GPI)
[101], risk stratifications based on the expression of specific gene sets (UAMS70 [219],
RS [197], EMC92 [124], and IFM15 [56]), and to classify multiple myeloma patients
in different molecular disease subentities (TC [22, 43] and MC [254]).

Two different training groups were utilised (see section 2.1.2): TG 1 is used in stratifi-
cations and classifications, for which other cell types are necessary (GPI) or which are

not limited to myeloma patients (t(4;14)), while in all other cases TG 2 is used.

2.5 Transfer of microarray-based stratifications and classifica-

tions to RNA-sequencing

All RNA-seq stratification and classification calculations are implemented as similar
as possible to the original DNA-microarray-based assessment of proliferation (GPI
[101]), of risk (UAMS70 [219], RS [197], EMC92 [124], and IFM15 [56]), and of
molecular classification of myeloma (TC [22, 43] and MC [254]) (see section 4.2 for
the discussion of the classification selection). For this, all genes of the underlying
publications were used, and only cutoffs for the stratifications in the different groups
were adjusted. The latter was necessary as evidently absolute values of scores do not
overlap due to different underlying laboratory methods. The pipeline comparing the
implementation of microarray stratifications and classifications with their implemen-
tation on RNA-seq is depicted in figure 2.5.

For the stratifications and classifications available in the GEP-R, the approach of
Meissner et al. [156] for their calculation was used.

As described for microarray-based stratifications and classifications and in section
2.1.2, normalisations with TG 1 were used for GPI and t(4;14), while normalisations
with TG 2 were used for all other stratifications and classifications. The validation
group VG was applied to compare and validate the survival performances of risk strat-
ifications and classifications. The test group TeG was used to confirm and validate their
performance. The normalisation of the training groups was performed with edgeR as

described in section 2.3.2.3.

37



2 MATERIALS AND METHODS

Microarray RNA-sequencing
Microarray CEL files TG Read count table TG
Normalisation Normalisation
Expression table Expression table
Determine interesting genes ‘ Translate or determine genes

Create risk stratifications and
molecular classifications

Classification creation

Calculate cutoff Calculate cutoff
Stratification and classification ‘ Stratification and classification
Scores table Scores table

Figure 2.5: Flowchart of stratification and classification training. Right side: Development of the strat-
ifications and classifications with the training group (TG) based on RNA-sequencing (RNA-seq). Left
side: Development of the stratifications and classifications on microarray data, depicted in pale colours
as they were present prior to this thesis. Both methods are as similar as possible. The normalisation is
described in detail in figure 2.2.

The first step of all stratifications and classifications is the gene translation in order to
use the initially described genes. The translation of the gene names was performed
in R, using the select function in the package hgul33plus2.db [29]. Translations
not present in the normalisation (e.g. due to lack of expression) were excluded. If
one microarray probeset matched several "Ensembl gene identifiers” (ENSG) used in
RNA-seq analysis, their expression values were added. If several probesets matched
the same ENSG, it was only used one time, while associated values were averaged.
For each translated gene of the stratifications, the RNA-seq expression was correlated
with the microarray expression of the genes. The genes with a correlation r < 0.15
were excluded and genes with a correlation r < 0.6 were further controlled in two
steps. First, the translation was controlled using the online GeneAnnot search tool
[33, 34, 64], which is based on the GeneCards database [226]. In the database, speci-
ficity, sensitivity and the gene number per probeset is deposited. The "specificity"” is
defined as the number of probes in a probeset, matching to the target gene, divided by
the number of probes, matching to any gene. The "sensitivity" is the number of probes
in a probeset, matching to the target gene divided by all probes of the probeset. The
"gene number" is the number of genes matching to the probeset. Genes with incon-
sistent translation were excluded (see section 4.1.4 for discussion of gene translation).
Second, per gene, the percentage of samples with present expression in microarray
and absent expression in RNA-seq has been determined (nCO1, see section 2.2.2). The

genes with nCO1 > 30% and a correlation r < 0.4 were excluded.
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2.5.1 Assessing proliferation (RPI)

Hose et al. [101] developed the gene expression-based proliferation index (GPI) at the
LfM at the University Hospital Heidelberg. It includes 50 genes, which were selected
by the gene ontology terms "cell proliferation" or "cell cycle". The genes were overex-
pressed in normal and malignant proliferating cells (HMCL and PPC) in comparison
to non-proliferating cells (BMPC and MBC) [101]. The cutoff for the three risk groups
was chosen in dependency of BMPC expression and the highest expression of the MM
group [101]. The GPI score is determined by summing up the expression of the 50
genes, considering whether a gene is generally expressed above the background noise
[101]. The GPI was developed as surrogate of a biological variable and it was not fitted
to survival [101].

The translation to RNA-seq data, the RNA-seq-based proliferation index (RPI), was
created in four steps. First, the 50 "GPI-genes" were translated into ENSGs. Second,
the PANP algorithm, implemented for microarrays in the R package panp [246] was
simulated on RNA-seq by using a threshold of one CPM normalised count, adjusted
by gene length, as described in section 2.3.2.4. Third, analogously to microarrays, the
sum of the expressions of the translated genes was calculated. Fourth, the two GPI
cutoffs (GPIcut) were transferred from microarray to RNA-seq. For this, the GPI and
the RPI of the TG 1, using MBC, HMCL, MGUS, AMM and MM samples, were cor-
related, and a linear regression line was fitted using Im(RPI ~ GPI). The slope m and
the y-interception value b of the regression line were used to determine the new cutoffs
(RPIcut) with RPIcut = m* GPIcut + b. The samples were stratified in three groups.

2.5.2 Assessing survival

2.5.2.1 UAMS70-seq

The UAMS70 is composed of 70 genes associated with short survival in MM, which
were identified using log-rank tests [219]. Of these genes, 51 were described "highly"
expressed and 19 genes were "lowly" expressed in the underlying publication. Based
on these genes, Shaughnessy et al. [219] defined a score delineating high risk and low
risk myeloma. The high-risk expression pattern was similar to the one of HMCL and
the low-risk expression pattern was similar to the one of MGUS and normal plasma
cells [219].

Five steps were necessary to transfer the UAMS70 to the UAMS70-seq score on RNA-
seq data. First, the 70 probesets were translated to 71 ENSGs. Second, the expression
of the genes was centred, by subtracting the given microarray centre values from the

expression values, for each gene. Third, the centred expressions were weighted and
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the score was calculated in two steps by calculating the matrix-vector product of the
expression values and a weighting matrix, and by multiplying the resulting values with
a microarray weighting vector. Fourth, the risk scores were divided in three groups
using a k-means clustering, which minimises intra-cluster variance (R function kmeans
[67, 89, 145, 149]). The centre of each group was calculated. Fifth, the samples were
stratified determining the shortest squared distance to the group centres. The low risk
and the medium risk group were merged as in the original publication for microarray
data [219].

2.5.2.2 RS-seq

Reme ef al. [197] together with the LfM presented a gene expression-based risk score
(RS) with 19 genes dividing patients into three groups. This score was fitted to an
overall survival analysis. Prognostic genes were selected using a running log-rank test
[197]. This algorithm performed survival analyses for every gene and selected the most
predictive genes. In dependence of the expected number of deaths, a gene was associ-
ated with good or poor prognosis [197]. The score was calculated by subtracting the
expression of "good" prognosis genes from the expression of "bad" prognosis genes.
Two optimal cutoffs were selected, dividing patients into three groups [197].

Four steps were necessary to determine the RS-seq on RNA-seq. First, the 19 probe-
sets of the original score were translated to ENSGs. Second, the expression of each
gene was multiplied with a positive or negative "prognosis" factor which is -1 if the
gene is associated with good prognosis according to the original RS and 1 if a gene
is associated with poor prognosis. Third, the values were summed up. Fourth, new
cutoffs were determined with the multi-cutoff running log-rank algorithm written by
Reéme et al. [197], using a set of parameters for a minimal size of a risk group (w),
FDR (fdr), a chi-squared statistic threshold (x2) between two survival curves and a
minimal number of events (cx) of 2. The function used is explained in detail in section
2.6. The samples were stratified in three groups, according to the best cutoff set. For
estimating the cutoffs, the parameters w, x2, and fdr were varied: w from 18 to 37 in
steps of 1 (representing 9 to 19% of patients, discussed in section 4.2.2), x2 from 0.01
to 0.05 in steps of 0.01, and fdr from 0.01 to 0.05 in steps of 0.01. In sum, the running
log-rank algorithm ran 500 times.

2.5.2.3 EMC92-seq
Kuiper et al. [124] identified 92 genes associated with survival in MM. For this, they

shrank the gene set by univariate Cox regression analyses and then used supervised
PCA, resulting in a 92 gene survival signature (EMC92). Two groups were defined,
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"standard risk" and "high risk". The cutoff was defined by using the proportion of pa-
tients with overall survival less than two years as cutoff for high risk [124].

Four steps were necessary to transfer the EMC92 to the EMC92-seq on RNA-seq
data. First, the 92 genes were translated into ENSGs. Second, the normalised and
log transformed gene expression per patient (nc.log) was standardised by mean vari-
ance, analogous to microarray standardisation. For this, the mean (m.7G) and the
standard deviation (sd.T'G) per gene over all samples of the TG were calculated and
standardisation was calculated using the formula %. Third, the standardised
values were multiplied with the original weighting scores and summed. Fourth, the
cutoff was determined using the proportion of patients with OS of less than two years
as group size of the high risk group. Samples were stratified in a standard risk and
a high risk group. For simplification of inter-score comparison, the former group is

called "low risk" group in this thesis.

2.5.2.4 IFM15-seq

The IFM15 of Decaux et al. [56] is based on 15 genes predicting poor prognosis.
These have been identified using iterative univariate Cox analyses in combination with
re-sampling and survival prediction of MM patients. An equation to calculate the score
has been generated, based on PCA. Patients were divided in two groups, using the 75%
quartile as cutoff [56].

On RNA-seq, the IFM15-seq was implemented in three steps. First, the 15 genes were
translated to ENSGs. Second, the score was calculated from the normalised RNA-
seq expression values using the original equation, with original weighting scores [56].
Third, scores were ranked and divided into quartiles, using the quantile [20, 110]
function in R. The cutoff was calculated as 75% quartile and patients were stratified in

two groups.

2.5.3 Assessing molecular entities

2.53.1 TC-seq

The TC classification [22, 43] is based on the expression of a set of nine genes (set
a: CCND1, CCND2, CCND3, FGFR3, MMSET, ITGB7, CX3CRI1, MAF, MAFB) and
on a set of ten genes (set b: TGFBI, CD14, CD163 (represented by two probesets),
FCGR3B, FCGR3A, CD5SL, NDUFA2, CCLI18, IK, TMCO6) [156]. Patients are clas-
sified into 8 groups (4p16, maf, 6p21, 11q13, D1, D1+D2, D2, none) (see also section
1.4.2.3) [22, 43].

The TC classification was transferred in five steps. In contrast to all other stratifications

and classifications, the TC-seq according to Chng et al. [43] was performed without
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log2 transformation. First, the probesets of the two gene sets, set a and set b, were
translated into ENSGs. Second, the geometric mean of the expression values of set
b was calculated, by exp(mean(log2(a+1))). Third, the median expression was de-
termined for each gene of set a, which is called "control value" in the original paper.
Fourth, new raw cutoffs were calculated by multiplying the median expression values
with the given norm cutoffs. Fifth, the TC classification was calculated using the given

equations in the underlying publication and in the GEP-R [43, 156].

2.5.3.2 MC-seq

The MC classification by Zhan et al. [254] distinguishes seven transcriptional signa-
tures (MS, MF, CD1, CD2, HY, PR, LB) based on unsupervised hierarchical clustering.
One hundred over- or under-expressed genes, identified by the nearest shrunken cen-
troid, were used to generate a class predictor, which classified the samples with 98%
accuracy [254]. Each subgroup has a characteristic expression pattern, mainly based
on nine genes (MAF, MAFB, FGFR3, MMSET, CCNDI, CCND2, CCND3, FRZB and
DKK1)) [254].

Two steps were necessary to create the MC-seq classification on RNA-seq data. First,
the probesets were translated to ENSGs. Second, these genes were used in the R pack-
age pamr [90] to create a predictor.

This software "Prediction analysis of microarrays" of Tibshirani et al. [230] is a method
for class prediction, based on gene expression data [230]. The objective of the tool is
to find a subset of genes, whose expression values can predict the classes. The subset
with the smallest prediction error and at the same time the smallest number of genes
is selected. The package iteratively calculates standardised centroids for each class
[230] for several sets of genes. A new sample is predicted by determining the closest
(squared) distance to the centroids (also called nearest shrunken centroid). As input,
a vector with the given classes and a dataset of gene expression values are necessary.
Therefore, pamr can also be used on RNA-seq data. First, the predictor was trained
using pamr . train. With pamr.adaptthresh, scaling thresholds for each group were
estimated, to further minimise the number of genes. The training was repeated with the
new scales. Afterwards, the classifier was cross-validated with pamr.cv. The results
of cross-validation were plotted with pamr . plotcv. A cutoff for the best predictor was
chosen by selecting the minimal misclassification error rate. If more than one minimal
error occurred, the cutoff with the fewest number of genes was used. The genes are

listed with pamr . 1istgenes. For a new sample, pamr . predict was used.
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2.5.3.3 Translocation prediction
The prediction of translocation t(4;14) was generated using all genes of the RNA-seq
normalisation. The ENSGs were filtered by variance (variance > 0.5). Then, the pamr

package [90] (see above, section 2.5.3.2) a was used to create a predictor.

2.6 Novel risk assessment: HDHRS

One of the main aims of this thesis was the generation of a novel risk stratification
using RNA-seq data. The resulting Heidelberg high risk score (HDHRS) for survival
in symptomatic patients was generated on RNA-seq data according to the method pub-
lished by Réme et al. [197] for microarray data, including the four steps explained by
Reme et al. [197]: 1.) Normalisation , 2.) gene selection, 3.) score calculation and 4.)
cutoff estimation.

1.) On RNA-seq data, gene filtering was performed before normalisation, as recom-
mended in the edgeR user’s guide [39]. One CPM in at least n patients is advised, with
n between 2 and the smallest group size, which is 18 in the TG (see section 4.2.2). For
clinical applicability, it was decided to use n = 9, which is half of the minimum group
size. Hence, first, genes were filtered retaining only genes which had at least one CPM
in nine patients. Genes were also excluded if the variance of CPM of all patients was
less than 0.15 [197]. Then, the TG was normalised as described in section 2.3.2.3.

2.) Prognostic genes were selected using a running log-rank test. For this, a survival-
object was generated with the function Surv. Expression values were sorted in increas-
ing order for each ENSG, resulting in the vector indx. Each expression value in indx
was used as threshold, dividing the patients into two groups. For each threshold, the
differences between the groups were tested with the R function survdiff. The best
expression threshold, resulting in at least two events per group and the maximal value
of the chi-squared statistic was selected. The log-rank p-value was calculated with
the function pchisq [20], multiplied by the number of samples, and adjusted with the
function p.adjust and the method BH. The threshold for the corrected p-values was
varied from 0.1 to 0.01 in steps of 0.0025 (see also 4.1.5). For each ENSG a prognosis
factor was specified, which was -1 if the number of deaths in the high expression group
was less than expected (good prognosis), and 1 in the opposite case (poor prognosis).
3.) The expressions of the ENSGs were multiplied with their prognosis factor. The
values were summed, resulting in the HDHRS score.

4.) The risk groups were determined using the algorithm for risk group optimisa-
tion (multi-cutoff running log-rank algorithm) and the samples were classified in three
groups. Patients were ordered according to their HDHRS score and divided into three

groups multiple times. For this, the cutoff points s; and s; with i € [1,n —w] and
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J € [i+w,n] were used. w is the minimal size of a risk group and was varied from 18
to 37 in steps of 1 (20 approaches, discussed in section 4.2.2). The factor w reduces
the number of cutoff pairs per approach to t = %;UW For each cutoff pair, a
survival-object was estimated with the function Surv. Differences between the groups
were assessed using the R function survdiff. Three differences were calculated, re-
sulting in three chi-squared statistics: between group 1 and 2 (cs12), between group 2
and 3 (cs23) and a global one (cs). The threshold (x2) in qchisq((1-x2),1) of csy3
and csp3 was varied from 0.01 to 0.05 in steps of 0.01 (5 approaches). The global
chi-squared statistic (cs) was used to determine the log-rank p-values with function
pchisqg. The p-values were adjusted with the function p.adjust and the BH method.
The threshold for the adjusted p-values (fdr) was varied from 0.01 to 0.05 in steps of
0.01 (5 approaches). As recommended by Reme et al. [197], the minimal number of
events (cx) in each group was two. Hence, for each gene set the algorithm was running
500 times. For all cutoff pairs which fulfil the above thresholds, c¢s1> and csy3 were
centred by subtracting their column means and scaled by dividing them by their stan-
dard deviations, using the scale [20] function in R. The minimum was determined
from both scaled values, which was used to select the cutoff pair with the absolute
minimal scaled value of the chi-squared statistics.

To describe the retained prognostic genes in the score, a reactome pathway analysis
was performed. For this, the select function in the package hgul33plus2.db [29] was
used to translate the ENSG to Entrez gene IDs and these were used in the package reac-
tome.db [143] to determine the associated pathways. The number of genes per pathway
was counted and divided by the number of genes with at least one database entry. The
main pathways were selected and the pathways of the HDHRS were compared to the

ones of the other stratifications.

2.7 Stratification and classification validation and testing

In the underlying GEP-R the "documentation by value" (docval) package [123] has
been used to normalise new samples, using the parameters from the training cohort.
This enables the analysis of new samples in clinical practice by ensuring the compa-
rability to former samples (see also section 4.1.1). For RNA-seq data, a new strategy
needed to be implemented normalising a new sample with the TG, enabling the use of
the previously determined cutoffs. For this, new raw counts were attached to the raw
counts of TG with the cbind function in R (see supplement C, code C.5, lines 3 to 16)
and normalisation of the samples was performed with edgeR as described in section
2.3.2.3. Then, normalised counts of the new sample were extracted. This normalisa-

tion was performed for each sample of the VG and TeG twice, once with TG 1 and
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once with TG 2. The complete normalisation function is shown in supplementary code
C.6. The pipeline, comparing the calculation of the stratifications and classifications
on microarray and on RNA-seq, is depicted in figure 2.6.

For each stratification and classification, an R function was developed, which was used
for validation and testing. These functions are listed in supplement C (code C.7, C.8,
C.10, C.9, C.13, C.15).

Microarray RNA-sequencing
Microarray CEL files VG 1-3 Read count table per gene VG 1-3
Normalisation with TG with edgeR:
Normalisation with TG parameters add each sample to TG and calculate
with gcrma and docval normalisation factors (TMM) and counts
per million (CPM)

PA call with panp: Presence or absence .
of gene expression Log?2 transformation

PA call: present expression = at least 1
CPM per gene length/1000

Classification calculation

Expression table Expression table
Calculate risk stratifications and Calculate risk stratifications and
molecular classifications molecular classifications

Scores table Scores table

Figure 2.6: Flowchart of stratification and classification calculation. Usage of stratifications and classifi-
cations with the validation group (VG), testing group (TeG), early stages (AMM) and relapsed myeloma
(MMR). Left side: Usage on microarray data. Calls of presence and absence of expression were assessed
with PANP function in R (PA call). Right side: RNA-sequencing reads were counted per gene and nor-
malised with the TG by determining counts per million (CPM). Presence and absence of expression was
assessed on RNA-seq with a threshold of one CPM * 1000/ gene length. Both methods are as similar as
possible.

2.7.1 Internal validation

For the stratifications with multiple results from the TG (RS and HDHRS), the TG
was used to reduce the initial sets and the VG was used to determine one final result.
Validation of the risk stratifications was performed in two steps 1.) examining the pro-
portion of the classes and 2.) comparing performance of survival analyses. Validation
and testing of the molecular classifications were only performed in step one. The steps

and strategy are discussed in section 4.2.2.

1.) examining the proportion of the classes
a In each class should be at least 9% of the patients, which are at least 18

patients in the TG and at least 10 patients in the VG (exceptions: MC, TC
and t(4;14) classification) (see section 4.2.2).
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b The proportions should be similar to microarray proportions: Each group
should differ in less than 20 percentage points and the proportions of the
stratifications should stay in the same order per score (visual inspection).

2.) comparing performance of survival analyses

a Survival curves were analysed graphically, excluding results with

"wrongly" ordered curves and intersecting curves in an interval from 24

months to the last but one event per curve.
b The log-rank test of the survival analysis should be significant (p < 0.05).

¢ A Brier score analysis was performed for TG with a time interval of O to
120 months for OS and of 0 to 108 months for EFS, and for VG and testing
groups of 0 to 108 months for OS and of 0 to 72 months for EFS. Stratifi-
cations with not significant Brier score for EFS and OS were excluded. For
HDHRS, the Brier scores of EFS and OS had to be significant.

d Stratifications with a concordance below 0.6 for EFS and OS were excluded

RPI and risk-based stratifications (UAMS70-seq, RS-seq, EMC92-seq, IFM15-seq,
HDHRS) were further validated in early stage patients (AMM), relapsed myeloma
patients (MMR) and an external cohort (see section 2.7.3 and 2.7.4 below).

2.7.2 Independent testing on the TeG

The independent TeG was used for testing translated stratifications and classifications.
Expression data of each patient in the cohort were normalised with TG 1 and with TG
2, and the stratifications and classifications were calculated. The TeG was used to de-
termine the "success" of the translation from DNA-microarray to RNA-seq. "Success"
was defined as fulfilling the proportion criteria (1a and 1b) and the first two of the

survival criteria (2a and 2b), described above for the VG (see also section 4.2.2).

2.7.3 External testing in early stage and relapsed myeloma patients

Like for VG and TeG, each AMM and each MMR sample was normalised twice, once
with TG 1 and once with TG 2. The resulting expression values were used to calculate
the stratifications. The same cutoffs were applied as for symptomatic MM. In AMM
the high risk group and the medium risk group were merged, due to (expectedly) few
samples in the high risk group. In MMR, the low risk group and the medium risk group
were merged, due to (expectedly) few samples in the low risk group. In AMM the
progression rate to MM and in MMR the OS were used for survival analysis. Regarding
RPI stratification, which was trained on the TG 1, the 19 AMM included in the TG 1

were not used for validation.
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2.7.4 External testing on CoMMpass cohort

The CoMMpass cohort was used as external testing cohort. Samples before inclusion
in treatment were selected. As the downloaded alignment has been performed against
the human genome GRCh37, and not GRCh38 (unavailable), normalisation with TG 1
and TG 2 could not be performed. Hence, the CoMMpass cohort was normalised sep-
arately with edgeR as described in section 2.3.2.3. Subsequently, the normalised data
were standardised with a modified Z-score normalisation, in order to adjust differences
in the gene expression pattern of the CoMMpass cohort (GeneExprcp) versus the HD
cohort, using the means Ucp and uyp and the standard deviations o¢cp and Ogp.

GeneE —
StandardisedGeneExprcp = enebxprep — Hep *Oyp + UHD (1)

Ocp

The age of the patients of the HD (median 59 years) and CoMMpass cohort (median
64 years) is significantly different (see section 3.4.2 and 4.3). To exclude the influence
of this difference, a subgroup of the HD cohort with comparable age distribution was
selected. For this, of every ten years the same proportion of patients as in CoMMpass
cohort was selected in HD cohort, by chance. This subgroup was used for standardi-
sation. The flowchart of stratification calculation on CoMMpass cohort is depicted in
figure 2.7.

One gene (ENSG00000276234) of the HDHRS stratification was missing in the
CoMMpass cohort. Hence, the expression of this gene was replaced by the median

expression of that gene in the HD subgroup.

RNA-sequencing CoMMpass

Read count table CoMMpass VG 4

Normalisation

Expression table

Adjustment: Modified Z-
transformation per gene

Expression table

Calculate risk stratifications and
molecular classifications

Classification calculation

‘ Stratification

Scores table

Figure 2.7: Flowchart of stratification calculation for the CoMMpass cohort. The CoMMpass cohort
was normalised with edgeR. The expression values per gene were adjusted with Z-score normalisation
(see also equation 1) to a subgroup of the Heidelberg cohort. The subgroup was selected according to
the age distribution of the CoMMpass cohort.
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For the translocations in the CoMMpass cohort [169], available RNA-seq and WGS
data were applied. The CCND1-call was used for t(11;14), CCND3-call for t(6;14),
MMSET-call for t(14;16) and MAF-call for t(4;14). For the aberrations gain 1q21,
deletion 13q14, deletion 17p13 and hyperdiploidy, given WGS data were used.

2.7.5 HDHRS validation on microarray

To further validate the novel HDHRS, the score was transferred to DNA-microarrays,
i.e. the inverse strategy compared to the implementation of microarray-based scores.
The translation of the ENSGs to gene symbols was performed in R, using the select
function in the package hgul33plus2.db [29]. The package jetset [142] was used to
find the best matching probeset for a gene symbol. Jetset uses a scoring method, which
quantifies specificity, coverage and robustness. The "specificity" is defined as the frac-
tion of probes of a probeset, which specifically match to the target gene [142]. The
"coverage" is the fraction of transcripts of a target gene, which specifically matches
to the probeset [142]. The "robustness" is defined as the probability, that the target
sequence is synthesised, considering transcript degradation and enzyme processivity
[142]. Jetset returns exactly one match between one probeset and the sought gene
symbol (see section 4.1.4 for the discussion of the gene translation).

As for RS-seq, the expression of each gene is multiplied with the prognosis factor and
the values were summed up for HDHRS-GEP. New cutoffs were calculated with the
running log-rank S3 algorithm published by Reéme ef al. [197], varying the parameters
w, x2, and fdr: w from 18 to 37 in steps of 1 (representing 9 to 19% of patients, dis-
cussed in section 4.2.2), x2 from 0.01 to 0.05 in steps of 0.01, fdr from 0.01 to 0.05 in
steps of 0.01.

2.8 Evaluation of potential targets

Twenty-five exemplary targets affectable by different treatment strategies (see section
1.5 and 3.5) were assessed in this thesis. Targets were evaluated with three methods,
assessing the expression, determining splice variants, and detecting mutated targets. As
the target evaluation in this thesis did not prerequisite training and fitting, all patients

were used. The normalisations with TG 1 was applied.

2.8.1 Target expression

The R package panp [246] was used to classify an expression as "absent" or "present".
On RNA-seq the PA-seq call, described in section 2.3.2.4 was used.

Overexpression in RNA-seq is defined as a present expression value higher than the
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median expression in the BMPC samples plus 3 times the standard deviation. This is
the same definition as previously used in the GEP-R [156] (see supplementary code
C.18). A distinction was made between overexpression and aberrant expression. The
latter was defined as both overexpression in MM (see above) and absent expression in
BMPC samples. In the GEP-R, absent expression in BMPC is defined as absent (A)
or marginal (M) expression of all BMPCs in the PA call. Due to the different method
used for assessment of gene expression, absence and presence of expression needed to
be defined differently for RNA-seq data. Absence of BMPC expression was defined as
90% BMPC samples with absent expression (n=9), in the PA-seq call (due to higher
sensitivity of the RNA-seq-based threshold, see section 4.1.3).

For survival analysis using the expression of the targets, the patients were stratified
in two groups, either by applying the PA/PA-seq call, or by applying a maximally
selected log-rank statistics. For the latter, the function maxstat.test of the package
maxstat [104, 105, 136, 137] was used, applying smethod="LogRank". The function
determines an optimal cutoff for distinguishing a low and a high risk group. The cutoffs

for EFS and OS were averaged, to generate a unique threshold per target.

2.8.2 Splice variants

Alternative splicing events can potentially eliminate the target sequence of especially
cell surface proteins targeting immunotherapeutic approaches, e.g. CD38 or BCMA.
The splice variant analysis has been performed for a subset of the currently available
samples (see table 2.1) within the framework of two co-authored articles of Seckinger
et al. [212, 213]. The counted splice junctions were filtered for annotated junctions
of the genes CD38 and BCMA, using the human genome GTF file (release 82). The
splice junctions of each sample were discarded if less than 10 reads were detected (see
supplementary code C.16, line 12). For comparison: The raw number of reads in MM
samples over all splice junctions in CD38 ranges from 179 to 23996, while the gene
length is 1560. The percentage of each splice junction in comparison to all other splice
junction was determined per patient sample. A specific splice junction is defined as
belonging to only one transcript.

A transcript was counted as present if each splice junction of the full-length transcript
was detected (see supplementary code C.16, line 20 to 22). If no alternating splice
junction is spanned by at least 10 reads, only this transcript is called present. The
number of reads of alternating, annotated splice junctions was calculated per patient
for 1%, 5% and 10%.

No normalisation was performed.
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2.8.3 Mutation detection

As clinically relevant example for mutation detection, the BRAF mutations (V600E
and V600K, dbSNP identifier: rs113488022) were used. Therefore, reads at the corre-
sponding position 140753336 on chromosome 7 in the human genome GRCh38 were
counted per base using bam-readcount [135] (see section 2.3.2.1). The reference
base at this position is "A". Mutations to be counted as present required: 1) at least two
reads covering the mutation, ii) the highest mean mapping quality of 255, iii) a base
quality of at least 30, iv) at least one read in each strand direction, v) an average base
position in the intermediate 85% of the nucleotides and vi) a variant allele frequency
of at least 10%. The latter is calculated by dividing the number of reads spanning the
mutation by the number of all reads spanning the position. The code for this section
is depicted in supplementary code C.19. Within the same argumentation as for iFISH,
a threshold of 60% was assessed to distinguish clonal and subclonal mutations (see
iFISH in section 2.1.1).
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3 RESULTS

3 Results

This chapter is divided in five parts. First, the developed RNA-seq reporting pipeline,
including quality control and determination of presence of expression, is depicted.
Second, the performance of the transferred risk stratifications and classifications is de-
scribed. Third, the performance of the novel risk stratification is shown. Fourth, the
outcome of the validation of the stratifications is depicted. At the end of this chap-
ter target assessment for clinical application is presented, including expression, splice

variant and mutation analyses.

3.1 RNA-sequencing analysis pipeline

The pipeline is delineated in figure 3.1. It contains three main parts: First, the align-
ment and read count (depicted in yellow colour), second the normalisation, assessment
of presence or absence of gene expression, calculation of risk stratifications and molec-
ular classifications (depicted in violet colour), and third, the target analyses (depicted
in green colour). The code for an exemplary sample is depicted in supplementary code
C.20. Comparability of stratifications, classifications and target expressions to former
analysed samples was ensured in the second step, by normalising each sample with the
TG (see also section 4.1.1). Likewise, quality control was established in this thesis and
included in the pipeline (depicted in blue colour). RNA-seq can be performed in 90%
of all patients [99], using a low input amount of RNA of 0.01 to 1 ng. The quality of
the RNA-seq files was considered as sufficient in 97% of all RNA-seq files.

3.1.1 RNA-sequencing data quality

Quality control was performed for 853 samples based on 983 RNA-seq files (in case
of FASTQ files 983 RNA-seq file-pairs), including technical replicates, e.g. repetitions

due to quality issues.

3.1.1.1 Quality control

Quality control was performed before alignment, using FastQC and after alignment
using the number of mapping reads and the library size.

FastQC. Prior to alignment raw RNA FASTQ files were controlled with FastQC.
This tool basically assumes a random and diverse library> containing only sparsely du-

3FastQC: Evaluating Results; Online resource: https://www.bioinformatics.babraham.ac.
uk/projects/fastqc/Help/2%20Basic}200perations/2.2%20Evaluating},20Results.html;
Status: 30.04.2020, 12:05
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RNA FASTAQ files
: STAR with
= default options; GRCh38
=) genome and Ensembl
=
S databases release 82
2
= RNA BAM files
S
=4
per gene
and splice junction: STAR
with default options per
mutation: bam-readcount,
Sum technical replicates with default options
Read count table Splice junction count table Counts per mutation
EdgeR: normalisation with — - Analyse mutations
TG: add each sample to TG Analyse splice junctions

and calculate normalisation Determine presence: at

factors (TMM) and CPM Determine expression (at least 2 reads, one in each
least covered by 10 reads) strand direction and variant
Log? transformation allele frequency of 10%
Splice variant expression Mutation expression
Presence: at least 1 CPM per P P P
gene length/1000
Expression table

Calculate stratifications Select targets

and classification -
Determine over- and

Stratification | aberrant expression

Scores table Target expression

Figure 3.1: Flowchart of RNA-sequencing stratifications, classifications and target assessment analysis
pipeline. Raw starting data are raw RNA-sequencing (RNA-seq) FASTQ files, depicted in a thick,
black frame. The pipeline contains three main parts: First, preprocessing of the FASTQ files to a
read count table (yellow coloured background), second, normalisation with the training group (TG)
and risk stratification and classification calculation of a new sample (violet coloured background), third,
target analysis regarding expression, splice variants and mutations (green coloured background). Quality
control is performed before and after alignment (blue colour background). In this thesis, the quality of
97% of all RNA-seq files was considered as sufficient. CPM: counts per million.

plicated sequences* [7]. The tool further suggests to interpret the results only as indi-
cations if the library composition differs’. Libraries in RNA-seq have a wide dynamic
range and contain highly duplicated sequences, representing reads in highly expressed
genes (e.g. Ig genes, see section 3.1.1.3 and 4.1.1). Therefore, the "sequence duplica-
tion level" is interpreted as just giving information about individual sample expression

patterns, and is not used as exclusion criterion (see section 3.1.1.3 and 4.1.1). FastQC

4FastQC: Duplicate Sequences; Online resource: https://www.bioinformatics.babraham.
ac.uk/projects/fastqc/Help/3%,20Analysis)20Modules/8%20Duplicate’,20Sequences.
html; Status: 30.04.2020, 12:05
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detected 47 different overrepresented sequences, representing more than 1% of the to-
tal number of reads in each assessed patient file. They are 50, 51 or 75 nucleotides
long. For validation, the sequences were mapped to the human genome GRCh38, us-
ing the ENSEMBL search tool BLAT. Twenty of the sequences map several times to
chromosome 2 or chromosome 22 in IGKV or IGLV regions and one poly-G sequence
maps to the long intergenic non-protein coding RNA 486 (LINC00486). This high
level of Ig expression is expected, as the former Ig-regions are typical for plasma or
MM cells (see below). The latter poly-G sequence marginally exceeds the threshold
(percentage of 1.003%). Two of the 26 non-mapping sequences are poly-A sequences
of differing length. The first nucleotides of the 24 remaining sequences map to the
PCR primer sequences "AAGCAGTGGTATC" and "AACGCAGAGT" or to the II-
lumina multiplexing index read sequences "GATCGGAAGAGCAC" and "ACGTCT-
GAACTCCAGTCAC". By default, STAR performs soft-clipping of the ends of the
reads, which discards the poly-A, the primer and the index sequences, and maps the
remaining sequence of the read. Hence, no file was excluded due to the category "over-
represented sequences". Furthermore, overrepresented sequences contain 7-mers, and
increase the "k-mer content", thus this category is no exclusion criterion also. Like-
wise, overrepresented sequences are known to potentially affect the overall composi-
tion and the "per base sequence content"> [7], hence the 19 samples assessed with a
"fail" in this category were not excluded. Samples failing the category "per tile se-
quence quality" were only excluded if a large region was affected. A large region is
defined in this thesis as more than 10% of all tiles or 10% of tiles at one read position
and failed in three samples, which thus were excluded. The "per sequence GC con-
tent" of all files is expectedly different from theoretical distribution, and homogeneous
within all files, hence it is no exclusion criterion. All of the files passed the remaining

" n " n

five categories ("per base sequence quality", "per sequence quality scores", "per base
n content”, "
form sequence length of 100, 102, 150, 152, 154 or 160 bp.

Number of mapped reads. After alignment, 16 files with less than 60 % mapped

sequence length distribution" and "adapter content"). Each file had a uni-

reads were excluded. Main reason for not mapping in the remaining samples are too
short reads (88.9% to 100% of all not mapping reads per file). These "too short reads”,
more precisely too short aligned reads, include reads, which are either a priori too
short or map only partial and are trimmed by soft-clipping. For instance, this is de-
fined in the default options of STAR by at least 66% matched bases per read (option

-outFilterMatchnminOverLread) and by an alignment score of at least 0.66 (op-

5FastQC: Per Base Sequence Content; Online resource: https://www.bioinformatics.
babraham.ac.uk/projects/fastqc/Help/3%20Analysis’%20Modules/4%20Per/20Basey,
20Sequence20Content . html; Status: 08.10.2019, 19:05
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tion outFilterScoreMinOverLread). The minimum number of mapped reads for an
individual sample in the analysed cohort, which was not excluded, was 2579784.
Library size. Technical replicates were summed up and subsequently the library size
was controlled. Eight files with a library size less than 10 million reads were excluded.
In total, 27 files were discarded, whereof 11 were not repeated due to material con-
straints, hence, 842 samples were analysed in this thesis.

For comparison, in the CoMMpass cohort the library size was controlled. Only files
with a number of reads considered as sufficient were published, which corresponds to
a minimum library size of 19840000 reads. As the percentage of unmapped reads is
not accessible, it could not be compared. With the published requirement of at least
60 million reads (i.e. read-pairs) for each library [51, 169], the minimum number of

mapping reads can be calculated as at least 33.1%.

3.1.1.2 Exclusion of potential batch affects

Read length and the sequencing run convey possible batch effects. Hence, their impact
was analysed, performing a PCA. The PCA shows no clustering (data not shown).
Additionally, most of the sequencing runs mainly contained one entity for clinical
application reasons, which does not allow batch correction as the necessary assumption
of equal constitution of the batches (e.g. BMPC, HMCL and MM patient samples in
the same run) is not fulfilled. Hence a batch correction was not implemented.

3.1.1.3 Analysis of most highly expressed genes

Genes with the highest expression were determined: 44 different genes were detected,
related to more than 10% of all mapping raw reads per sample. In 534 of the 535
MM samples, at least one of these genes was highly expressed. All of these genes are
Ig genes, except B2M ([3,-microglobulin, in 3 patient samples ~10.1%, respectively).
[32-microglobulin is known to be highly expressed in MM patients with risk stratifi-
cations in part being based on this gene, see section 1.4.1. The maximum percentage
of raw reads mapping to one gene (/GHGI, ENSG00000211896) is 56%. This is ex-
plainable considering the investigation of plasma cells (see section 3.1.1.3 and 4.1.1)
and is intrinsically determined by their function and thus expected. For comparison:
Regarding normalised counts, the expression of /IGHG! in symptomatic MM ranges
from 3.5 to 19.7.

3.1.2 Presence of expression

For RNA-seq, one CPM normalised count adjusted by gene length was used as thresh-

old for presence of expression, as utilised for RPI and for target prediction. This
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Table 3.1: Comparison of gene length estimations and assessed presence of target expression (see sec-
tion 3.5). a Gene length was estimated three times for the targets: First, the stop position of each gene
was subtracted from its start position (maximum gene length). Second, the length of all exons per gene
was calculated, subtracting the overlapping regions (maximum exon length). Third, the length of all
exons per transcript was calculated, subtracting the overlapping regions, and the length of all transcripts
belonging to one gene was averaged (median transcript length). b Percentage of patient samples with
present expression of at least | CPM per gene length/1000.

CD38 74956 | 6855 1560 98.69% | 100% 100% 100%

HM1.24 2710 1119 459 100% 100% 100% 100%

a = b =
=] < 2 & = s 2
B 5 g | = 5 5 g
E S| &2 | & E 5 2
Q [=] S [=] -] = Bt
e | § | 2 |E e § | g
o0 ) § = =) ) § =
£ £ & S = £ & &
s = = 5 s = = o
@ £ £ =S 2 £ E = B
2 i F2 | % |E 2 2 s g
p4 = £ = = £ £ = -
BCMA 2962 1118 668 3 100% 100% 100% 100%
5
3
12

CD74 11293 3184 | 7915 100% 100% 100% 100%

NYESO1/2 1679 993 870.5 | 2/3 0% 0% 0% 46.92%
HGF 71433 | 8897 | 11475 | 10 40.93% | 82.43% | 94.21% | 99.44%
FGFR3 15566 | 4834 | 40415 | 10 7.66% | 7.85% | 7.85% | 85.42%
MAGEA1 4596 1710 1710 1 18.5% | 26.17% | 26.17% | 64.3%
MAGEA3 3596 1788 1724 3 26.54% | 31.96% | 32.52% | 68.04%
MMSET 110784 | 19776 | 1212 | 27 10.28% | 11.78% | 96.26% | 100%
IGF1R 315560 | 13509 572 17 0% 18.88% | 77.01% | 98.69%
TPS3 25772 | 3936 2331 27 514% | 97.01% | 98.13% | 100%
AURKA 22949 | 2928 2112 13 2.8% 60% 70.84% | 99.07%
CCND1 13388 | 4830 | 560.5 6 64.67% | 74.02% | 84.11% | 99.25%
CCND2 31579 | 7157 | 550.5 4 39.63% | 50.09% | 73.46% | 98.5%
CCND3 115425 | 5802 592 23 21.68% | 97.01% | 99.81% | 100%
RHAMM | 31743 | 3936 1402 8 1.68% | 66.17% | 88.41% | 99.25%
CD20 15009 | 4872 | 767.5 | 12 39.63% | 57.76% | 82.8% | 98.88%
GPRC5D 11373 1124 903 3 96.45% | 99.81% | 99.81% | 100%
MUC1 7093 4717 927 29 037% | 0.56% | 12.71% | 73.83%
CSF1 20751 5418 1009 9 0% 1.5% | 24.67% | 86.36%
WT1 47856 | 4113 2421 9 0.19% | 0.56% | 0.56% | 61.31%
SSX2 62623 1950 1028 4 0% 0% 0% 3.36%
NKG2D 19522 | 3030 1553 5 0% 0% 0% 30.09%

is based on the assumption that one normalised count corresponds to at least 5 raw
counts, which can be defined as (arbitrary) minimum threshold of expression, see e.g.
the edgeR user’s guide [39]. In the HD cohort, of all genes one normalised count cor-
responds to at least 7 raw counts in TG, 9 in VG and at least 7 raw counts in TeG.
Thus, the probability of false positive "present” determination is very low (see section
4.1.3).

The length of the genes or the genetic sequences, assigned to an ENSG was approxi-

mated with the median length of all transcripts belonging to a gene. It ranged from 8
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to 205000 bp. Genetic sequences shorter than 20 bp are 1G heavy diversity sequences
or T cell receptor diversity sequences. In table 3.1 the gene length of the potential
targets estimated with three methods is depicted: first, the whole gene length, subtract-
ing the start position from the stop position of the gene, second, the maximum length
of all exons per gene and third the median length of all transcripts. The PA call on
DNA-microarrays was compared to the PA-seq determination on RNA-seq. For this,
all ENSGs were translated to probesets. Of 57566 ENSGs in RNA-seq data 20162
ENSGs can be translated in probesets, using the R package hgul33plus2.db. Due to
the multiple matching probesets, the jetset package in R was used to determine the best
fitting probeset for every ENSG. After this step, 18804 "translatable" genes remained.
The ENSGs, matching to more than one gene symbol, were removed, resulting in
18771 remaining genes. The mean calculated consistency between present and absent
expression assessment per sample is 84%, with a range from 71% to 87% for all MM
samples. In table 3.2 the patients with the minimum and maximum consistency are
depicted (TG 1 normalisation). The implemented PA-seq call function for RNA-seq is
depicted in supplementary code C.17.

Table 3.2: Exemplary confusion matrices of present and absent expression determination per sample on
RNA-sequencing (RNA-seq) versus microarrays. Depicted is the number (and percentage) of the 18771
translatable genes with present (P) and absent (A) expression prediction on RNA-seq in rows and on

microarray in columns. a Exemplary patient with maximum consistency (CO). b Exemplary patient
with minimum consistency.

a o= Microarray b T Microarray
2 [CO=87% A P 2 [CO=71% A P
= A 8485 (45%) | 850 (5%) = A 7184 (38%) | 1182 (6%)
& P 1473 (8%) | 7963 (2%) | = P 4292 (23%) | 6113 (33%)

3.2 Transferred risk stratifications and classifications

One main aim of this thesis is the translation of stratifications and classifications
from DNA-microarrays to RNA-seq, either by directly translating (GPI, RS, UAMS,
EMC92, IFM15, TC), or newly setting-up using the pamr-predictor (MC and t(4;14)).
Cutoffs were adjusted in three ways (see section 2.5). First, the GPI cutoffs were trans-
ferred by correlating the scores. Second, multiple comparisons of survival plots were
performed to obtain the best cutoff for RS-seq (500 executions), for HDHRS (2500
executions) and HDHRS-GEP (500 executions). Third, the cutoffs for the UAMS70-,
EMC92-, IFM15- and TC-seq were calculated according to the original methods.

The resulting RNA-seq stratifications and classifications are applied to MM patient
samples. The proportions of the independent TeG (see supplementary figure A.1 and

table B.8) are for consistency compared to those obtained on microarray TeG cohort.
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Likewise, the survival analyses for RNA-seq stratifications are compared to the mi-
croarray analyses. For this, calculated Brier scores and the univariate Cox regression
analysis are used (including concordance and hazard ratios). Brier scores, R? and con-
cordance are listed in table 3.3.

As quality criteria determining "success" of the translation from DNA-microarray to
RNA-seq, both proportion criteria and two of the four survival criteria demanded to
be fulfilled (see section 2.7.4). This means, in each class should be at least 9% of the
samples and they should differ in less than 20 percentage points in comparison to the
DNA-microarray scores (see also 4.2.2). Further, the log-rank test of the survival anal-
ysis should be significant (p < 0.05), the survival curves should be in logical order and
not intersecting in a time interval from 12 months to the last but one event per curve.
Performances and comparisons are described for each risk stratification and classifica-
tion in the following section depicting the evaluation of the implementation, the con-
tinuous scores, the categorical stratifications and classifications, and the comparison to
DNA-microarray.

Table 3.3: Evaluation of the performance of risk prediction models in the test group (TeG). The table
shows the values of three different survival comparison methods for all risk stratifications: Brier scores
(Brier), R? and concordance (C) with standard error (SE). A "-" indicates a p-value p > 0.1, * indicates
p < 0.05 and ** indicates p < 0.01. Depicted are event free survival (EFS) and overall survival (OS)

for a RNA-sequencing-based stratifications b microarray-based stratifications ¢ international staging
system (ISS) and revised ISS (R-ISS)

EFS 0OS
Brier | R | C [CSE Brier | R° | C [CSE
a HDHRS 0.1534* | 0.13 | 0.62 | 0.02 0.1601 0.17 | 0.66 | 0.03

RPI - 0.04 | 0.57 | 0.02 - 0.01 | 0.60 | 0.03
UAMS70-seq - 0.02 | 0.57 | 0.02 - 0.07 | 0.59 | 0.03
RS-seq - 0.04 | 0.56 | 0.01 - 0.03 | 0.58 | 0.02
IFM15-seq - 0.02 | 0.57 | 0.02 - 0.07 | 0.58 | 0.02
EMC92-seq | 0.1554* | 0.03 | 0.56 | 0.01 - 0.00 | 0.58 | 0.01

b | HDHRS-GEP | 0.1559 | 0.08 | 0.61 | 0.02 | 0.1576* | 0.25 | 0.66 | 0.03
GPI - 0.00 | 0.55 | 0.02 - 0.00 | 0.61 | 0.03
UAMS70 - 0.03 | 0.57 | 0.02 0.1704 0.14 | 0.60 | 0.02

RS - 0.02 | 0.58 | 0.02 - -0.01 | 0.62 | 0.03

IFM15 - 0.01 | 0.54 | 0.01 - 0.11 | 0.57 | 0.02
EMC92 - 0.02 | 0.55 | 0.01 - 0.07 | 0.57 | 0.01

¢ ISS 0.1577 | 0.08 | 0.58 | 0.02 | 0.1625** | 0.15 | 0.63 | 0.03
R-ISS - 0.08 | 0.60 | 0.02 | 0.155** | 0.28 | 0.67 | 0.03

3.2.1 RNA-seq-based proliferation index

Implementation. The microarray GPI developed by Hose et al. [101] includes 50
probesets, associated with cell proliferation. They were translated into 50 ENSGs and

their present expression values were summed. The gene list is in supplementary table
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B.9 (see also section 2.5.1). Risk stratification cutoffs were transferred from microar-
ray to RNA-seq by correlation of the GPI and RPI for the TG and linear regression,
resulting in a low cutoff of lcut = 121.9601 and a high cutoff of hcut = 202.7359 (see
figure 3.2). The implemented function for calculating the RPI on RNA-seq is depicted
in supplementary code C.7.

350 1=0.89 . e
(0.86-0.91) .
300 - : b
250 -
— o © ° . ] oooouo
& 2004 === -m =T E

1504 -

100 .
high cutoff

50" i
T T T T T
100 200 300 400 500
GPI

Figure 3.2: Cutoff estimation of RPI on the training group (TG). Shown is the correlation of RPI
and GPI on TG 1 with the regression line. The two GPI cutoffs GPIcut were transferred to the new
cutoffs RPIcut, using the slope m and the y-interception value b of the regression line by RPIcut =
m*x GPIcut + b. The correlation coefficient (r) is displayed with its confidence interval.

Evaluation of the continuous score. The continuous RPI score in MM is highly
prognostic in association with survival, its hazard significantly increases over time.
This holds true for both EFS and OS (log-rank test p < 0.001, both). As depicted
in figure 3.3a, a significant, stage dependent increase from MGUS over AMM and
symptomatic MM to MMR is observed (JHT test: p = 0.001). The RPI of MBC and
BMPC is significantly lower than the RPI of MM, and the RPI of PPC and HMCL is
significantly higher than the RPI of MM. RPI score and GPI score show a correlation
coefficient of » = 0.85, depicted in figure 3.3b.

Evaluation of the categorical stratification. RPI significantly delineates three
groups for OS, in TG and VG, shown in supplementary figure A.2 and in TeG shown
in figure 3.4a and 3.4b. The median survival times for low, medium and high risk in
TeG are 38, 33 and 25 months for EFS and 103, 92 and 55 months for OS. The con-
cordance of the RPI is 0.57 for EFS and 0.6 for OS (see table 3.3). The univariate Cox
regressions show significant hazard ratios for low versus high risk group for OS (2.8)
and for EFS (2.25) (see figure 3.4).

Comparison of both platforms. Pairwise comparison of RPI and GPI per patient in

TeG shows no changes (0%) between low and high risk group, while the consistency
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Figure 3.3: Continuous RNA-sequencing-based proliferation index (RPI) investigated on the whole co-
hort. a RPI grouped by disease entity, compared to non-malignant plasma cells and precursors (BMPC,
MBC, PPC) and human myeloma cell lines (HMCL). Significant differences are depicted by 1, 2 or 3 as-
terisks, indicating significant p-values (p) smaller than 0.05, 0.01 and 0.001, respectively. A Jonckheere-
Terpstra test (JHT) was performed to test the significance of the score increase from MGUS over AMM
and symptomatic MM to MMR. b Correlation of RPI and GPI. Samples stratified in the low risk group
of the RPI and in the medium risk group of the GPI or vice versa (low~medium risk) are depicted in
light blue, medium~high risk samples are depicted in violet and low~high risk samples are depicted in
yellow. The correlation coefficient (r) is displayed with its confidence interval. MBC: memory B cell;
PPC: polyclonal plasmablasts; BMPC: bone marrow plasma cell; MGUS: monoclonal gammopathy of
undetermined significance; AMM: asymptomatic multiple myeloma; MM: multiple myeloma; MMR:
relapsed MM.
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Figure 3.4: Survival analysis regarding RNA-sequencing-based proliferation index (RPI) for the test
group (TeG). Performance of the RPI of symptomatic multiple myeloma patient samples for the TeG in
a event free survival (EFS) and b overall survival (OS). Univariate Cox regression was performed for ¢
EFS and d OS. Shown is the hazard ratio on a logarithmic scale with a 95% confidence interval. Ev.:
number of events; Med: median survival time in months; p: p-value.
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is 85% (see table 3.4). The proportions of the groups in RPI and GPI are comparable
for the low risk group (33.91% and 32.19%), while the high risk group is larger in RPI
(15.88%) than in GPI (9.87%).

Table 3.4: Confusion matrix of RPI and GPI stratification on the TeG. Depicted is the number (and

percentage) of patients per RPI group in rows and per GPI group in columns. In the top left of the table
the consistency (CO) is depicted.

GPI
— CO =84.6% | lowrisk | medium risk | high risk
é low risk 69 (30%) 10 (4%) 0
medium risk | 6 (3%) 108 (46%) 3 (1%)
high risk 0 17 (7%) 20 (9%)

3.2.2 Risk stratifications

3.2.2.1 UAMS70-seq

Implementation. = The UAMS70 score [219] is based on 70 probesets, which
were translated to ENSGs. Two probesets (227547_at and 237964_at) have
no translation to ENSGs, whereas 225834_at (MGC57827) can be translated
into four ENSGs (ENSG00000263513, ENSG00000196550, ENSG00000188610,
ENSG00000215784). Of the 71 resulting genes, three were excluded due to very
low correlation with microarray expression (r < 0.15) and one due to low correlation
r < 0.4 and high PA versus PA-seq call difference (nCO1 > 30%, see section 2.2.2 and
2.5). Four additional genes were excluded due to ambiguous translation. The trans-
lated gene list is shown in supplementary table B.10. The UAMS70-seq score was
calculated following the original publication [219] and in analogy to the score imple-
mentation in the GEP-R [156] (see also section 2.5.2.1). New cutoffs were determined
with k-means clustering for three groups, resulting in the three centres of -6.083014,
-5.190644 and -4.096769. As in the original publication, low and medium risk group
were merged. The implemented function for estimating the UAMS70-seq on RNA-seq
is depicted in supplementary code C.8.

Evaluation of the continuous score. In MM, the continuous UAMS70-seq score is
highly prognostic, i.e. associated with survival. Its hazard significantly increases over
time for both EFS and OS (log-rank test p < 0.001 and p = 0.02). A significant JHT
test: p = 0.001) stage dependent increase from MGUS over AMM and symptomatic
MM to MMR is found (see figure 3.5a). The UAMS70-seq score of MBC and BMPC
is significantly lower than the UAMS70-seq of MM, and the UAMS70-seq of PPC
and HMCL is significantly higher. Both results are expected and identical for DNA-
microarrays (data not shown). The UAMS70-seq and the UAMS70 show a correlation
coefficient of r = 0.77 (see figure 3.5b).
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Figure 3.5: Continuous UAMS70-seq score investigated on the whole cohort. a UAMS70-seq grouped
by disease entity, compared to non-malignant plasma cells and precursors (BMPC, MBC, PPC) and
human myeloma cell lines (HMCL). Significant differences are depicted by 1, 2 or 3 asterisks, indicating
significant p-values (p) smaller than 0.05, 0.01 and 0.001, respectively. A Jonckheere-Terpstra test (JHT)
was performed to test the significance of the score increase from MGUS over AMM and symptomatic
MM to MMR. b Correlation of UAMS70-seq and UAMS70. Samples stratified in the low risk group
of the UAMS70-seq and high risk group of the UAMS70 or vice versa (low~high risk) are depicted in
yellow. The correlation coefficient (r) is displayed with its confidence interval. MBC: memory B cell;
PPC: polyclonal plasmablasts; BMPC: bone marrow plasma cell; MGUS: monoclonal gammopathy of
undetermined significance; AMM: asymptomatic multiple myeloma; MM: multiple myeloma; MMR:
relapsed MM.
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Figure 3.6: Survival analysis regarding UAMS70-seq on the test group (TeG). Performance of the
UAMS70-seq of symptomatic multiple myeloma patient samples for the TeG in a event free survival
(EFS) and b overall survival (OS). Univariate Cox regression was performed for ¢ EFS and d OS. Shown
is the hazard ratio on a logarithmic scale with a 95% confidence interval. Ev.: number of events; Med:
median survival time in months; p: p-value.
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Evaluation of the categorical stratification. The UAMS70-seq significantly delin-
eates two groups of patients for OS and EFS, for both, TG and VG (supplementary
figure A.3) as well as TeG (figure 3.6a and 3.6b). The two UAMS70-seq groups show
a median survival time for EFS of 36 and 17 and for OS of 103 and 47 months, respec-
tively. The concordance is 0.57 for EFS and 0.59 for OS (see figure 3.3). The Brier
score is not significant for EFS and OS. Univariate Cox regression shows significant
hazard ratios of low versus high risk group for EFS (2.16) and for OS (2.84).
Comparison of both platforms. Pairwise comparison of UAMS70-seq and
UAMS70 per patient in TeG shows 10% changes between low and high risk group
(see table 3.5). The proportions of the groups are similar on RNA-seq and microarray
data, with a high risk group in UAMS70-seq of 17.17% and in UAMS70 of 23.61%.

Table 3.5: Confusion matrix of UAMS70-seq and UAMS70 stratification on the TeG. Depicted is
the number (and percentage) of patients per UAMS70-seq group in rows and per UAMS70 group in
columns. In the top left of the table the consistency (CO) is depicted.

UAMS70
CO=902% | lowrisk | high risk
low risk 174 (75%) | 19 (8%)
high risk 4 (2%) 36 (16%)

UAMS70-seq

3.2.2.2 RS-seq

Implementation. The RS score presented by Reme et al. [197] comprises 19 prog-
nostic probesets, which were translated to ENSGs (see also section 2.5.2.2). Two of
the probesets (233660_at and 235353 _at) were excluded before the RS-seq score was
implemented due to inconsistent translations. The gene list is depicted in supplemen-
tary table B.11. To determine the cutoff sets, the running log-rank S3 algorithm was
executed 500 times, resulting in 23 different sets. Per definition, in TG (w > 19), all
sets fulfil the proportion criteria of at least 9% patients per group. Fifteen of the 23
sets were excluded due to crossing curves in survival analyses and one due to a non-
significant Brier score for EFS and OS. The remaining 7 sets were validated on the VG.
Three of these have a low risk group size smaller than 9% of all patients and the other
4 show survival curves crossing between high risk and medium risk. The last cutoff
set, which has no significant Brier score in TG, was tested on VG, but had crossing
survival curves. Hence, the groups were adjusted to get as near as possible the original
RS proportions, by combining the calculated cutoffs by taking the highest high cutoff
(hcur=29.37) to obtain the smallest high risk group and the highest low risk cutoff
(lcut=9.01) to get the largest low risk group. This cutoff set passed the visual inspec-
tion of the survival plots in TG and VG, although it has neither the best Brier score nor

concordance. The cutoff set, with similar proportions to the original RS proportions,
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was compared to an exact copy of the RS proportions to RS-seq, but this cutoff set is
similar in survival analysis and has a larger Brier score. The implemented function for
estimating the RS-seq on RNA-seq is depicted in supplementary code C.10.
Evaluation of the continuous score. The continuous RS-seq score is highly prognos-
tic in association with survival in MM, as its hazard significantly increases over time,
for EFS and OS (log-rank test p < 0.001, both). A significant (JHT test: p = 0.001)
stage dependent increase from MGUS over AMM and MM to MMR is observed,
shown in figure 3.7a. The RS-seq of BMPCs is significantly lower than the one of
MM and the RS-seq of PPC and HMCL is significantly higher than the one of MM, as
expected. RS-seq and RS show a correlation coefficient of r = 0.84 (see figure 3.7b).
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Figure 3.7: Continuous RS-seq score investigated on the whole cohort. a RS-seq grouped by disease en-
tity, compared to non-malignant plasma cells and precursors (BMPC, MBC, PPC) and human myeloma
cell lines (HMCL). Significant differences are depicted by 1, 2 or 3 asterisks, indicating significant
p-values (p) smaller than 0.05, 0.01 and 0.001, respectively. A Jonckheere-Terpstra test (JHT) was per-
formed to test the significance of the score increase from MGUS over AMM and symptomatic MM
to MMR. b Correlation of RS-seq and RS. Samples stratified in the low risk group of the RS-seq and
medium risk group of the RS or vice versa (low~medium risk) are depicted in light blue, medium~high
risk samples are depicted in violet and low~high risk samples are depicted in yellow. The correla-
tion coefficient (r) is displayed with its confidence interval. MBC: memory B cell; PPC: polyclonal
plasmablasts; BMPC: bone marrow plasma cell; MGUS: monoclonal gammopathy of undetermined
significance; AMM: asymptomatic multiple myeloma; MM: multiple myeloma; MMR: relapsed MM;
HMCL.

Evaluation of the categorical stratification. RS-seq delineates three groups with
significantly different survival for EFS and OS, in TG and VG, shown in supplementary
figure A.4 and TeG shown in figure 3.8a and 3.8b. The Brier score is not significant for
EFS and OS in TeG. The median survival time for EFS is 40 months for the low risk
group, 32 months for the median risk group, and 17 months for the high risk group and
130, 83 and 37 months for OS, respectively. The concordance is 0.56 for EFS and 0.58
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for OS (see figure 3.3). Univariate Cox regression (see figure 3.8c and 3.8d) shows
significant hazard ratios for the comparison between low versus medium risk and low
versus high risk group in both OS (1.81 and 3.3) and EFS (1.62 and 3.21).
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Figure 3.8: Survival analysis regarding risk score based on RNA-seq (RS-seq) for the test group (TeG).
Performance of the RS-seq of symptomatic multiple myeloma patient samples for the TeG in a event
free survival (EFS) and b overall survival (OS). Univariate Cox regression was performed for ¢ EFS and
d OS. Shown is the hazard ratio on a logarithmic scale with a 95% confidence interval. Ev.: number of
events; Med: median survival time in months; p: p-value.

Comparison of both platforms. Pairwise comparison of the RS-seq and the RS per
patient in TeG shows no switch (0%) between the low and the high risk group. The
consistency is 82% (see table 3.6). The low risk group in RS-seq is half the size of the
low risk group in RS (24.89% and 43.78%), but in both cases, the medium risk group

is the largest group. High risk groups have comparable proportions.

Table 3.6: Confusion matrix of RS-seq and RS stratification on the TeG. Depicted is the number (and
percentage) of patients per RS-seq group in rows and per RS group in columns. In the top left of the
table the consistency (CO) is depicted.

RS
g | CO=81.6% | lowrisk | medium risk | high risk
m‘-” low risk 55(24%) 3(1%) 0
& | medium risk | 31 (13%) 116 (50%) 2 (<1%)
high risk 0 7 (3%) 19 (8%)

3.2.2.3 EMC(C92-seq
Implementation. One hundred ENSGs matched to the 92 probesets of the EMC92-
stratification [124]. Three probesets matched several ENSGs and probeset 243018 _at
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(BBOX1-AS1) was missing. Fourteen genes were excluded due to very low correla-
tion (r < 0.15) with microarray expression or due to low correlation (r < 0.4) and
high number of samples with present expression prediction on microarray and absent
expression prediction on RNA-seq (nCO1 > 30%, see section 2.2.2 and 2.5). Six addi-
tional genes were excluded due to ambiguous translation. Two probesets (211714_x_at
and 209026_x_at) had the same ENSG (ENSG00000196230), which was only used
once and the original weighting scores were averaged. In total 79 genes were used.
The gene list is shown in supplementary table B.12. The EMC92-seq score was calcu-
lated using the same processing as in the underlying publication [124] (see also section
2.5.2.3). To calculate an RNA-seq-based cutoff, the proportion of patients with OS of
less than two years versus equal or more than two years was used. In the HD cohort 21
of 194 patients (10.8%) progressed within the first two years, resulting in a cutoff of
1.01. The plots for TG and VG for this cutoff are shown in supplementary figure A.5.
The performance of the TeG cohort is shown in figure 3.10. The implemented function

for estimating the EMC92-seq on RNA-seq is depicted in supplementary code C.9.
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Figure 3.9: Continuous EMC92-seq score investigated on the whole cohort. a EMC92-seq grouped
by disease entity, compared to non-malignant plasma cells and precursors (BMPC, MBC, PPC) and
human myeloma cell lines (HMCL). Significant differences are depicted by 1, 2 or 3 asterisks, indicating
significant p-values (p) smaller than 0.05, 0.01 and 0.001, respectively. A Jonckheere-Terpstra test (JHT)
was performed to test the significance of the score increase from MGUS over AMM and symptomatic
MM to MMR. b Correlation of EMC92-seq and EMC92. Samples stratified in the low risk group
of the EMC92-seq and high risk group of the EMC92 or vice versa (low~high risk) are depicted in
yellow. The correlation coefficient (r) is displayed with its confidence interval. MBC: memory B cell;
PPC: polyclonal plasmablasts; BMPC: bone marrow plasma cell; MGUS: monoclonal gammopathy of
undetermined significance; AMM: asymptomatic multiple myeloma; MM: multiple myeloma; MMR:
relapsed MM.

Evaluation of the continuous score. The continuous EMC92-seq score in MM is
highly prognostic, i.e. associated with survival. The hazard significantly increases
over time for both EFS and OS (log-rank test p < 0.001, both). There is a significant
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(JHT test: p = 0.001) stage dependent increase from MGUS over AMM and symp-
tomatic MM to MMR, shown in figure 3.9a. EM(C92-seq of MBC, PPC and HMCL is
significantly higher than EMC92-seq of MM. EMC92-seq and EMC92 show a corre-
lation coefficient of r = 0.78.

Evaluation of the categorical stratification. The EMC92-seq significantly delin-
eates two groups in TeG for OS and EFS (see figure 3.10a and 3.10b). The median
survival time for the low and the high risk group for EFS is 35 and 14 months. For OS,
itis 103 and 30 months. The concordance for EMC92-seq is 0.56 months for EFS and
0.58 months for OS (see figure 3.3). The Brier score is significant for EFS. The hazard
ratios of univariate Cox regression of low versus high risk is significant for EFS (3.86)
and OS (3.93).
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Figure 3.10: Survival analysis regarding EMC92-seq for the test group (TeG). Performance of the
EMC92-seq of symptomatic multiple myeloma patient samples for the TeG in a event free survival
(EFS) and b overall survival (OS). Univariate Cox regression was performed for ¢ EFS and d OS.
Shown is the hazard ratio on a logarithmic scale with a 95% confidence interval. Ev.: number of events;
Med: median survival time in months; p: p-value.

Comparison of both platforms. Pairwise comparison of EMC92-seq and EMC92
per patient in TeG shows consistency between low and high risk group in 92% of the

patients (see table 3.7).

Table 3.7: Confusion matrix of EMC92-seq and EMC92 stratification on the TeG. Depicted is the
number (and percentage) of patients per EMC92-seq group in rows and per EMC92 group in columns.
In the top left of the table the consistency (CO) is depicted.

EMC92
CO=922% | lowrisk | high risk
low risk 200 (86%) | 5 (2%)
high risk 13 (6%) 15 (6%)

EMC92-seq
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3.2.2.4 IFM15-seq

Implementation. The IFM15 is based on 15 genes associated with poor prognosis
in MM. It was calculated on RNA-seq as described in the underlying publication [56]
and the score implementation in the GEP-R [156]. All 15 translated genes are listed
in supplementary table B.13. The cutoff was determined as 75% quartile (absolute
value 7.672949). Samples were classified in two groups. Results for TG and VG for
this cutoff are shown in supplementary figure A.6. In figure 3.12 the performance of
the TeG cohort is shown. The implemented function for estimating the IFM15-seq on
RNA-seq is depicted in supplementary code C.13.

Evaluation of the continuous score. The continuous IFM15-seq score in MM is
highly prognostic in association with survival. Its hazard significantly increases over
time for both, EFS and OS (log-rank test p < 0.001 and p =0.001). A stage dependent
increase from MGUS over AMM and symptomatic MM to MMR is observed with
significant JHT test (p = 0.001, see figure 3.11a). The IFM15-seq of MBC, PPC and
HMCL is significantly higher than IFM15-seq of MM. The IFM15-seq and the IFM15

show a correlation coefficient of r = 0.81, depicted in figure 3.11b.
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Figure 3.11: Continuous IFM15-seq score investigated on the whole cohort. a IFM15-seq grouped
by disease entity, compared to non-malignant plasma cells and precursors (BMPC, MBC, PPC) and
human myeloma cell lines (HMCL). Significant differences are depicted by 1, 2 or 3 asterisks, indi-
cating significant p-values (p) smaller than 0.05, 0.01 and 0.001, respectively. A Jonckheere-Terpstra
test (JHT) was performed to test the significance of the score increase from MGUS over AMM and
symptomatic MM to MMR. b Correlation of IFM15-seq and IFM15. Samples stratified in the low risk
group of the IFM15-seq and high risk group of the IFM15 or vice versa (low~high risk) are depicted in
yellow. The correlation coefficient (r) is displayed with its confidence interval. MBC: memory B cell;
PPC: polyclonal plasmablasts; BMPC: bone marrow plasma cell; MGUS: monoclonal gammopathy of
undetermined significance; AMM: asymptomatic multiple myeloma; MM: multiple myeloma; MMR:
relapsed MM.

Evaluation of the categorical stratification. IFM15-seq significantly delineates two
groups for OS and EFS (see figure 3.12a and 3.12b), with a median EFS of 36 and 21
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and OS of 103 and 66 months. The concordance is 0.56 for EFS and 0.58 for OS
(see figure 3.3). The Brier score is neither significant for OS nor EFS. Univariate Cox
regression showed significantly different hazard ratios of low versus high risk for EFS
(1.86) and for OS (1.98).
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Figure 3.12: Survival analysis regarding IFM15-seq for the test group (TeG). Performance of the
IFM15-seq of symptomatic multiple myeloma patient samples for the TeG in a event free survival (EFS)
and b overall survival (OS). Univariate Cox regression was performed for ¢ EFS and d OS. Shown is
the hazard ratio on a logarithmic scale with a 95% confidence interval. Ev.: number of events; Med:
median survival time in months; p: p-value.

Comparison of both platforms. Pairwise comparison of IFM15-seq and IFM15 per
patient in TeG shows 15% changes between the low and high risk group (see table 3.8).
The proportions of the groups are comparable in RNA-seq and DNA-microarray data
(26.18% and 20.6% of high risk, respectively).

Table 3.8: Confusion matrix of IFM15-seq and IFM 15 stratification on the TeG. Depicted is the number
(and percentage) of patients per IFM15-seq group in rows and per IFM15 group in columns. In the top
left of the table the consistency (CO) is depicted.

IFM15
CO=285% | lowrisk | high risk
lowrisk | 161 (69%) | 11 (5%)
highrisk | 24 (10%) | 37 (16%)

IFM15-seq

3.2.3 Molecular classifications

3.2.3.1 TC-seq
The TC classification according to Bergsagel et al. [22] uses two gene sets (set a and set

b) to classify patients in 8 groups. The 10 probesets (representing 9 genes) of set a were
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translated into 9 ENSGs. CCNDI is represented by two probesets (208711 _s_at and
208712_at), hence the new norm cutoffs for CCND1 were estimated by dividing the
two raw cutoffs by the sum of both given medians. The 11 probesets (representing 10
genes) of set b were translated into 14 unique ENSGs, present in normalised RNA-seq
data. Four ENSGs were duplicates. Ten unique ENSGs were used and the expression
values for 204006_s_at, matching FCGR3B and FCGR3A, and 213550_s_at, matching
IK and TMCOG6, were added, respectively. The TC classification on RNA-seq was
calculated with the instructions and equation in the original publication [22] and in the
GEP-R [156] resulting in 8 groups (see section 2.5.3.1). The implemented function for
estimating the TC-seq on RNA-seq is depicted in supplementary code C.12.

The "11q13" and "D1" group are the largest groups with 24% and 34% of all MM
patients. The "6p21" group is the smallest group with 1% of patients. The comparison
of TC-seq and TC for TG and VG is depicted in in supplementary table B.15 and the
TeG comparison in table 3.9. 81% of all MM patients are are classified as belonging to
the same groups on RNA-seq and on DNA-microarrays. There is no single diverging
group, differences in classification are found in all groups.

Table 3.9: Confusion matrix of TC-seq and TC classification on the TeG. Depicted is the number (and

percentage) of patients per TC-seq group in rows and per TC group in columns. In the top left of the
table the consistency (CO) is depicted.

TC 2007
CO=381% | 11q13 | 6p21 D1 D1+D2 D2 FGFR3 | MAF | none
49 8 1
11q13 (21%) 0 (3%) 0 0 0 (<1%) 0
3 1
6p21 0 (1%) | (<1%) 0 0 0 0 0
6 1 68 1 1 2 1
=) D1 0
o B%) | (<1%) | (30%) <1%) | (<1%) (1%) | (<1%)
= 2 14 4 2
§ D1+D2 0 0 (1%) (6%) 2%) 0 (1%) 0
O 15 2 1
=
D2 0 0 0 0 (7%) 0 %) | <1%)
1 2 1 17 1
FGFR3 (<1%) 0 0 (1%) (<1%) (7%) (<1%) 0
5 15
MAF 0 0 2%) 0 0 0 (7%) 0
none 0 | 0 0 : 0 0 4
(<1%) (<1%) (2%)

3.2.3.2 MC-seq

The MC classification by Zhan et al. [254] used 688 probesets to classify MM in seven
transcriptional signatures (MS, MF, CD1, CD2, HY, PR, LB). The 688 probesets were
translated to 691 ENSGs, whereas 55 probesets were missing and 2 are not present in
the normalised count table. The MC-seq on RNA-seq was calculated with the created
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pamr-predictor (see section 2.5.3.2). The implemented function for estimating the MC-
seq on RNA-seq is depicted in supplementary code C.14.

Of all MM patients, 87% are classified as belonging to the same groups in RNA-seq
and DNA-microarrays on the TeG. The highest discrepancies can be found between
the four groups CD2, HY, LB and PR (see table 3.10). The TG and VG is depicted in
supplementary table B.16.

Table 3.10: Confusion matrix of MC-seq and MC classification on the TeG. Depicted is the number

(and percentage) of patients per MC-seq group in rows and per MC group in columns. In the top left of
the table the consistency (CO) is depicted.

MC
CO=386.6% | CDI CD2 HY LB MF MS PR
CDI1 13 (6%) 0 1 (<1%) 0 0 0 3 (1%)
g CD2 0 46 (20%) | 2(<1%) | 2(<1%) | 1(<1%) 0 3 (1%)
o HY 0 3(1%) | 59(25%) | 3 (1%) 0 1(<1%) | 3(1%)
= LB 0 0 0 27 (12%) 0 0 1(<1%)
MF 0 0 1(<1%) 0 6 (3%) 0 0
MS 0 1 (<1%) 0 0 0 22 (9%) 0
PR 0 0 0 6 (3%) 0 0 29 (12%)

3.2.3.3 Translocation t(4;14) prediction

The translocation t(4;14) can be predicted using gene expression profiling on DNA-
microarrays [51, 156, 169]. For the implementation on RNA-seq, the pamr package
(see sections 2.5.3.2 and 2.5.3.3) was used to create a predictor. The selected predic-
tor uses seven genes (FGFR3, MMSET, CLECI11A, MOB3A, JAM3, DSG2, SEPT9).
In contrast, the MMREF, based on biological assumptions, choose MMSET to predict
presence and absence of the translocation t(4;14) for the CoMMpass cohort. As on mi-
croarrays, t(4;14) prediction is very precise. In the TeG, the consistency is 99% both in
comparison to iFISH and in comparison to microarray prediction (see table 3.11a and
3.11b). TG and VG are depicted in supplementary table B.17.

The implemented function for t(4;14) prediction on RNA-seq is depicted in supple-

mentary code C.15.

Table 3.11: Confusion matrices of t(4;14) prediction on the TeG on RNA-seq, microarray and iFISH.
Depicted is the number (and percentage) of patients with and without predicted t(4;14) on RNA-seq
in rows and a predicted on microarray or b determined with iFISH in columns. In the top left the
percentage of consistency (CO) is depicted.

a I t(4;14)-microarray b T t(4;14)-iFISH
21 CO0=99.2% | no t(4;14) t(4;14) 21 CO=99.6% | no t(4;14) t(4;14)
% no t(4;14) 208 (89%) | 1 (<1%) Eﬁ no t(4;14) 208 (89%) | 1 (<1%)
§ t(4;14) 1 (<1%) 23 (10%) § t(4;14) 0 24 (10%)
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3.3 Novel risk stratification

One main aim of this thesis was the de novo generation of a risk stratification based on
the algorithm of Réme ef al. [197]. The algorithm includes four steps: normalisation,
gene selection, score calculation and cutoff determination.

Implementation. After normalisation, the number of input genes was reduced from
57449 to 17502 genes by filtering as described in section 2.6. Five different thresholds
of the BH corrected p-values of 0.1, 0.075, 0.05, 0.025 and 0.01 for gene selection
were used, which resulted in five different gene sets of 19, 30, 53, 74 and 90 genes.
By varying the starting conditions, the algorithm for risk group optimisation ran 500
times per gene set, i.e. 2500 iterations in sum. Multiple approaches led to the same
cutoff sets and subsequently to the same group proportions. In these cases, additional
cutoffs leading to identical group composition were dropped. This leads to 48 cutoff
sets, which were subsequently compared.

Twelve sets passed the group size criteria of at least 9% of patients (per definition this
is always true in the TG), had no crossing survival curves and significant (p<0.05)
Brier scores for OS and EFS. The remaining cutoff sets were validated on the VG.
Four sets were excluded due to crossing survival curves. The Brier score was only
significant for two cutoff sets for OS and no set for EFS. Of these two sets only one
had a concordance > 0.6 for EFS and OS. This final set, with the lowest Brier score
and the highest concordance, is based on the 53 gene list derived with a BH adjusted
p-value threshold below 0.05. The best cutoff pair was selected with a minimal size
for a risk group (w) of 20, a BH adjusted p-value (fdr) of 0.05, a chi-squared statistic
threshold (x2) between two survival curves of qchisq((1-0.05),1) and a minimal
number of events per group (cx) of 2. The low cutoff is Icut = 3.87 and the high cutoff
is (hcut = 24.10).

Evaluation of prognostic genes. The 53 genes comprising the predictor are listed
in supplementary table B.14. Thirteen of the genes are associated with good progno-
sis and 40 with poor prognosis. Two genes are also part of other risk stratifications:
ENSG00000117650 (NEK2) and ENSG00000138180 (CEP55) are part of the prolif-
eration assessing GPI and RPI stratification.

To obtain an overview regarding the biological and pathophysiological role of the 53
genes selected for the HDHRS, a reactome pathway analysis was performed (see fig-
ure 3.13). Of these, 14 genes have at least one database entry (26%). In comparison,
80% of the GPI genes, 47% of the RS genes, 56% of the UAMS70 genes, 66% of the
EMC92 genes and 47% of the IFM15 genes have such an entry. The most frequently
found pathway of the HDHRS is "metabolism", with 5 assigned genes, followed by

"Cell Cycle", with 3 assigned genes, and "Signal Transduction", with 2 assigned genes.
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Four of the five genes assigned to "metabolism" are associated with poor prognosis
and one is associated with good prognosis. For comparison, GPI genes were selected
according to the gene ontology terms "cell proliferation" and "cell cycle" and (expect-
edly) almost all GPI genes (35 of 40 genes) are associated with the reactome pathways
"Cell Cycle", validating the principle approach.

The survival analyses for TG and VG for the chosen cutoff set are shown in supple-
mentary figure A.7. The performance of the TeG is shown in figures 3.14 and 3.21.
The implemented function for estimating the HDHRS is depicted in supplementary
code C.11.

Gene Expression
Immune System
Signal Transduction
Metabolism

Metabolism of proteins

Cell Cycle
v = n € Ao 1
=T | I [
2o % 33S
=) 5 s = 0 20 40 60 80 100
= =} = Genes [%]

Figure 3.13: Reactome pathway analysis of risk stratification genes. Listed are the main reactome path-
ways occurring in at least one stratification in > 1% of the genes of the stratification. Most frequently
found pathway of the HDHRS genes is "metabolism", with 5 assigned genes, followed by "Cell Cycle",
with 3 assigned genes.

Evaluation of the continuous score. The continuous HDHRS score is highly prog-
nostic for the TeG in MM. Its hazard significantly increases over time for both EFS
and OS (log-rank test p < 0.001 and p < 0.001). A significant (JHT test: p = 0.001)
stage dependent increase from MGUS over AMM and symptomatic MM to MMR is
seen, depicted in figure 3.14a. The HDHRS of PPC and MBC is significantly higher
compared with MM, whereas the HDHRS of BMPC is significantly lower.

Evaluation of the categorical stratification. The HDHRS delineates three groups
of patients with significantly different EFS and OS (figure 3.14b and 3.14c), with a
median EFS time for low, medium and high risk of 39, 32 and 18 months and median
OS time of 148, 82, and 37 months, respectively. The proportions of low, medium and
high risk group are 38.2%, 38.63% and 23.18%. The Brier score is significant for EFS
(0.1534) in the TeG and has a value of (0.1601) for OS (p < 0.1). It is the smallest
(best) of all RNA-seq expression-based stratifications and smaller than the one for ISS
for EFS (0.1577) and OS (0.1625). The concordance is the highest concordance of
all gene expression-based risk stratification regarding EFS (0.62) and OS (0.66). It
is larger than the concordance for ISS (0.58 and 0.63, see table 3.3) and larger than
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the concordance for R-ISS for EFS (0.6). Univariate Cox regression shows significant
hazard ratios in low versus medium risk and low versus high risk group for OS (2.09
and 4.3) and for EFS (1.71 and 2.97).

- skk skkosk skkok sk sk
JHT p=.001 Rl
100 1 2.
7)) . :
% 50 T
a . g —— Jlowrisk
== I g
= = o : ; ——  medium risk
B ¥ . .
0 @ E * —— high risk
R #0007
4 4 10 52 142 233 69 26
_50 - I T T T T T T 1
Q O O 2} —
M [ [ o § § % O
p - 2 @) < > =
m = e
b 100 A ) c 100 A
— low risk
- 80 4 —— medium risk — 80
é 60 - —— high risk § 60 -
n n
~ 40 - 40
m o
20 20 p <.001
0 T T T T T 0 T T T T T T
0 24 48 72 96 120 0 24 48 72 96 120 144
Time [months] Time [months]
— 88 68 33 22 7 2 — 89 83 78 54 26 6 4
— 90 58 16 5 2 1 — 90 83 62 30 12 5
— 54 18 5 — 54 39 21 6 3
d Group Ev. p Med. € Ev. P Med.
low 69 39.03 29 147.55
medium 81 = 001 3174 45 | b—=— 002 8227
high 47 —=—1 <.001 182 33 —=—— <.001 36.76
\ \ \
1.0 2.0 4.0 1.0 20 4.0
Hazard ratio Hazard ratio

Figure 3.14: Continuous Heidelberg high risk score (HDHRS) on the TeG. a HDHRS grouped by dis-
ease entity, compared to non-malignant plasma cells and precursors (BMPC, MBC, PPC) and human
myeloma cell lines (HMCL). Significant differences are depicted by 1, 2 or 3 asterisks, indicating signif-
icant p-values (p) smaller than 0.05, 0.01 and 0.001, respectively. A Jonckheere-Terpstra test (JHT) was
performed to test the significance of the score increase from MGUS over AMM and symptomatic MM
to MMR. Performance of the HDHRS of symptomatic multiple myeloma patient samples on the TeG
in b event free survival (EFS) and c¢ overall survival (OS). Univariate Cox regression was performed
for d EFS and e OS. Shown is the hazard ratio on a logarithmic scale with a 95% confidence inter-
val. Ev.: number of events; Med: median survival time in months; p: p-value; MBC: memory B cell;
PPC: polyclonal plasmablasts; BMPC: bone marrow plasma cell; MGUS: monoclonal gammopathy of
undetermined significance; AMM: asymptomatic multiple myeloma; MM: multiple myeloma; MMR:
relapsed MM.
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Comparison to R-ISS. HDHRS and the R-ISS were compared in a multivariate Cox-
regression, see figure 3.15. HDHRS and R-ISS remain highly significant for EFS and
OS in medium and high risk group. The HDHRS has higher hazard ratios for EFS
analysis (1.93 and 2.64) compared to the R-ISS (1.86 and 2.15), but lower hazard
ratios for OS analysis (2.17 and 2.96 compared to 3.56 and 6.15).

a Group p b Group p

HDHRS HDHRS
medium —a— <.001 medium | ——a—— .008
high —s— <.001 high E—— <.001
R-ISS R-ISS
11 —e— 002 1 F—a—r <.001
1 | = | .006 11 F—s—{ <.001

[ I I [ I I I

1.0 2.0 4.0 10 20 40 80

Hazard ratio Hazard ratio

Figure 3.15: Multivariate Cox regression of HDHRS and revised ISS (R-ISS) on the test group (TeG).
Multivariate Cox regression was performed for a event free survival (EFS) and b overall survival (OS).
Shown is the hazard ratio on a logarithmic scale with a 95% confidence interval. p: p-value.

3.4 Stratification validation and testing

Validation of the prognostic impact of RPI and the risk-based stratifications (UAMS70-
seq, RS-seq, EM(C92-seq, IFM15-seq, HDHRS) was performed on independent patient
cohorts of AMM and MMR (pathophysiological validation in different disease stages),
as well as on external samples (CoMMpass cohort) of previously untreated myeloma
patients as used for score determination in this thesis. Additionally, the HDHRS, gen-
erated on RNA-seq was transferred to and validated on DNA-microarrays. The pro-
portions of the validation cohorts in comparison to the TeG are depicted in figure 3.16

and supplementary table B.8.

3.4.1 External testing in early stage and relapsed patients

Two independent cohorts of different patient populations in terms of stage (AMM,
n=142) and disease phase (MMR, n=69) were used. For RPI stratification, trained on
the TG 1, the 19 AMM included in the TG 1 are not used for validation.

In AMM due to the expected low frequency of the high risk group (< 6% in RPI, RS-
seq and HDHRS, see figure 3.16 and supplementary table B.8), this group was merged
with the medium risk group. RPI, UAMS-seq and RS-seq significantly delineates two
groups in AMM (see supplementary figures A.2e, A.3e and A.4e, and supplementary
table B.18), while the EMC92-seq, the IFM15-seq and the HDHRS are not predictive
in AMM (see supplementary figures A.Se, A.6e, A.7e).
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Figure 3.16: Proportions of patients regarding risk stratifications on the test and validation groups. The
proportions are depicted for asymptomatic multiple myeloma patients (AMM), symptomatic multiple
myeloma (MM) patients of the test group (TeG), MM patients of the CoMMpass cohort (CP) and re-
lapsed MM patients (MMR). See also supplementary table B.8.

For MMR patients due to the low amount of low risk patients (n < 8 patients in RPI,
RS-seq and HDHRS, see figure 3.16 and supplementary table B.8) low and medium
risk group were merged. All stratifications, RPI, UAMS70-seq, RS-seq, EMC92-seq,
IFM15-seq and HDHRS significantly delineate two groups for OS (see supplementary
figures A.2f, A.3f, A.4f, A.5f, A.6f, A.7f, and supplementary table B.18).

Therefore, the stratifications can be biologically validated for early stages as well as
relapsed patients.

3.4.2 External testing on CoMMpass cohort

For external validation on symptomatic MM patients, the CoMMpass cohort of the
MMREF was used (see section 2.1.2).

Comparison of CoMMpass and HD cohort characteristics. Compared with HD
cohort EFS and OS are to a large extend comparable (see figure 3.17a and 3.17b). The
percentage of patients without progress after 1, 2 and 3 years is 80%, 60% and 45% in
CoMMpass, compared to 87%, 64% and 45% in the HD cohort for EFS. For OS the
survival percentages are 92%, 82% and 76% in CoMMpass and 95%, 88% and 78%
in the HD cohort. The observation time of CoMMpass cohort is shorter (maximum
EFS: 65 versus 143, maximum OS: 70 versus 178). The median age of the patients
is higher in the CoMMpass cohort than in the HD cohort (CoMMpass: 64 years, HD:
59 years, see figure 3.17c). Both cohorts harbour similar proportions of chromosomal
aberrations, despite the aberrations are determined with iFISH in the HD cohort and
with RNA-seq and WGS in the CoMMpass cohort (see figure 3.17e and 3.17f).
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Figure 3.17: Patient characteristics of CoMMpass (CP) versus Heidelberg (HD) cohort. Comparison of
a event free survival (EFS), b overall survival (OS), ¢ density of the age distribution, d International stag-
ing system (ISS) stage and revised-ISS stage (R-ISS), e chromosomal aberrations, f IgH-translocations,
and g treatment on whole symptomatic multiple myeloma cohorts. Chromosomal aberrations and IgH-
translocations are determined with interphase fluorescence in-situ hybridisation (iFISH) in the HD co-
hort and with sequencing of RNA and DNA in the CP cohort. NR: not reached; HRD: hyperdiploidy;
IMiD: immunomodulatory drugs (non-thalidomide, i.e. pomalidomide or lenalidomide); PI: proteasome
inhibitor (bortezomib or carfilzomib); VAD: vincristine, adriamycin, dexamethasone; TAD: thalido-
mide, adriamycin, dexamethasone; VCD: bortezomib (velcade), cyclophosphamide, dexamethasone;
PAD: bortezomib (formerly called PS-341), adriamycin, dexamethasone.
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There are more patients with ISS stage I in the HD cohort (43%) than in the CoMM-
pass cohort (35%), while in the latter there are more patients with stage II1 (26% versus
28%, see figure 3.17d).

Significant differences are present between the two cohorts in terms of applied treat-
ment regimen. The earliest included patients in the HD cohort were treated upfront
with induction regimen of thalidomide, adriamycin and dexamethasone (TAD) or vin-
cristine, adriamycin and dexamethasone (VAD). While 28% of the patients were ad-
ministered these therapies in HD cohort, none of the CoMMpass patients received
these (see figure 3.17g). The most frequent upfront therapy (66%) of the patients in
HD cohort is based on the proteasome inhibitor bortezomib, either in combination with
adriamycin and dexamethasone (PAD) or in combination with cyclophosphamide and
dexamethasone (VCD). In the CoMMpass cohort, 27% of the patients were treated
with a proteasome inhibitor (bortezomib or carfilzomib) and 52% were treated with
bortezomib treatment in combination with one of the non-thalidomide immunomodu-
latory agents (Ilenalidomide or pomalidomide). IMiD-based treatment with or without
combination therapy is used for 73% of the CoMMpass patients, while no HD patient
received non-thalidomide IMiDs as induction regimen, although in part as maintenance
treatment. In the HD cohort, all patients were intended to receive high-dose therapy
and 99% of patients did receive autologous stem cell transplantation within the first
line of therapy, compared with 50% of patients in CoMMpass cohort. Intrinsically dif-
ferent distributions of treatment regimen depict the different start to recruitment (i.e.
2002 for the HD cohort and 2012 for CoMMpass), as well as different treatment reg-
imen in the participating countries, i.e. Germany versus the US and other European
countries.

Evaluation of the continuous scores. The continuous RPI, UAMS70-seq, RS-seq,
EMC92-seq, IFM15-seq and HDHRS scores are highly prognostic in MM patients
in the CoMMpass cohort. The hazards significantly increase for OS (log-rank test
p < 0.001, each). All scores are likewise prognostic for EFS (log-rank test p < 0.001,
each), except the RPI, as its hazards are dependent on time i.e. the proportional hazard
assumption is violated (see section 2.2.1).

Evaluation of the categorical stratification. The proportions of the risk groups are
similar to the TeG proportions (see figure 3.16 and supplementary table B.8). The
size of the high risk groups of TeG and CoMMpass of RPI is 15.8% versus 18.9%,
of UAMS70-seq 17.2% versus 21.9%, of RS-seq 11.2% versus 13.3%, of EMC92-seq
12.0% versus 13.0%, of IFM15-seq 26.2% versus 30.1%, and of HDHRS 23.2% ver-
sus 23.1%.

In figure 3.18 EFS and OS are shown for the six risk stratifications for the CoMMpass
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Figure 3.18: Survival analyses of risk stratifications and classifications on CoMMpass cohort. Event free
survival (EFS) analyses is depicted for a RPI, b RS-seq, ¢ UAMS70-seq, d EMC92-seq, e IFM15-seq
and f HDHRS. Likewise, overall survival (OS) analyses is depicted for g RPI, h RS-seq, i UAMS70-seq,
J EMC92-seq, k IFM15-seq, ] HDHRS. p: p-value.
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cohort. RPI (figures 3.18a and 3.18g) significantly delineates three groups, but the
low and medium risk group are close. The same can be seen for the RS-seq (figures
3.18b and 3.18h) and HDHRS (figures 3.18f and 3.181), which significant delineate
three groups. EFS and OS for low and medium risk group are comparable. UAMS70-
seq (figures 3.18c and 3.18i), EM(C92-seq (figures 3.18d and 3.18j) and IFM15-seq
(figures 3.18e and 3.18k) significantly delineate the two groups for EFS and OS.
Table 3.12 shows the results of the three different survival comparison methods (Brier
score, R%, and the concordance) for all risk stratifications for the CoMMpass cohort.
The Brier score for EM(C92-seq is the smallest, for EFS (0.1769, p < 0.1 but p > 0.05)
and OS (0.1279). The R-ISS has the largest concordance for EFS (0.61) and the ISS
for OS (0.66).

Table 3.12: Evaluation of the performance of risk prediction models on the CoMMpass cohort. The
table shows the values of three different survival comparison methods for all risk stratifications: Brier
scores (Brier), R and concordance (C) with standard error (SE). A "-" indicates a p-value p > 0.1, *

indicates p < 0.05 and ** indicates p < 0.01. Depicted are event free survival (EFS) and overall survival
(OS) for a RNA-seq-based stratifications b international staging system (ISS) and revised ISS (R-ISS)

EFS OS
Brier R? C | CSE Brier R? C | CSE
a HDHRS 0.1804** | 0.01 | 0.58 | 0.02 | 0.1376*** | 0.19 | 0.62 | 0.02
RPI 0.1840%* -0.04 | 0.59 | 0.02 | 0.1361*** | 0.11 | 0.63 | 0.02
UAMS70-seq 0.1867 -0.12 | 0.56 | 0.01 0.1343*** | 0.08 | 0.63 | 0.02
RS-seq 0.1774* 0.05 | 0.59 | 0.01 0.1367*** | 0.09 | 0.62 | 0.02
IFM15-seq 0.1865 -0.02 | 0.55 | 0.01 0.1434** | 0.02 | 0.59 | 0.02
EMC92-seq 0.1769 0.03 | 0.57 | 0.01 0.1279*** | 0.22 | 0.63 | 0.01
b ISS 0.1794** | 0.07 | 0.60 | 0.02 | 0.1335*** | 0.15 | 0.66 | 0.02
R-ISS 0.1803** | 0.02 | 0.61 0.02 | 0.1378*** | 0.11 | 0.65 | 0.03

3.4.3 HDHRS validation on microarray

Implementation. The RNA-seq based HDHRS was transferred to and validated on
DNA-microarrays. For this, the 53 ENSGS were translated to probesets. In three
cases, translation and valuation with jetset does not yield a result, although several
probesets are present. Because ENSG00000188092 (GPR89B) matches 5 probesets,
the online search tool GeneAnnot was used to find the probeset with best speci-
ficity and sensitivity (220642_x_at). The ENSG00000276234 matches two probe-
sets and was translated in 210537_s_at on the basis of a smaller jetset score. The
two ENSG (ENSG00000238269 and ENSG00000234068) are translated in the same
SYMBOL (PAGE?2B) and probeset (231307_at) and are therefore only used once (see
also supplementary table B.14). Two genes, ENSG00000166415 (238253_at) and
ENSG00000237424 (224456_s_at), have a very low correlation between RNA-seq and

microarray expression (r = —0.03 and r = 0.01). This is due to the low and absent (A)
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expression of the genes on microarray. The correlation of the calculated HDHRS-GEP
with the HDHRS only change marginally if these two genes are included or not. Hence,
for consistency, both genes were retained. As for RS, for HDHRS-GEP the expression
of each gene was multiplied with the "prognosis factor" and the values were summed
up.

New cutoffs were calculated with the running log-rank algorithm as described by Reme
et al. [197], varying the parameters (see section 2.6). The 500 iterations resulted in 7
different cutoff sets, which were compared and evaluated visually in the same way as
for HDHRS (see section 2.6). On the TG, all sets passed the filtering criteria. Hence,
the four cutoff pairs with lowest Brier score and highest concordance for OS and EFS
were chosen for validation on the VG. The Brier scores of two sets were significant
for OS on VG. The one with the higher concordance for OS was selected and used for
testing on the TeG. Initial parameters of this set are a minimal size of a risk group (w)
of 18 (9%), an FDR threshold (fdr) of 0.05, a chi-squared statistic threshold (x2) be-
tween two survival curves of qchisq((1-0.01),1) and a minimal number of events
per group (cx) of 2. Patients were classified in three groups, according to the low cutoff
(lcut=68.28) and the high cutoff (hcut=87.09).

Survival plots for TG and VG for the HDHRS-GEP are shown in supplementary figure
A.8. The results of the performance of the TeG are shown in figure 3.20.

Evaluation of the continuous score. The continuous HDHRS-GEP score is highly
prognostic for the TeG in MM. Its hazard significantly increases over time, for OS
(log-rank test p < 0.001). There is a significant (JHT test: p = 0.001) increase from
MGUS to AMM, to MM to MMR (see figure 3.19). The HDHRS-GEP of PPC and
MBC is similar to the HDHRS-GEP of MM. The HDHRS-GEP of PPC and HMCL is
significantly higher than the HDHRS-GEP of MM, while the one of BMPC is signifi-
cantly lower.

Evaluation of the categorical stratification. The HDHRS-GEP significantly delin-
eate three groups of patients regarding EFS and OS (figure 3.20a and 3.20b), with a
median for low, medium and high risk for EFS of 39, 29 and 21 and for OS of 148,
70 and 37 months. The proportions of low, medium and high risk group are 46.35%,
33.48% and 20.17%. The Brier score is significant regarding OS in TeG and has a
lower value (0.1576) than the one of HDHRS on RNA-seq (0.1601) for OS. The con-
cordance is the highest concordance of all microarray-based scores for EFS (0.61) and
OS (0.66) (see figure 3.3). Univariate Cox regression showed significant hazard ratios
in low versus high risk group for OS (4.61) and for EFS (2.69).

Comparison of both platforms. Pairwise comparison of HDHRS and HDHRS-GEP
per patient in TeG shows few (1%) (see table 3.13 and figure 3.21) differences in terms
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Figure 3.19: Continuous HDHRS-GEP score investigated on the whole cohort. HDHRS-GEP grouped
by disease entity, compared to non-malignant plasma cells and precursors (BMPC, MBC, PPC) and
human myeloma cell lines (HMCL). Significant differences are depicted by 1, 2 or 3 asterisks, indicating
significant p-values (p) smaller than 0.05, 0.01 and 0.001, respectively. A Jonckheere-Terpstra test (JHT)
was performed to test the significance of the score increase from MGUS over AMM and symptomatic
MM to MMR. MBC: memory B cell; PPC: polyclonal plasmablasts; BMPC: bone marrow plasma
cell; MGUS: monoclonal gammopathy of undetermined significance; AMM: asymptomatic multiple
myeloma; MM: multiple myeloma; MMR: relapsed MM.
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Figure 3.20: Survival analyses of HDHRS-GEP on the test group (TeG). Performance of the HDHRS-
GEP of symptomatic multiple myeloma patient samples on the TeG in a event free survival (EFS) and
b overall survival (OS). Univariate Cox regression was performed for ¢ EFS and d OS. Shown is the
hazard ratio on a logarithmic scale with a 95% confidence interval. Ev.: number of events; Med: median
survival time in months; p: p-value.
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of low to high risk group or vice versa. The consistency is 70%. HDHRS and HDHRS-
GEP show a correlation coefficient of r = 0.85, with a confidence interval of 0.8-0.87.
Independent validation for asymptomatic and relapsed myeloma patients. The
progression rate of the HDHRS-GEP for all AMM (see supplementary figure A.8e) is
not significant, while the OS of the MMR (see supplementary figure A.8f) significantly

delineates two groups, the high risk group and the combined low and medium risk
group.

Table 3.13: Confusion matrix of HDHRS and HDHRS-GEP stratification on the TeG. Depicted is the
number (and percentage) of patients per HDHRS group in rows and per HDHRS-GEP group in columns.
In the top left of the table the consistency (CO) is depicted.

HDHRS-GEP

Z| CO=70% | lowrisk | medium risk | high risk
) low risk 74 (32%) 13 (6%) 2 (<1%)
2 [ medium risk | 34 (15%) | 50(22%) | 6 (3%)
high risk 0 15 (6%) | 39(17%)
r=0.84

(0.8-0.87)

o  lowrisk

o medium risk

o highrisk
low~medium risk

. medium~high risk

40 20 120 low~high risk
HDHRS GEP

HDHRS

Figure 3.21: Comparison of HDHRS and HDHRS-GEP on test group (TeG). a correlation of HDHRS
and HDHRS-GEP. Samples stratified in the low risk group of the HDHRS and medium risk group of the
HDHRS-GEP or vice versa (low~medium risk) are depicted in light blue, medium~high risk samples
are depicted in violet and low~high or high~low risk samples are depicted in yellow. The correlation
coefficient (r) is displayed with its confidence interval.

3.5 Evaluation of potential targets

Microarrays and RNA-seq allow the assessment of targets of pharmacological agents.
This intrinsically prerequisites that the target for a specific drug is known, which is
especially the case for targets of immunotherapeutical approaches such as TCB mono-
clonal antibodies (see sections 3.5.2.1 and 4.4.2.1). Both, DNA-microarrays and RNA-
seq allow assessing the expression of target genes. RNA-seq additionally enables the
analysis of splice variants and mutated targets. In this thesis, 25 targets are exemplarily

assessed, of which 15 are currently actionable (see table 3.14).
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Table 3.14: Exemplary potential target list. The used translations of gene symbols (SYMBOL), mi-
croarray probeset and Ensembl gene identifier (ENSG) are depicted (all translations are listed in supple-
mentary table B.19). In column one constitutively expressed genes are depicted in bold and an asterisk
* indicates cell surface proteins. "Type" specifies the (non-exclusive) treatment strategy for a target:
1=antibody or CAR T cell therapy; 2=small molecule inhibitor; 3=mutation specific agent, 4=vaccina-
tion strategy, S=theoretical siRNA target, frequently overexpressed in multiple myeloma and associated
with a cancer relevant pathway. A T indicates actionable targets with available agent. SSX2B and
MAGEAG6 were not selected.

Name SYMBOL PROBEID ENSG Type Reference
BCMA* TNFRSF17 206641 _at ENSG00000048462 1+ [212]
CD38* CD38 205692_s_at | ENSG00000004468 1+ [55, 57, 213]
HM1.24* BST2 201641 _at ENSG00000130303 4 [156, 209]
CD74* CD74 209619 _at ENSG00000019582 1+ [1]
CTAG2 207337_at ENSG00000126890
NYESO1/2* | CTAGI1A 210546 x at ENSG00000268651 | 114 [48, 156, 209]
CTAGIB - ENSG00000184033
HGF HGF 210997 _at ENSG00000019991 2t [193]
FGFR3* FGFR3 204379_s_at | ENSG00000068078 | 2% [232]
MAGEA1* MAGEA1 207325_x_at | ENSG00000198681 4 [48, 156]
MAGEA3* MAGEA3 209942 x at ENSG00000221867 | 4% [47, 48, 209]
MAGEA6* | MAGEA6 ~ 7 | ENSG00000197172 | -

MMSET* WHSC1 209053_s_at | ENSG00000109685 5 [156]
IGF1R* IGFIR 225330_at ENSG00000140443 | 2% [68, 223]
TP53 TP53 201746_at ENSG00000141510 5 [156]

AURKA AURKA 208079_s_at | ENSG00000087586 | 2% [102]
CCND1 CCND1 208712_at ENSG00000110092 5
CCND2 CCND2 200953_s_at | ENSG00000118971 5 [22, 156]
CCND3 CCND3 201700_at ENSG00000112576 5
RHAMM HMMR 207165_at ENSG00000072571 4 [76, 81, 82, 209]
CD20* MS4A1 228599_at ENSG00000156738 1+ [231]
GPRC5D* GPRC5D 221297 _at ENSGO00000111291 1+ [186]
MUCT1* MUCI1 213693_s_at | ENSG00000185499 | 4% [30, 156]
CS1* SLAMF7 222838 _at ENSG0000026751 1+ [45]
WT1* WT1 206067_s_at | ENSG00000184937 4 [209, 233]
&
SSX2 SSX2 210497 x_at ENSG00000241476 4 [48, 156]
SSX2B SSX2B ENSG00000268447 -
NKG2D* KLRK1 1555691_a_at | ENSG00000213809 1+ [14, 15]
BRAF BRAF 206044_s_at | ENSG00000157764 | 3% [8]
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The 15 "actionable" targets include targets for which compounds are approved® or in
later stage development for multiple myeloma (e.g. BCMA, CD38, CD74, NYESO1/2,
GPRC5D, NKG2D, see table 3.15) or have been described but are currently not in clin-
ical testing for MM (e.g. AURKA [102] or IGFIR [68]). The treatment strategies for
the actionable targets include 8 antibody or CAR T cell therapies, 4 clinical inhibitors
and 2 vaccination strategies. For the mutated target BRAF approved inhibitors are
available (e.g. vemurafenib [24, 109] and dabrafenib [91]), but not approved for MM.
The ten targets until now not actionable in MM inlcude five potential antigens as tar-
gets for vaccination (HM1.24, MAGEA1, RHAMM, WT1 and SSX2 [100, 156, 209])
and five "theoretical" targets (MMSET, TP53, CCND1, CCND2 and CCND3). The
latter are potentially targetable by small molecule inhibitors (e.g. CDK4/6 inhibitors
[107, 172]) or siRNA-based strategies, but have not been tested clinically in myeloma
up to now. All targets are listed in table 3.14.

Fourteen of the 25 targets had already been presented in the GEP-R (6 actionable, 3
until now not actionable vaccination, and 5 only theoretical targets). These were trans-
lated from probesets to SYMBOLs and ENSGs. The remaining 8 actionable and 3 until
now not actionable vaccination targets were translated from SYMBOL to probesets and
ENSGs. All pairs of probesets and ENSGs for the 25 targets are listed in supplemen-
tary table B.19. For three probesets more than one related gene SYMBOL and ENSG
exists, see table 3.14. First, the probeset 210546_x_at of NYESO1/2 used in the GEP-
R, matches to three ENSGs and three SYMBOLs: CTAG2, CTAGIB and CTAGIA. For
them, 2, 2 and 3 transcripts are known, respectively. Regarding GeneAnnot, the sensi-
tivity of CTAG2, CTAG 1B and CTAG A is identical (0.636) and the specificity is below
0.41 in all three cases. Using the GeneCards database, the three genes are paralog to
each other’. Hence, no gene was excluded and the maximal RNA-seq expression per
sample of the three ENSGs was used as comparison to the microarray expression. Sec-
ond, MAGEA3 and MAGEAG fit both probeset 209942 _x_at. GeneAnnot depicts the
sensitivity (1 vs. 0.909) and specificity (0.462 vs. 0.439) as higher for MAGEA3, hence
this gene was used in comparison. Third, the ENSG ENSG00000268447, matching to
SSX2B and 210497_x_at was rejected, because it was not found on GeneAnnot, and
instead the paralog® SSX2 (ENSG00000241476) was used.

Of the 11 targets, which were translated from SYMBOL to probesets and ENSGs, for

®National Cancer Institute: Drugs Approved for Multiple Myeloma and Other Plasma Cell
Neoplasms; Online resource: https://www.cancer.gov/about-cancer/treatment/drugs/
multiple-myeloma; Status: 27.02.2020, 12:55

"GeneCards CTAGIA; Online resource: https://www.genecards.org/cgi-bin/carddisp.
pl?gene=CTAG1A&keywords=CTAG1A; Status: 15.10.2019, 13:33

8GeneCards SSX2; Online resource: https://www.genecards.org/cgi-bin/carddisp.pl?
gene=SSX2&keywords=SSX2B; Status: 15.10.2019, 13:34
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7 SYMBOLSs (CD74, HGF, RHAMM, CD20, CS1, WT1, NKG2D) and ENSGs more
than one probeset exists (3, 5, 2, 4, 3, 2, 2, respectively). For each gene the probeset

with the largest jetset score were selected, see table 3.14 and supplementary table B.19.

Table 3.15: Exemplary targets in clinical trials. Not comprehensive list of targets with clinical grade
agents which are currently in later stage development. The trial names are extracted from the database
clinicalTrials.gov; Status: 21.04.2020, 11:29.

Target Trial name Status ClinicalTrials.gov
name identifier
BCMA Study of CC-93269, a BCMA x CD3 T Cell Ongoing NCT03486067

Engaging Antibody, in Subjects With Relapsed
and Refractory Multiple Myeloma

Assessment of AMG 420 in Subjects With Ongoing NCT03836053
Relapsed and/or Refractory Multiple Myeloma
(AMG420)
CD38 Study to Evaluate the Safety and Efficacy of Ongoing NCT03464916

Anti-CD38 CAR-T in Relapsed or Refractory
Multiple Myeloma Patients

CD74 Study of STRO-001, an Anti-CD74 Antibody Ongoing NCT03424603
Drug Conjugate, in Patients With Advanced
B-Cell Malignancies

HGF A Phase 2 Trial of MP0250 Plus Bortezomib + Ongoing NCT03136653
Dexamethasone in Patients With Multiple
Myeloma
NYESO1/2 | Redirected Auto T Cells for Advanced Myeloma | Completed NCT01352286
GPRC5D Dose Escalation Study of JNJ-64407564 in Ongoing NCT03399799
Participants With Relapsed or Refractory
Myeloma
CSl1 CS1-CAR T Therapy Following Chemotherapy Ongoing NCTO03710421

in Treating Patients With Relapsed or Refractory
CS1 Positive Multiple Myeloma

NKG2D A Dose Escalation Phase I Study to Assess the Ongoing NCTO03018405
Safety and Clinical Activity of Multiple Cancer
Indications (THINK)

3.5.1 Target expression

The RNA-seq expression of the exemplary 24 actionable, vaccination and theoretical
targets (BRAF is not shown) was contrasted with their microarray expression, com-
paring non-malignant cells and myeloma cell lines with the myeloma stages (see fig-
ure 3.22 and supplementary figures A.9, A.10,A.11, A.12, A.13, A.14 and A.15), the
PA-seq call with the PA call (see supplementary table B.20), overexpression (see sup-
plementary table B.21), survival association and correlation of expression using the

different platforms (see supplementary figure A.16).
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Figure 3.22: Expression of BCMA, GPRC5D and NKG2D. The whole cohort is assessed. Expression
is grouped by disease entity, compared to non-malignant plasma cells and precursors (BMPC, MBC,
PPC) and human myeloma cell lines (HMCL). Significant differences in expression compared to BM-
PCs are depicted by 1, 2 or 3 asterisks, for p-values (p) smaller than 0.05, 0.01 and 0.001, respectively.
RNA-seq expression is depicted for a BCMA (published with a smaller cohort in Seckinger, ..., Emde et
al., Cancer Cell 2017 [212]), ¢ GPRC5D and e NKG2D. Microarray expression is depicted for b BCMA
(published with altered sample composition in Seckinger, ..., Emde et al., Cancer Cell 2017 [212]), d
GPRC5D and f NKG2D. The red dashed line depicts the threshold for overexpression, defined as me-
dian expression in BMCPs plus 3 times the standard deviation. Two exemplary patients are highlighted
with red (patient 1) and yellow (patient 2) dot for BCMA. MBC, memory B cells; PPC, polyclonal plas-
mablastic cells; BMPC, bone marrow plasma cells; MGUS, monoclonal gammopathy of undetermined
significance; AMM, asymptomatic multiple myeloma, MM, symptomatic multiple myeloma; MMR,
relapsed myeloma.
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The results are published in parts by Seckinger et al. [212] (expression of BCMA),
Seckinger et al. [213] (expression and survival analysis of CD38), and Schmitt et al.
[209] (expression, correlation and survival analyses of HM1.24, NYESO1/2, MAGEA3,
RHAMM and WTT1). A summary of the results for all targets is depicted in table 3.16.

The targets can be divided in four groups according to their expression: i) constitu-
tively expressed in plasma cells, ii) aberrantly expressed, iii) overexpressed and iv)
non-overlapping in RNA-seq and DNA-microarrays (NA). The expression of three ex-
emplary targets, BCMA, GPRC5D and NKG2D, is depicted in figure 3.22.

1) The RNA-seq and microarray expression of BCMA, CD38, HM1.24 and CD74 show
a correlation coefficient r of 0.66, 0.68, 0.60, and 0.73, respectively. All four genes
are expressed in all samples in PPC, BMPCs, MGUS, AMM, MM, and MMR, except
one MM sample with absent microarray expression regarding HM1.24. As exempli-
fied for CD38 (see figure 3.22), the expression of the MBC:s is significantly lower than
the expression of BMPC or MM, while MBC expression on microarray is absent in at
least one sample. This pattern is found likewise for BCMA and HM1.24. The expres-
sion of CD38 and CD74 (see figure 3.22) is higher in BMPCs than in MM, whereas
for BCMA and HM1.24 the expression in BMPC is lower or similar to MM. BCMA
is overexpressed in comparison to BMPCs (for the definition see 2.8.1) in 57 MM
samples on microarray and in 299 samples on RNA-seq, CD38 in 8 each, HM1.24
in 175 and 336 and CD74 in 71 and 27. Neither BCMA nor HM1.24 are associated
with survival. High CD38 expression was previously published by the LfM [213] as
associated with good prognosis on microarray, with a borderline significant p-value of
0.03 for EFS and of 0.02 for OS. In this thesis and a larger cohort, CD38 marginally
fails survival association with borderline (unadjusted) p-values in maxstat test of 0.08
(adjusted: 0.12) for microarray and 0.055 (adjusted: 0.08) for RNA-seq (see supple-
mentary table B.22 for adjusted p-values).

11) NYESO1/2, HGF, FGFR3, MAGEAI and MAGEA3 are neither expressed in BMPCs
nor MBCs, except one BMPC sample categorised as borderlinely expressing HGF us-
ing the RNA-seq expression threshold. Regarding unnormalised raw read counts, only
NYESO1/2 is not expressed in BMPCs. The expression in PPC is absent in all cases,
except for HGF expression on RNA-seq, which is present at a very low level (see sup-
plementary figure A.10). NYESOI1/2 is expressed in 67 MM samples (12.5%) on mi-
croarray and 64 samples on RNA-seq (12.0%), HGF in 448 (83.9%) and 504 (94.2%),
FGFR3 in 55 (10.3%) and 42 (78.5%), MAGEAI in 92 (17.2%) and 140 (26.2%) and
MAGEA3 in 215 (40.3%) and 174 (32.5%). The consistency (CO), comparing the

present "P" samples in RNA-seq and "MP" samples on DNA-microarrays,
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Table 3.16: Target presence, overexpression and survival association using microarray and RNA-
sequencing (RNA-seq) investigated on the whole cohort. i) constitutively expressed in plasma cells,
ii) aberrantly expressed, iii) overexpressed and iv) non-overlapping in RNA-seq and DNA-microarrays.
Shown are the correlation coefficient r, present expression with consistency (CO) and the percentage of
patients with present PA-seq call and absent PA call (nCO), and overexpression with CO between the
two platforms. The survival association of high expression is summarised in the last column. Present
survival association has always the same direction (i.e. adverse/adverse or good/good) on both plat-
forms. ~ indicates good survival association of high expression. NA depicts non-overlapping results in
RNA-seq and microarray analysis. *CD38 was previously published at the LfM [213] as associated with
survival on microarray, with borderline significant p-value of 0.02 in overall survival (OS). In this the-
sis, using a subset of patients only, CD38 is not associated with OS with borderline, but not significant
(unadjusted) p-values of 0.08 (DNA-microarrays) and 0.055 (RNA-seq).

Microarray RNA-seq Comparison
RS
~_~ S bt S
5|3 i Sle |8 .
1l e Il ) - 3|5 g
= wn = wn = _g ° o=
= I = I 2 2 2 =
O E | s | Q| & | 2 5| & 5]
A 5] -9 ) s = = )
=2 ¢ |2 |2 |¢ |2 |8|8| %
g | = | 2 || = | 2| g |8|¢ s
- - (=7 - ~— (=% 5] (=7 <) [~ ]
o =] ] o o = = — | = S
3 2 ot 2 2 z 2o ¢ S
2 2 4 2 £ 4 Q10| Q 5
Name r 2| a| &8 |a| &a&| &8 |0 |&® |0 2
i) BCMA 0.66| 9 | 534| 57 | 10 | 535|299 | 100 | O | 54 no
CD38 0.68| 9 | 534| 8 10 | 535 | 8 100 | O | 98 | yes™*
HM1.24 0.60| 9 | 533|175 | 10 | 535|336 | 100 | O | 63 no
CD74 073 9 |534| 71 | 10 | 535 | 27 | 100 | O | 11 | yes™
ii) | NYESO1/2 | 0.73] O 67 67 0 64 64 92 4 90 yes
HGF 0.85| O | 448| 448 1 504 | 469 | 88 1 91 no
FGFR3 090 O 55 55 0 42 42 97 3 97 yes
MAGEA1 080 O 92 | 92 0 140 | 140 | 86 2 83 yes
MAGEA3 | 0.82] O 2151 215 | O 174 | 174 | 85 11 | 84 yes
iii)] MMSET 0.78| 9 | 245| 84 | 10 | 515| 59 | 50 | O | 73 yes
IGFIR 0.68] 1 166| 38 9 | 412 | 11 52 1 | 82 yes
TP53 0.64| 9 | 512|308 | 10 | 525 | 173 | 95 1 | 44 no
AURKA 0.76| 7 390| 346 | 6 379 | 64 81 11 | 39 yes
CCND1 0.79| 4 | 430| 387 | 7 450 | 388 | 89 4 90 | yes”
CCND2 0.86] 9 299| 206 | 10 | 393 | 192 | 78 2 87 yes
CCND3 0.79| 9 531| 10 10 | 534 | 25 99 0 95 no
RHAMM 074 9 462| 114 | 10 | 473 | 139 | 88 5 78 yes
CD20 0.76| 4 156| 76 10 | 443 | 77 44 1 90 no
GPRC5D 0.84| 9 5221 350 | 10 | 534 | 368 | 98 0 16 no
iv) MUCI1 0.63| 9 | 527|152 O 68 | 68 14 | 86 | 46 yes
CS1 0.71| 9 | 533| 18 | 10 | 534 | 6 100 0 | 96 | NA
WT1 0.12| O 5 5 0 3 3 99 1 |99 | NA
SSX2 0.08/ 0 | 52 | 52 0 0 0 90 | 10 | 90 | NA
NKG2D 0.03| 0 2 2 0 0 0 100 | O 0 no
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is CO > 85% for all genes (see section 2.2.2). For all MM samples, for most genes
categorised as present using RNA-seq, these are likewise overexpressed in compari-
son to BMPCs. This holds true for NYESO1/2, FGFR3, MAGEAI and MAGEA3. For
HGF, of the 504 myeloma patient samples showing present expression (6.9%) 35 do
not show overexpression using RNA-seq. A significant association with EFS and OS
was found for NYESO1/2, FGFR3, MAGEAI and MAGEA3, while no association was
found for HGF.

iii) RNA-seq and microarray expression of CCND2 show a correlation coefficient of
r=0.86, CCNDI, CCND3, MMSET, AURKA, CD20 and GPRC5D show a correla-
tion coefficient of r > 0.76, RHAMM and IFGIR of r > 0.66 and TP53 of r = 0.64.
CCND2, CCND3, MMSET, TP53, RHAMM and GPRC5D are found expressed in all
BMPC samples on both platforms, while CCND1, IGFIR, AURKA and CD20 are ex-
pressed in 4, 1, 7 and 4 BMPCs on microarray and 7, 9, 6, 10 BMPCs using RNA-seq.
CCND3 and TP53 are expressed in all cell types in this analysis, including MBCs, with
531 (99.4%) and 512 (95.9%) MM samples with present expression on microarray and
534 (99.8%) and 525 (98.1%) on RNA-seq. MMSET, IGFIR and CD20 are more of-
ten found expressed in RNA-seq compared with microarray data: 245 (45.9%), 166
(31.1%) and 156 (29.2%) patients show expression in DNA-microarrays versus 515
(96.2%), 412 (77.0%) and 443 (82.8%) in RNA-seq. The consistency is CO < 52%
for all three gene. Frequent overexpression is detected for CCNDI, CCND2, TP53,
RHAMM and GPRCS5D in 387 (72.5%), 206 (38.6%), 308 (57.7%), 114 (21.3%) and
350 (65.5%) patient samples by microarrays, and 388 (72.5%), 192 (35.9%), 173
(32.3%), 139 (26.0%) and 368 (68.8%) MM in RNA-seq. Significant association with
EFS and OS is found for CCNDI, CCND2, MMSET, IFGIR, AURKA and RHAMM,
while no association is found for TP53, CCND3, CD20 and GPRC5D.

iv) The correlation coefficient » for WT'1, SSX2 and NKG2D is below 0.25. SSX2 ex-
pression is not detected by RNA-seq, but frequently present in DNA-microarrays. WT'/
is present and overexpressed in a few patient samples in microarray analyses (n=5) and
on RNA-seq (n=3), while NKG2D is only present and overexpressed in very few pa-
tient samples in microarray analyses (n=2). In contrast to the latter targets, MUCI and
CS1 (see figure 3.22) have a correlation coefficient » of 0.63 and 0.71. MUC1 is found
expressed in all BMPCs and MBCs using DNA-microarrays, but neither in BMPC
nor MBC using RNA-seq. Of the 534 samples on microarray, 527 (98.7%) show
present expression, while using RNA-seq only 68 (12.7%) express MUCI. Hence,
the consistency is the lowest of all targets, with 14%. MUCI is significantly associ-
ated with survival for EFS and OS. CS1 is expressed in 533 MM patient samples on
DNA-microarray and 534 on RNA-seq. CSI expression is found to be significantly
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associated with survival by the maxstat test for EFS and OS on RNA-seq, but not on
DNA-microarrays.

Additionally, within the publication of Schmitt ez al. [209] the number of expressed
CTAs was analysed. In table 3.17 NYESO1/2, MAGEA3, RHAMM and WTI are de-
picted. Considered individually, each is expressed in 67 (13%), 215 (40%), 462 (87%),
and 5 (1%) MM patient samples on microarray and in 64 (12%), 174 (33%), 473
(88%), and 3 (1%) on RNA-seq. Combining the targets, 91% of the patients show
expression of at least one of the four CTAs.

Table 3.17: Presence of Cancer testis antigens (CTAs) using microarrays and RNA-seq investigated on
the whole cohort. Shown are the number of present CTA (MAGEA3, WT1, RHAMM and NYESO1/2)

expression on the two platforms. The number of BMPC and MM samples with at least one read is
shown for RNA-seq per gene in grey colour.

Microarray RNA-seq
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0 0 47 0 1 0 45
1 9 271 4 57 110 | 310
2 0 172 4 11521 0 | 136
3 0 42 2 1187 | 0 44
4 0 2 0113810 0

3.5.2 Splice variants

Alternative splicing may eliminate the target sequence of especially immunotherapeu-
tical agents. Using RNA-seq, the determination of splice variants is possible. Ex-
emplary, the splice junctions of the two immunotherapeutical target genes BCMA and
CD38 were further analysed in this thesis.

3.5.21 BCMA

The cell surface antigen BCMA is mandatory for the survival of long-living BMPCs
[180] and considered an ideal target as published by Seckinger er al. [212]. As part
of the development of a BCMA-TCB antibody (CC-93269, [212], ClinicalTrials.gov
identifier: NCT03486067), BCMA splice variants have been analysed and presented
[98].

90


https://clinicaltrials.gov/ct2/show/NCT03486067

3 RESULTS

Three transcripts for BCMA are annotated, see figure 3.23. All three are protein en-
coding and composed of 8 exons in total. BCMA-001, BCMA-002 and BCMA-003,
consist of 3, 4, and 2 exons, respectively. Four of the five splice junctions are tran-
script specific, while each transcript has at least one specific splice junction. Seven
non-annotated splice junctions were detected with each matched by a maximum of

0.6% of all reads spanning BCMA splice junctions. These were therefore not further

analysed.
a
1 —— Splice junction
g SJ BCMA-001 specific SJ
A SJ2 BCMA-002 specific SJ
3| P P SJ3 —— BCMA-002 specific SJ
2 — SJ4 BCMA-003 specific SJ
‘ P P SJ5 Exon
E 1 T
| — — = ——— | BCMA-001 (ENST00000053243)

S R _ BCMA-002 (ENST00000562385)
§ Dt —_— BCMA-003 (ENST00000396495)
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; w w i
(@) 11965500 11966750 11968000
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Figure 3.23: Analysis of alternative splicing of BCMA. The figure consists of three parts, containing the
structure of the gene locus (bottom part), the different transcripts (centre part) and the splice junctions
(top part). Exons are depicted in dark blue and splice junctions (SJ) in red, while specific splice junctions
are of contrasting colour. The three transcripts for BCMA are composed by 5 splice junctions and 8
exons. The splice junction specific for BCMA-001 (SJ 2) is depicted in green, the two specific for
BCMA-002 (SJ 3 and SJ 4) in light lilac and lilac, and the one specific for BCMA-003 (SJ 5) in light
blue. RNA-seq: RNA-sequencing; chr: chromosome.

The splice junction specific for BCMA-001, SJ 2, is expressed with at least 10 reads in
all patient samples, while SJ 3 and SJ 4, specific for BCMA-002 are expressed in 40/52
and 43/52 MGUS (76.9% and 82.7%), 22/29 and 20/29 AMM (75.9% and 69.0%), and
259/388 and 263/388 MM (66.8% and 67.8%) patient samples and SJ 5, specific for
BCMA-003 is expressed in 28/52 MGUS (53.8%), 18/29 AMM (62.1%), and 230/388
MM (59.3%) patient samples (see table 3.18).

The minimum percentage of reads spanning the BCMA-001 specific splice junction is
43.74% in MM, while the maximum percentages of BCMA-002 specific splice junc-
tions, SJ 3 and SJ4 are 3.51% and 3.69%, and the maximum percentage of BCMA-003,
SJ 5,15 2.55%.

Regarding the full-length transcript of BCMA-001, the percentage of patient samples
containing all SJ of BCMA-001 is 100%, while the percentage of patient samples con-
taining only SJ of BCMA-001 is 7.7% for MGUS, 10.3% for AMM and 19.8% for
MM (see table 3.18). The number of patient samples having reads spanning any other
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SJ than the ones for BCMA-001 above the levels of 1% is 28 MGUS, 17 AMM and
200 MM and above the levels of 5% it is 1 MGUS, 3 AMM and 3 MM. No patient
sample exceeds the level of 10%.

In supplementary table B.23 the number of reads per splice junction is depicted for
two exemplary patients, one with only a BCMA-001 specific splice junction and one
with additional splice junctions. The results of the two exemplary patients are con-
firmed by RSEM transcript analysis (see supplementary figure A.20). In example one,
the BCMA-002 and BCMA-003 specific SJs are present, but the maximum number of
reads in BCMA-001 is 50 times higher. In example 2 the maximum number is even
100 times higher in BCMA-001. In conclusion, BCMA-001 is the main transcript of
BCMA.

Table 3.18: Splice junctions of BCMA per cohort and relative abundance. a The 5 splice junctions (SJ) of
BCMA are depicted. SJ 2 is specific for BCMA-001, SJ 3 and SJ 4 for BCMA-002 and SJ 5 for BCMA-
003. The number of samples in which the respective SJ is expressed, is depicted for memory B cells
(MBC), polyclonal plasmablasts (PPC), bone marrow plasma cells (BMPC), monoclonal gammopathy
of undetermined significance (MGUS), asymptomatic multiple myeloma (AMM), multiple myeloma
(MM) and human myeloma cell lines (HMCL). In the last two columns are the minimum (min) and
maximum (max) percentages of raw reads for the specific SJs in comparison to the reads for all other
annotated SJs in MM patient samples. b BCMA-001 transcript and the percentage of patient samples
containing only this SJ. In the last three columns, the percentage of reads spanning any other SJ above
the levels of 1%, 5% and 10% is delineated.

MM
? MBC | PPC | BMPC | MGUS | AMM | MM | HMCL | Min % | Max %
n 4 4 9 52 29 388 26 - -
SJ1 3 4 9 52 29 388 26 37.21 53.72
SJ2 4 4 9 52 29 388 26 43.74 62.79
SJ3 0 4 6 40 22 259 22 0.00 3.51
SJ 4 0 4 6 43 20 263 23 0.00 3.69
SJ5 0 4 0 28 18 230 22 0.00 2.55
BCMA-001 | BCMA-001 only | Number of reads spanning
other annotated SJ
n n [%] | n [%] >1% | >5% >10%
MBC 4 3 750 | 3 75.0 4 0 0
b PPC 4 4 100 | O 0.0 4 0 0
BMPC | 9 9 100 1 11.1 4 0 0
MGUS | 52 | 52 100 | 4 7.7 28 1 0
AMM | 29 | 29 100 | 3 10.3 17 3 0
MM | 388 | 388 | 100 | 77 19.8 200 3 0
HMCL | 26 | 26 100 | 3 11.5 19 0 0

3.5.2.2 CD38
CD38 is an immunological target for which approved and developmental drugs are
available (see 1.5). Interestingly, despite malignant plasma cells from almost all

myeloma patient samples express CD38, the compound is active as single agent in
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only about one thirds of the patients [213]. Thus, alternative splicing eliminating the
binding site of therapeutic antibodies was considered as a potential mechanism of up-
front resistance. Results from this thesis regarding CD38 splice variants have already
been published [213].

a

SJ 1 —— Splice junction
SJ2 —— (CD38-001 specific SJ
SJ 3 —— CD38-005 specific SJ

< SJ 4 —— Exon

< SJ 5 Splice junction

% ST 6 Exon
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Figure 3.24: Analysis of alternative splicing of CD38. The figure consists of three parts, containing the
structure of the gene locus (bottom part), the different transcripts (centre part) and the splice junctions
(top part). Exons are depicted in dark blue and splice junctions (SJ) in red, while specific splice junctions
are of contrasting colour. Five transcripts for CD38 are annotated in GRCh38, composed by 9 splice
junctions and 17 exons. The splice junction specific for CD38-001 (SJ 3) is depicted in green and the one
specific for CD38-005 (SJ 9) in lilac (adapted from Seckinger, ..., Emde et al., Frontiers in Immunology
2018 [213]). RNA-seq: RNA-sequencing; chr: chromosome.

In the reference genome GRCh38 five transcripts for CD38 are annotated, see figure
3.24. Two are protein encoding (CD38-001 and CD38-005), two are non-protein en-
coding due to retained intron sequences and one shows a nonsense-mediated decay
(CD38-002). The five transcripts are composed of 22 exons. Of these 17 are unique
exons. CD38-001, CD38-002, CD38-003, CD38-004, CD38-005 consists of 8, 7, 3,
2 and 6 exons, respectively. Nine splice junctions are annotated. Three of these are
transcript specific, for the transcripts CD38-001, CD38-002 and CD38-005. Addition-
ally, nine non-annotated splice junctions were detected. Each matched by a maximum
of 2.06% of all reads spanning CD38 splice junctions. As for BCMA, these were not
further analysed.

The splice junction specific for CD38-001 is expressed in all 469 plasma cell samples.
The one specific for CD38-005 is expressed in 3/52 MGUS (5.8%), 1/29 AMM (3.4%),
and 14/388 MM patient samples (3.6%), respectively (see table 3.19).

The minimum percentage of reads spanning a CD38-001 specific splice junction is
10.36 in MM, while the maximum percentage of CD38-002 or CD38-005 specific
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Table 3.19: Splice junctions of CD38 per cohort and relative abundance. a The 9 splice junctions
(SJ) of CD38 are depicted (adapted from Seckinger, ..., Emde et al., Frontiers in Immunology 2018
[213]). SJ 3 is specific for CD38-001, SJ 8 for CD38-002 and SJ 9 for CD38-005. The number of
samples in which the respective SJ is expressed, is depicted for memory B cells (MBC), polyclonal
plasmablasts (PPC), bone marrow plasma cells (BMPC), monoclonal gammopathy of undetermined
significance (MGUS), asymptomatic multiple myeloma (AMM), multiple myeloma (MM) and human
myeloma cell lines (HMCL). In the last two columns are the minimum (min) and maximum (max)
percentages of raw reads for the specific SJs in comparison to the reads for all other annotated SJs in
MM patient samples. b Depicted is the percentage of patient samples containing all splice junctions
(SJ) of the CD38-001 (adapted from Seckinger, ..., Emde et al., Frontiers in Immunology 2018 [213])
transcript and the percentage of samples containing only this SJ. In the last three columns, the percentage
of reads spanning any other SJ above the levels of 1%, 5% and 10% is delineated.

MM
? MBC | PPC | BMPC | MGUS | AMM | MM | HMCL | Min % | Max %

n 4 4 9 52 29 388 26 - -
SJ1 2 4 9 52 29 388 24 11.04 18.18
SJ2 2 4 9 52 29 388 23 12.48 20.78
SJ3 2 4 9 52 29 388 22 10.36 18.6
SJ4 2 4 9 52 29 388 23 8.33 16.88
SJ5 2 4 9 52 29 388 22 11.01 18.37
SJ6 2 4 9 52 29 388 22 10.61 16.76
SJ7 2 4 9 52 29 388 23 9.77 23.84
SJ8 0 1 4 14 10 125 6 0 2.08
SJ9 0 0 1 3 1 14 1 0 0.25

b CD38-001 | CD38-001 only | Number of reads spanning
other annotated SJ
n n [%] n [%] >1% >5%

MBC 4 1 25.0 1 25.0 0 0

PPC 4 4 100 2 50.0 0 0
BMPC 9 9 100 3 30.0 0 0
MGUS | 52 52 | 100 | 36 69.2 3 0

AMM | 29 29 | 100 | 17 58.6 0 0

MM 388 | 388 | 100 | 247 63.7 1 0
HMCL | 26 22 | 84.6 | 15 57.7 0 0

splice junction is 2.08 and 0.25.

Comparing the number of raw reads of all splice junctions in the 18 patient samples
with present CD38-005 specific splice junction (see supplementary figure A.17), the
seven splice junctions of CD38-001 are either less present (below 100% to 81%) or
more present (above 100% to 130%). The maximum observed frequency of the CD38-
005 specific splice junction in the 18 patient samples is 1.8%, in comparison to CD38-
001 specific splice junction.

Regarding the full-length transcript of CD38-001, the percentage of patient samples
containing all SJ of CD38-001 is 100%, while the percentage of patient samples con-
taining only SJ of CD38-001 is 69.2% for MGUS, 58.6% for AMM and 63.7% for MM
(see table 3.19). The number of patients having reads spanning any other SJ above the
levels of 1% 1s 3 MGUS, 0 AMM and 1 MM. No patient exceeds the level of 5%.
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In supplementary table B.23 the number of reads per splice junction is depicted for two
exemplary patients, one with present CD38-005 specific splice junction and one with-
out. The results of the two patients are confirmed by RSEM transcript analysis (see
supplementary figures A.18 and A.19). All transcripts are expressed, at least partly. In
both examples, the maximum read number of CD38-001 is at least 6 times larger than
the maximum read number of CD38-005. At the position of the CD38-005 specific
splice junction, nucleotide position 161 and 162, CD38-005 expression shows a gap in

both examples. Hence, reads overlapping this splice junction are missing.

3.5.3 Detected mutations

An example for a mutation creating a target in cancer and specifically myeloma cells
is the BRAF (ENSG00000157764) mutation V60OE (dbSNP identifier: rs113488022).
Of the 535 MM patients, 11 (2.1%) show presence of this mutation, 10 carry a T instead
of an A and one a G. On protein level on the minus strand, this means that valine is
replaced by glutamic acid (in case of T) or by alanine (in case of G). The mean number
of all reads spanning the position is 5.39 and the mean number of reads supporting the
variant is 4.63. The variant allele frequency ranges between 23% and 100%. 6 of the
11 mutations are clonal, with a variant allele frequency > 60%. In all MM patients
carrying a V600 mutation, BRAF is expressed (PA-seq call), and the expression ranges
from 2.8 to 3.9 normalised counts. Of the 524 MM patients without BRAF mutation at
this location, 58 show BRAF expression (PA-seq call), and the expression ranges from
0.2 to 5.6 normalised counts. None of the MGUS or AMM patients, and one of the 69
(1.4%) MMR patients carry a BRAF mutation.
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4 Discussion

This chapter is divided in six parts. First, the main aspects and strategies of the RNA-
seq pipeline definition and assembly are discussed. Second, the risk stratifications
based on RNA-seq data are critically reviewed. Third, the results of transfer of findings
to early stage and relapsed multiple myeloma patients are discussed. These cohorts
represent together with the CoMMpass cohort an independent validation of obtained
results and strategies, as well as a biological translation to other disease entities, i.e.
early and relapsed myeloma. Fourth, target assessment, including expression, splice
variant and mutation analysis is critically reviewed. Fifth, the aims of the thesis are
discussed. At the end of this chapter, the thesis is concluded and a suggested outlook
described.

4.1 Implementation of the RNA-sequencing analysis pipeline

The underlying challenge addressed in this thesis is how to implement RNA-seq in
extended clinical routine. This includes the implementation of a sequencing pipeline
that delivers clinically meaningful results within an acceptable time. "Acceptable" in
this setting is usually considered as about four weeks, i.e. the time for one cycle of
induction treatment [99]. The pipeline should present the results comprehensively, so
that they can be understood not only by bioinformaticians, but especially by clinicians
and patients. For instance, for treatment choice it is necessary to determine "presence"”
of expression (see also section 4.4.6), e.g. if NYESOI1/2 is expressed on malignant
plasma cells and a respective CAR T cell application is potentially successfull.

The RNA-seq analysis pipeline in this thesis lays the basis to enable risk stratification,
classification and target assessment for individual multiple myeloma patients in ex-
tended clinical routine. It includes three main steps (see section 3.1): First, alignment
and read count, second, normalisation, risk stratification and molecular classification,
and third, expression, mutation and splice variant analysis of potential targets.

In the following the normalisation, necessary for the sample comparability, the mini-
mal quality requirements, the presence of expression on RNA-seq, the gene translation

and the multiple testing correction are discussed.

4.1.1 Normalisation

Sample comparability is mandatory for the application of risk stratifications and molec-
ular classifications, i.e. the categorisation for samples may not change over time, e.g.
at different timepoints within a clinical trial. Risk stratifications generally consider the

quantitative expression of gene sets above an established threshold. To utilize the same
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thresholds for new individual samples, it is necessary to relate the sample to a standard
cohort, e.g. by a normalisation. In research practice cohort normalisation is frequently
performed, as a specific cohort of patients is analysed at one time, e.g. at inclusion
or conclusion of a clinical trial. In this setting, all samples are typically comparable,
e.g. the same (cancer) cell type and mode of preparation. Due to the nature of the
analysis, inclusion of new samples is usually not foreseen. If a new sample would be
included in the respective cohort, the new normalisation can change the classification
of previously analysed samples. The more new samples added, the more the initial
results are altered. Nonetheless a cohort of patients is necessary to define and validate
scores and thresholds. Hence, the pipeline in this thesis uses the same reference group
(TG) for each new sample, so that the samples became comparable among each other
and previous results are not affected by inclusion of new samples. This strategy was
previously used for DNA-microarrays (GEP-R [156]) and was in this thesis for the first
time implemented for RNA-seq-based approaches for use in extended clinical routine.
The main step in the pipeline for achieving comparability of samples is the normalisa-
tion. It was performed using the method TMM and CPM to account for the two most
important technical influences: library size and RNA composition [39].

The library size, ranging from 10 million to 107 million reads in the HD cohort, intrin-
sically correlates with the number of reads per gene. This can bias results as exempli-
fied in the following seemingly trivial example: Assuming a library size of sample A
as twice the library size of sample B, the raw read count for an equally expressed gene
is twice as high in sample A compared to sample B [4].

The RNA composition is the amount of reads per gene. This can be extremely differ-
ent, especially between normal and malignant cell samples, mainly due to the highly
varying (and generally lower) synthesis rates of Ig genes by malignant plasma cells.
Clinically, this is exemplified in the amount of monoclonal protein in the HD cohort
varying between 0 (asecretory myeloma patients) and 106.1 g/l. This can bias RNA-
seq results: For instance, 56% of the reads of one MM patient sample map to the
IGHG]1 gene (in a patient with IgG-myeloma), which can lead to an underestimation
of the expression of less expressed genes [39]. For instance, comparing the first sample
(library size 10415974) to a second sample of a similar library size (10421219), which
only maps with 5.27% of the reads to IGHGI, the raw read count of the exemplary
gene TECPR?2 is 91 in both cases. After normalisation, considering the different RNA
compositions, the normalised counts are 13.24 for the first patient sample and 5.54 for
the second patient sample.

The adjustment for library size and RNA composition is implemented in the normali-

sation process with edgeR, which enables the comparison between the samples within
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a normalisation. Correction for gene length was intendedly not implemented already
in the normalisation process. It is accounted for the assessment of presence or absence

of gene expression, as discussed in section 4.1.3.

4.1.2 Minimal quality requirements

Quality control was performed in the laboratory and implemented in the bioinformatic

processing for DNA-microarrays and RNA-seq samples.

4.1.2.1 Laboratory quality

For broad application of expression analyses by DNA-microarrays or RNA-seq, the
limiting factor is the available amount of extracted total RNA, which in turn is depend-
ing on the number and purity of purified malignant plasma cells (see section 2.1.1).
This is especially low for early stage plasma cell disease, due to the defined under-
lying maximum infiltration of plasma cells in the bone marrow, i.e. the tumour mass
[111]. DNA-microarray analysis prerequisites 25-100 ng of total RNA and is possible
in 80% of MM patients [99, 156]. As shown by several institutions including the LfM
[42, 56, 99, 156, 197, 219] DNA-microarray analyses can be performed in extended
clinical routine in or outside clinical trials, as e.g. the GMMG-MMS trial (EudraCT
2010-019173-16) [99]. RNA-seq can be performed successfully from a twenty to 100
fold lower input (10 pg [99, 211] to 5 ng [213]) and especially enables the expression
analyses for patients with low tumour mass (i.e. MGUS, AMM) [99, 213]. As imple-
mented in this thesis, RNA-seq can be performed in about 90% of previously untreated

myeloma patients.

4.1.2.2 Bioinformatic quality control

Using the published quality control criteria of the LfM, 93.6% of performed DNA-
microarrays could be used for extended clinical routine diagnostics [156]. Surpris-
ingly, a higher percentage of RNA-seq analyses fulfilled the RNA-seq quality criteria
(97% of the 983 RNA-seq files used in this thesis). Eight (< 1%) samples had to be
excluded due to too small library size (<10 million [144]). The second most frequent
reason for exclusion of files was the number of unmapped reads. In total, 16 files
(1.6%) with less than 60% mapped reads were discarded, while the number of mapped
reads vary much between different cell types. Dobin and Gingeras [59] expect > 85%
of mapping reads. For instance, the non-malignant, polyclonal PPCs and MBCs have
> 87% mapped reads, each, validating the used wet-lab procedures. PPCs have a
significantly lower Ig-production rate compared to bone marrow plasma cells [115].

BMPCs, healthy plasma cells, show > 75% mapped reads per sample. For (malignant)
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plasma cell samples the higher amount of unmapped reads can be explained by two
circumstances:

First, normal and malignant plasma cells are considered to be "Ig factories" and there-
fore have a very high production rate of Igs, and Ig mRNA. Ig genes undergo a high
number of genetic alterations during production, including DNA-rearrangement and
somatic hypermutation to ensure antibody diversity (see section 1.1 and 1.2.3). These
sequences thereby appear de novo, i.e. frequently lack overlap with germ-line DNA.
Second, no trimming or clipping of the reads was performed prior to the alignment,
because STAR performs a soft-clipping during the alignment. This also trims the 24
overrepresented sequences, detected by FastQC, which do not map to the genome and
contain PCR primer sequences or the Illumina multiplexing index read sequences. The
clipping during the alignment increases the number of unmapped reads, because a
trimmed read can be "too short" to map. This "too short" is the main reason in all sam-
ples for not mapping reads (> 88.9% of all not mapping reads per file). Prior to the
alignment, the reads have had a uniform sequence length in each sample of 100, 102,
150, 152, 154 or 160 bp. Thus, clipping during the alignment is (most probably) the
main reason for "too short" reads, considering that in no case "too many mismatches"

was the cause for removal of a read.

4.1.3 Credible presence of expression

The determination if a gene is "present" or "absent" (PA call) is influenced by dif-
ferent technically determined limitations of gene expression assessment by DNA-
microarrays. For instance, DNA-microarrays have a narrow dynamic range: The upper
limit of the range is given by saturation effects, as for each assessed transcript, a max-
imum number of mRNA-molecules can bind based on a maximum of binding sites
on the chip. The minimum detectable expression is determined by background noise,
e.g. non-specific binding and optical noise caused by different labelling [97]. As this
background noise can "mask" the presence of few mRNAs of low expressed genes, the
PA call on Affymetrix DNA-microarrays is a rather conservative estimate of presence
of expression.

In contrast, RNA-seq does not show significant saturation effects per se. Hence, RNA-
seq theoretically allows a higher sensitivity. However, RNA-seq has also some remain-
ing technical limitations, most important the RNA composition and the library size (see
section 4.1.1). Samples were adjusted for both during the normalisation with edgeR.
In the following, the threshold for presence of expression for RNA-seq and the gene

length estimation are discussed.
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4.1.3.1 PA-seq call

In principle, one matching read could be taken as indication for expression in RNA-seq
analysis. Indeed, if expression of a given target gene would need to be excluded e.g.
because of high expected treatment side effects, this would be appropriate (minimising
false negative discovery of expression). Such a "simple" threshold of one raw read
would however comprise a variety of pitfalls. First, the threshold will not be identi-
cal between patients due to differences in the library size and RNA composition (see
section 4.1.1). Likewise, the threshold would be different for different genes within
one patient, as it is impacted by gene length and it is more probable to find a read in a
longer than in a shorter gene. Hence, presence and absence of expression in RNA-seq
data is a question of plausibility and any given threshold definition is thus inherently
arbitrary.

Given the aims of the analyses performed in this thesis, a "robust" threshold definition
prioritising a low rate of false positive detection was chosen. Therefore, the following
strategy was applied. Based on the edgeR user’s guide recommendations [39] 5 to 10
raw reads are recommended as biological plausible threshold for presence of expres-
sion. In this thesis, additionally observance of gene length was implemented follwing
the argumentation depicted above. Assuming that the reads map next to each other, a
"plausible" expression is suggested if the mapping reads cover at least half of the gene.
This means, a gene with a length of 10000 bp will be called expressed if 100 or more
raw reads map to it, in other words, 5 raw reads per 1000 bp are necessary for a "call"
of expression.

To conservatively assess expression, in this thesis it was initially assumed, that one
normalised count depicts at least 5 raw reads. In practice, it depicts at least 7 raw reads
in the TG, 9 raw reads in VG and 7 raw reads in TeG (but none of the PA-seq call did
significantly differ between the three groups for the target genes).

Hence, one normalised count per 1000 bp is used in this thesis as necessary to call a
gene "expressed”. For genes shorter than 1000 bp, at least 1 normalised count is de-
fined as threshold. The definition might be willingly conservative, because first, not all
reads are 100 bp, (most of the reads are in fact 150 bp), and second, one normalised
count depicts more than five reads in the TG, VG and TeG. Comparing a threshold of
1 raw count to the PA-seq call for the 27 target genes, "present" expression is detected
in average in 24.4% more patient samples (of all 535 patient samples) than with the
PA-seq call (see table 3.1). BCMA, CD38, HM 1.24 and CD74 are expressed in all sam-
ples in both cases. It needs to be emphasized that categorising in presence and absence
of expression is a categorisation of a continuous biological variable that needs to be

re-evaluated for different types of applications.
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4.1.3.2 Gene length estimation

To assess counts per bp for presence of expression, the length of each gene has to be
calculated. Seemingly trivial, it is not, as multiple transcripts of individual genes have
to be considered. To achieve these, three approaches are suggested: First, estimating
length by subtracting starting point and end point of a gene on the genome, which will
however include all introns. These can widely vary in length and number. Second,
merging all exons and excluding overlapping positions, which will result in the maxi-
mum length. This length is the upper limit of gene length, as not all exons need to be
expressed. Therefore, this measure may frequently deliver longer gene length estimate
compared with the longest transcript. Third, using the mean transcript length. This
approach in turn may underestimate gene length, and overestimate expression. For in-
stance, BCMA has 3 transcripts, a maximum gene length of 2962 bp, a maximum exon
length of 1118 bp and a median transcript length of 668 bp. The exon between SJ 3
and SJ 4 is not present in the main transcript BCMA-001 (see figure 3.23), but in the
extremely low expressed transcript BCMA-002. Including this exon (of length 124 bp)
in the estimation will overestimate the gene length.

For the 24 targets, as expected, the number of patient samples indicated as expressing
a gene increases with decreasing gene length (see section 3.1.2), except for the consti-
tutively expressed genes BCMA, CD38, HM1.24 and CD74. For instance, HGF with
gene lengths as defined above of 71433 bp, 8897 bp and 1147.5 bp would be indicated
as expressed in 40.93%, 82.43% and 94.21% of the patient samples, respectively.
Examples for overestimation of expression due to the PA-seq call are /IGFIR and MM-
SET. Regarding the maximum gene length, they are expressed in 0% and 10.28%
of the 535 patient samples, respectively, whereas the PA-seq call shows presence in
77.01% and 96.26% of the patient samples. Both are expressed in 166 (31.1%) and
245 (45.9%) of the 534 patients using DNA-microarray. This discrepancy results in a
low consistency of 52% and 50%, respectively (see table 3.16). IGFIR and MMSET
match to several probesets (5 and 6, respectively) and contain multiple transcripts (17
and 27, respectively). Only 3% of the 60619 genes contain at least this high number of
transcripts. Likewise, both show a wide range of transcript lengths, /GFIR transcript
lengths range from 303 to 11800 bp (median length 572 bp) and MMSET transcript
lengths from 421 to 8568 bp (median length 1212). Only 2% of the genes have this
broad range of transcript lengths. Most probably, the gene length is underestimated at
least for IGF IR, resulting in a (too) conservative threshold for presence of expression,
as none of the alternative probesets has a higher consistency. In case of MMSET, it is
more likely that the chosen probeset used in the GEP-R is not the best comparison to
the RNA-seq ENSG, as 209054 _s_at reveals a similar correlation (r = 0.76 compared
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to r = 0.78) and the consistency is extremely high with 96% (for the gene translation
see the following section 4.1.4). As the probeset used in the GEP-R was translated
to the ENSG and not vice versa, the probeset was not changed to keep a consistent
approach in terms of strategy.

This high transcript number and length affects 2% to 3% of all genes. With these
limitations in mind, the validity of the PA-seq call could be shown in comparison to
DNA-microarrays. Comparing for each gene present "P" expression in RNA-seq to
marginal "M" and present expression "P" on microarray (see figure 2.4), a very good
mean consistency per sample of 84% (range: 70% to 88%) could be found. Regarding
the 24 target genes (see section 3.5.1, table 3.16) 12 targets have an excellent con-
sistency of RNA-seq PA-seq and microarray PA call (> 90%) and eight have a good
consistency (> 75%). The four genes with a consistency < 75% are IGFIR and MM-
SET, described above, and MUC1 and CD20, which are both discussed in the following

section 4.1.4.

4.1.4 Translation of gene names between DNA-microarrays and RNA-
sequencing data

The translation of the gene names between DNA-microarrays and RNA-seq data is a
critical and non-trivial point for the transfer of stratifications and classifications, and
the expression estimation of targets. In the following, the translation strategies, the
translation difficulties and the resulting exclusion of genes part of the DNA-microarray

scores are discussed.

4.1.4.1 Translation strategies

Two main strategies were performed: first, for the translation from DNA-microarray
probeset to RNA-seq ENSG, and second, for the HDHRS validation on microarrays,
1.e. in reversed order from ENSG to gene symbol and to probeset.

Translation from DNA-microarray probeset to RNA-seq ENSG. In this thesis,
the available probesets were translated within R, using the hgul33plus2.db package
[29]. Subsequently, for each gene the RNA-seq expression was correlated with the
microarray expression and the PA-seq call was compared to the PA call on microarray.
If the correlation coefficient was r < (.6, the translation was controlled in two steps.
First, the online GeneAnnot search tool [33, 34, 64] was used, which is based on the
GeneCards database [226]. In the database specificity, sensitivity and the gene number
per probeset is deposited (see section 2.5). Second, the percentage of samples with
present PA-seq and absent PA call was determined (nCO;, see section 2.2.2). This

strategy was performed for the genes of the scores and for the targets used in the GEP-
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R.

Translation from RNA-seq ENSG to DNA-microarray probeset. The ENSG of
the HDHRS were translated to gene symbols, using the hgul33plus2.db package [29].
A "gene symbol" is frequently (55%) represented on Affymetrix U133 2.0 plus mi-
croarrays by more than one probeset, with a median number of probesets per gene
being two, and the maximum number being 41. As GeneAnnot often identifies two
or more "optimal" probesets it was not used for translation of gene symbols of the
HDHRS or the potential targets to probesets. Instead, the package jetset [142] was
used to find the best matching probeset for a gene symbol. Jetset is a theoretical tool
and determines a score based on specificity, coverage and degradation resistance (see
section 2.7.5). Although the probesets had been defined in the respective scores, like-
wise the jetset package was used to find the best matching probeset for genes part of
the risk stratifications. As for translation from probeset to ENSG, the correlation was

calculated and the PA-seq and PA call were compared.

4.1.4.2 Non-correlation

As stated above, in this thesis correlation was used as method to confirm the translated
genes. Three main reasons for non-correlation were identified: inconclusive databases,
homologous sequences and background noise.

Inconclusive databases. For two of the assessed genes, MUCI and CD20, this is
the main mechanism for non-correlation. MUCI is represented by three probesets
(207847 _s_at, 211695_x_at and 213693_s_at). 21369_s_at has the best jetset score
and the highest sensitivity (1) and specificity (1) on GeneAnnot, with the latter also
being the case for "207847_s_at". In comparison, 211695_x_at has a sensitivity of
0.909 and a specificity of 1. The probeset 21369_s_at with the best correlation was
used (r = 0.63, compared to r = 0.59 (207847_s_at) and r = 0.20 (211695_x_at)).
However, MUCI is the gene with the lowest overlap in PA determination between
DNA-microarrays and RNA-seq, with 14% consistency, only. 527 (98.7%) patient
samples show present expression on microarray, whereas only 68 (12.7%) on RNA-seq
(see also the other gene length estimations in table 3.1, which are even more conser-
vative). 207847_s_at in contrast shows a higher consistency (89%) in PA determina-
tion and an almost identical correlation to RNA-seq (see above). To sum up, MUCI
(ENSG00000185499) does not map to the probeset 213693 _s_at, although both are
recommended by jetset and GeneAnnot.

A further example is CD20 represented by the probeset 228599_at, which shows
the best jetset score. GeneAnnot in turn indicates that 210356_x_at and 228592 _at

are optimal choices, too (specificity and sensitivity is 1 for the three probesets).
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In correlation analysis, the expressions of all three probesets correlate well with
CD20 (ENSG00000156738, r = 0.76 (228599_at), r = 0.73 (210356_x_at), r = 0.78
(228592_at)).

Homologous sequences. In the RNA-seq analysis pipeline, gene symbols are
(mostly) unambiguously matching one ENSG. However, genes with highly homolo-
gous sequences frequently do have multiple mapping reads, which are therefore ex-
cluded during read count (see section 2.3.2.1) and consequently lead to erroneous low
or not expressed genes. This matching difficulty concerns e.g. NYESO-1/2, which has
a high sequence homology between the three genes coding for NYESO-1/2 (CTAGIA,
CTAGIB, CTAG2). Regarding RNA-seq analysis in this thesis, this leads to reads
multiple mapping to all three genes, which are then discarded due to "low quality".
On Affymetrix U133 2.0 DNA-microarrays, the two different genes CTAGIA and
CTAGIB are represented by the same three probesets: 210546_x_at, 211674_x_at and
217339_x_at, with the former two also matching to CTAG2 (GeneAnnot).
Background noise. The correlation as quality factor of the gene translation is lim-
ited for very lowly expressed genes, as the (specific) expression of the gene is "hid-
den" in the background noise on DNA-microarrays and therefore undetectable. Any
correlation of RNA-based expression with this random noise is unspecific and the cor-
relation coefficient low and not meaningful. This is exemplified for WT'I, which is
lowly expressed in only 5 (< 1%) patients on DNA-microarrays and 3 (< 1%) patients
in RNA-seq. The median expression height is 0.07 for RNA-seq and 2.27 for DNA-
microarrays. WT'I lacks relevant correlation (r = 0.12, see table 3.16 in section 3.5.1).
A different example is MAGEAI, which is expressed in 92 (17%) of the samples for
DNA-microarray and 140 (26%) for RNA-seq. It shows a correlation coefficient of
r = (.80, but inspecting the correlation plot reveals, that some of the 442 patients with
absent expression on DNA-microarrays show present expression on RNA-seq (n=61
(11%)) ranging from 1.45 to 6.40, which is masked in DNA-microarray by the back-
ground noise. Correlating only the expression of the patients with present MAGEA I
expression on both platforms increases the correlation coefficient from » = 0.80 to
r=0.86.

4.1.4.3 Gene exclusion

Matching, as indicated above, represented a significant challenge. To translate the risk
stratifications, it was thus necessary to balance between exclusion of genes with low
correlations, and an exact translation of the scores. Gene exclusion would increase the
correlation of the scores in DNA-microarrays compared to RNA-seq, as only genes

with relevant contribution would be retained. At the same time, exclusion of many
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genes would "destroy" the original idea that the specific gene sets of the scores surro-
gate prognosis. Likewise, the exclusion contradicts the idea of translating this specific
on microarrays validated score, as similar as possible to RNA-seq. Hence, a low thresh-
old of r < 0.15 was set, related to the first local maximum of correlation, as exclusion
of more genes would reduce correlation of the scores on the TG again. (Although there
are more possible thresholds, i.e. local maxima, excluding more genes by further in-
creasing the correlation). As discussed above, preferably few genes with ambiguous
translations were excluded to retain as much as possible of the initial DNA-microarray
or RNA-seq-based risk stratification and classification. Genes were excluded for the
UAMS70-seq, the RS-seq and the EMC92-seq. Especially the predictive power of the
EMC92-seq has profited from the exclusion as the correlation in the TG increased from
r=0.67 to r = 0.75 (data not shown).

Regarding the potential targets, "exclusion" is not intended. Hence, always the probe-
set and ENSG recommended by jetset are used. This is not necessarily the gene with
the highest correlation (see CD20 in section 4.1.4.1) or highest consistency (see MUC1
in section 4.1.4.1) between both platforms. This reveals that not all analyses based
on DNA-microarrays are directly transferable to RNA-seq, as exemplified for MUCI:
the used GEP-R probeset is not represented by any ENSG on RNA-seq (see section
4.1.4.1). This is a specific problem of the multiple probesets used in microarray
analysis and does not affect the proof-of-principle that target assessment is possible
on RNA-seq. Taken together, translation from RNA-seq ENSG to DNA-microarray
probeset and using correlation as quality measure is well possible but a non-trivial task

that needs to be validated for each translation.

4.1.5 Multiple testing correction

In gene expression analyses, where thousands of genes are analysed regarding typically
few parameters e.g. survival, significance tests lead to a high number of p-values
seemingly significant by chance. For instance, using a significance threshold of 0.05,
it is expected that among 100 comparisons 5 are significant by chance, i.e. among 19
tests less than one is expected as significant by chance. Hence, in this thesis a multiple
testing correction is used if 20 or more comparisons in the same cohort and analysis

step are made.

4.1.5.1 Score generation.

A multiple testing correction was thus performed for the score generation and transfers
according to Reme et al. [197]. Both steps, the gene selection (HDHRS), as well as the
cutoff selection (HDHRS, HDHRS-GEP, RS-seq) were performed multiple times (see
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section 3.2.2.2 and 3.3) and each time a p-value was calculated in the TG. Hence, the
gene selection is corrected twice for multiple testing, first each p-value is multiplied
with the number of samples (according to Reéme et al. [197]) and second, a BH ad-
justment is performed. The 53 genes with a corrected p-value smaller than 0.05 were
selected.

Likewise, the cutoff selection is controlled by a corrected p-value threshold of 0.05.
For all other stratifications (RPI, UMAS70, EMC92, IFM15) no correction was used,
following the argumentation detailed above, as 14 significance tests were performed
for survival analyses per score, and 14 survival analyses were performed per cohort. To
test for possible remaining bias in terms of overfitting, independent validation cohorts

were used (see sections 4.2.2 and 4.3).

4.1.5.2 Target analyses

Each comparison performed for the 24 targets was adjusted, including the 24 p-values
of the exact Wilcoxon rank-sum test [19] per cohort comparison and the 24 sur-
vival analyses. The adjustment was performed separately for RNA-seq and DNA-
microarrays, for OS and EFS, and for division of the patients according to maxstat
test and PA determination, respectively. The twenty-fifth target BRAF was analysed

separately.

4.1.6 Success of the implemented pipeline

The RNA-seq-based risk stratifications, molecular classifications and target assess-
ments were successfully determined for 798 consecutive patients. The implemented
RNA-seq analysis pipeline was successfully applied and tested in a prospective man-
ner in 604 consecutive patients of the validation and testing groups. As in GEP-R, all
stratifications, molecular classifications and target assessments in this thesis can be cal-
culated individually for a new sample. The RNA-seq analysis pipeline was included in
extended clinical routine at the LfM and can be performed within four weeks. Prospec-
tively, the presented RNA-seq analysis pipeline can be included in an RNA-seq report,
in analogy to the GEP-R. As presented, the bioinformatical pipeline is applicable in
extended clinical routine. This development was part of successful conclusion of the
BMBF-funded project "CLIOMMICS" (01ZX1309).

The results of the 535 MM patients of the HD cohort are published and were presented
at the 61st annual meeting of the American society of hematology 2019 in abstract
1801 by Emde et al. [63]. This thesis therefore gives the proof of principle in imple-
menting and applying an RNA-seq pipeline in clinical routine.

A respective publication as full paper is currently in preparation (see also section 4.6).
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4.2 Advanced risk stratification and molecular classification using

RNA-sequencing

Risk stratification with conventional parameters, e.g. the amount of serum [3,-
microglobulin and albumin as in the ISS-stage [84], allows a certain delineation of
differences in the survival of patients. With these, risk adapted strategies are in prin-
cipal already possible [103, 214]. Conventional risk stratifications as ISS-stage lack
however the ability to delineate especially high and low risk patients, e.g. on the 535
MM patients in this thesis, the median OS is 128, 81 and 56 months in stage 1, 2, and 3
of the ISS. Using molecular parameters like iFISH allows better delineation, indicated
by a broader range of median OS, e.g. in the R-ISS, which shows a median OS of 87
and 41 months in stage II and III, while not reached in stage I. This likewise holds
true for the inclusion of gene expression, as exemplified by the RS score for the TeG
(see supplementary table B.18), which shows a median OS of 127, 70 and 33 months
for low, medium and high risk group. Besides implementation in risk scores, gene
expression can directly surrogate biological parameters. For instance, proliferation
is assessed by the GPI, based on the expression of 50 proliferation associated genes.
Proliferation in turn is associated with survival and the higher the proliferation rate of
malignant plasma cells is, the faster is the growth of the tumour mass and the sooner
the patient will show signs and symptoms and progress [101].

In conclusion, risk stratification based on gene expression is in principle well suited
for personalised decisions regarding intensity, duration and type of a treatment. An
example for this has been introduced for the UAMS70 score for patients treated within
the total therapy program of the university of Arkansas [236]. Here, for instance, pa-
tients with high risk could be treated more aggressively, accepting a higher rate of side
effects, but most likely having a more effective treatment leading to a better survival
of the patient.

Given the perceived advantages of RNA-seq over DNA-microarrays, the LfM along-
side other groups decided to introduce RNA-seq for risk assessment of myeloma pa-
tients for the prospective use in clinical practice. The advantages are for instance a
wider dynamic range (see section 4.1.3), lower necessary input of purified plasma cells
and RNA (see section 4.1.2.1) [99, 211], and possible detection of mutated sequences
and splice variants as a priori sequence definition is not necessary (see section 4.4).
The general process for the translation of microarray-based risk stratifications and clas-
sifications to RNA-seq includes three main steps: translation of the gene names, trans-
lation of risk stratifications and classification, and cutoff adjustment. As expected,
the calculation per se was a straight forward process. Translation of the gene names

(see section 4.1.4) and the cutoff adjustment, avoiding overfitting (see section 4.2.3)
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required extensive validation. In the following the actual score selection is discussed,
followed by the validation criteria and the cutoff adjustment. At the end of this sec-
tion, the successfully translated RNA-seq-based stratifications and classifications are

critically reviewed. The gene translation was already discussed in section 4.1.4.

4.2.1 Score selection

A variety of different microarray-based risk stratifications and molecular classifica-
tions has been published over the last decades [22, 43, 56, 101, 124, 197, 219, 254].
Whereas the choice is necessarily arbitrary, expression-based stratifications most fre-
quently used were selected for this thesis. This includes those already implemented
in extended clinical routine at the University hospitals of Heidelberg and Montpellier
(e.g. in the GEP-R). Seven were successfully translated: a stratification according to
the biological variable proliferation GPI [101], the most frequently used risk scores
UAMS70 [219], RS [197], EMC92 [124], IFM15 [56], and the molecular classifica-
tions TC [22, 43] and MC [254].

4.2.2 Internal validation strategy

To create valid and robust stratifications and classifications on RNA-seq, these were
first internally validated (for external validation see section 4.3). For this, all previ-
ously untreated MM patient samples were divided in a TG (n=194), an internal VG
(n=108) and an external TeG (n=233). Patients per group were randomly selected, ex-
cept for the last hundred patients analysed, which were added to expand the TeG (see
section 2.1.2). This is one potential bias and had to be balanced against the benefit of
obtaining a larger TeG. However, the patient groups did not differ regarding standard
clinical parameters, e.g. age and monoclonal protein (see supplementary table B.8), or
regarding PA-seq call of the targets (see section 4.1.3). To prevent overfitting, the strat-
ifications were fine adjusted on the VG only regarding the proportions of the groups
and regarding the survival performance. If the in the following described group size
and survival criteria were not fulfilled in the VG, the score has been trained again (by
varying the parameters) on the TG and then validated on the VG again, too. The TeG
was not involved in stratification training, it is used as a completely independent "hold

out" set (see section 4.3).

4.2.2.1 Group size proportions
Similarity is a useful advantage if DNA-microarrays based stratifications should be
transfered to RNA-seq, build on existing and established algorithms and strategies.

Due to the different technical background of the two platforms it can not be expected
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that both analyses lead to exactly the same results. For instance, it is not possible to
perfectly fit the proportions of DNA-microarrays in the RNA-seq stratifications and
vice versa e.g. due to saturation effects (see section 4.1.3). Hence, some changes
between low and medium risk as well as between medium and high risk were expected
and considered acceptable. It was therefore defined that each group should differ in less
than 20 percentage points and the proportions of the stratifications should stay in the
same order per score, which was inspected visually. Further, in a clinical view, a group
size smaller than 5% is not applicable for risk stratification, as it would affect too few
patients. From a statistical point of view, for the RS score prediction a minimum of 2
events per group is recommended [134, 197], whereas e.g. Vittinghoff and McCulloch
[240] recommend at least 5 events. As only 108 MM samples are in the VG, and 59
(54.6%) of these have an event for OS, a group size of 10 (9%) would reflect the 5
events. Hence, this percentage was used as minimum group size to ensure clinical and
statistical relevance. It is evident that these definitions are to a certain degree arbitrary
and approximative and needed to be adapted to the specific experimental requirements,

as performed in one possible way in this thesis.

4.2.2.2 Survival performance

As the stratifications should delineate different risk groups, it is necessary to evaluate
the survival performance. This was assessed graphically and by evaluating the perfor-
mance with Brier score and concordance. Regarding the graphical inspection, inter-
secting curves or curves in aberrant order were excluded, e.g. if the intended "high"
risk group performs better in survival compared to the "low" risk group. The analysis
of the Brier score for risk stratification creation (TG) was performed using a maximum
endpoint of 108 months for EFS and of 120 months for OS. In contrast, the analysis
of the validation (VG) and testing groups (TeG, AMM, MMR, CoMMpass) was per-
formed with an endpoint of 72 months for EFS and 108 months for OS, considering
only the survival time until 10% of patients remaining at risk, to avoid a high impact of
per chance effects due to low patient numbers. The validity of the Kaplan-Meier esti-
mate decreases with decreasing number of patients at risk [32]. Concordance was used
as rough indication with a threshold of 0.6, which is the mean concordance calculated

for the five stratifications on microarray and the R-ISS in all samples for OS.

4.2.3 Cutoff adjustment

Cutoffs for delineation of groups in translated stratifications and classifications were
intended to be as similar as possible to the original microarray-based cutoff calculation

in terms of the used method for calculations for comparability. Whether this was pos-
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sible or not depended largely on the method used in the original publication: a similar
cutoff calculation was possible for UAMS70, by performing a k-means clustering, for
EMC92, by fitting the cutoff to the 2 year survival rate and for IFM15, by using the
75% quartile. In contrast, for the RPI a different approach needed to be taken, as the
original approach, calculating the cutoffs in dependence of the BMPC and MM expres-
sion, resulted in a group size of the high risk group <5% (data not shown). Instead,
cutoff estimation was performed by correlating GPI and RPI and transferring the orig-
inal cutoffs, which resulted in most similar group sizes. This was possible, as GPI and
RPI have an excellent correlation coefficient of 0.89 in the TG.

Likewise, the cutoff calculation of the RS-seq needed to differ from the original publi-
cation. Using the "automatic" best-cutoff-search-method of Reme et al. [197], the risk
of overfitting is quite high (see section 2.1.2). Overfitting lead in this case to cutoffs so
highly adjusted to the TG, that they were not transferable to any new data sets, as the
VG: 7 cutoffs excellently delineated three groups on the TG, respectively, but none of
these delineated significant groups on the VG. Exactly for this the TG-VG-TeG strat-
egy was used (see section 4.2.2): Although the validation has failed, it was possible
to train and validate the stratification again, while there was still the independent TeG.
Finally, as for GPI, the group proportions (independent of the specific expression pat-
tern) being similar to the microarray-based proportions were introduced as selection
criterion. For this, the smallest high risk group, using the highest calculated high cut-
off (hcut=29.37) and the largest low risk group, using the highest calculated low risk
cutoff (lcut=9.01), were used.

The implicit assumption for RPI and RS-seq cutoff selection was, that, as the identical
patient cohort was used for microarray and RNA-seq analysis, likewise the risk group

proportions of the stratifications should be comparable.

4.2.4 Successfully translated RNA-sequencing-based stratifications and classifi-

cations

In this subsection, the success of translation of each stratification and classification
addressed in this thesis is discussed, based on the results obtained on the TeG. A suc-
cessful translation was defined by four criteria: First, each class should consist of at
least 9% of the samples, second each class differs in less than 20 percentage points in
comparison to the DNA-microarray scores, third, the log-rank test of the survival anal-
ysis should be significant (p < 0.05) and fourth, the survival curves should be in the
right order and not intersecting, in an time interval from 24 months to the last but one
event per curve. These criteria are the same as for the validation (see section 4.2.2),

without considering Brier score and concordance.
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4.24.1 Risk stratifications

According to these criteria the stratifications based on proliferation (RPI) and risk
(UAMS70-seq, RS-seq, EMC92-seq, and IFM15-seq) were successfully translated and
implemented, as the criteria are achieved. The continuous scores are highly prognos-
tic, as their hazards significantly increases over time. The translated microarray-based
stratifications as well as de novo generated HDHRS significantly delineate groups of
patients with different EFS and OS.

RPI. The proliferation assessing RPI shows the second best concordance of 0.60
for OS and of 0.57 for EFS, along with UAMS70-seq and IFM15-seq. The RPI cor-
rectly depicts the proliferation level of malignant plasma cells within the ranges of
MBC- and BMPC-like (non-proliferating low risk group below the cutoff of 121.96)
and PPC- and HMCL-like proliferation (proliferating high risk group above the cut-
off of 202.74). The three groups are significantly associated with different survival.
Patients with malignant plasma cells showing a low proliferation index have a median
EFS of 38 months and a very long median OS of over 103 months. In contrast, patients
with high RPI have a median EFS of 25 months and median OS of 55 months.
UAMS70-seq. The UAMS70-seq and the UAMS70 score show the lowest correlation
of all transferred scores, which is nevertheless good (r = 0.77). Both have a concor-
dance of 0.57 for EFS and of 0.59 and 0.60 for OS, respectively. Hence, the survival
performance is comparable. Likewise, there is a high consistency of group proportions
of 90.2%. The high risk group shows a median EFS of 17 months and a median OS of
47 months, compared to the low risk group of 36 and 103 months.

RS-seq. The RS-seq perfectly divides the MMs into three groups with significantly
different EFS and OS. The median EFS of low, medium and high risk group is 40,
32 and 17 months and the median OS is 130, 83 and 37 months, respectively. The
RS-seq is the only score with concordance lower than the one on microarray minus
the standard error of the concordance, which is the case for EFS and OS. Although
the correlation between RS and RS-seq is good (r = 0.82), the RS-seq has the smallest
consistency (81.6%) between DNA-microarray and RNA-seq score estimation. It is
likewise a risk score delineating patients in three groups which inherently implies a
higher probability of non-concordant classifications. Other than the three group delin-
eating GPI with proportion threshold setting, implementing the best threshold for RS
was more difficult as several thresholds lead to the same (good) separation (see above,
section 4.2.3). This is therefore an intrinsic property of categorisation of continuous
variables and does not hamper the clinical application.

EMC92-seq. The EMC92-seq is the score with the lowest concordance for EFS
(0.56, along with RS-seq) and OS (0.58, along with RS-seq and IFM15-seq). This
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concordance is better than on microarray for EFS (0.55) and OS (0.57), hence the sur-
vival performance is comparable. The consistency of the group proportions is high,
with 92.2%. The EMC92-seq significantly delineates two groups, showing a median
EFS of 35 and 14 months and a median OS of 103 and 30 months.

IFM15-seq. As the EMC92-seq, IFM15-seq has a low concordance for EFS (0.57)
and OS (0.58), but it is still better than the concordance of the IFM15 for EFS (0.54)
and OS (0.57). The stratifications of both platforms show a consistency of 85%. The
two groups of the IFM15-seq show a median EFS of 36 and 21 months and a median
OS of 103 and 66 months.

HDHRS. The de novo generated risk stratification based on the algorithms of Reme
et al. [197] significantly delineates three groups. The median EFS of the low, medium
and high risk group is 40, 32 and 18 months and the median OS is 148, 82, 37 months.
This is the widest range of all median OS values. The HDHRS is the stratification with
the best concordance. Its concordance is similar to the one of the current standards,
the R-ISS, for EFS (0.62 versus 0.6) and for OS (0.66 versus 0.67). The HDHRS-GEP
performs similar well, with a concordance of 0.61 for EFS and 0.66 for OS. The Brier
score of the HDHRS is better than the ISS Brier score for EFS (0.1534 versus 0.1577)
and OS (0.1601 versus 0.1625). But it is higher than the Brier score of the R-ISS for
OS (0.1601 versus 0.1550). Summarising the results of concordance and Brier score,
the HDHRS performs as well as the R-ISS. The multivariate Cox regression shows,
that both HDHRS and R-ISS are independent predictive and thus convey orthogonal

information.

4.2.4.2 Molecular classifications

Two expression-based classifications regarding molecular subtypes (TC [22, 43] and
MC [254]) and the t(4;14) prediction were successfully implemented on RNA-seq.
TC-seq. The consistency of TC-seq and TC classification is excellent with 81% in the
TeG. The largest difference, with 6%, is between the group "11q13" and "D1", while
all other differences in classification are < 3%. This is expectable, as the "11q13" and
"DI1" group are the largest groups with 24% and 34% of all MM patients. With 1% of
patients, the "6p21" group is the smallest group.

MC-seq. Likewise, the consistency of the MC-seq and the MC classification is ex-
cellent with 86.6% in the TeG. The most consistent groups are "MF" and "MS", which
differ in <1%, each. The differences in the other groups are similar without a single
outlying group.

t(4;14)-seq. The t(4;14) classification shows 99% consistency in comparison to
iFISH (99.6%) and DNA-microarray prediction (99.2%). This was expected, based
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on the good predictability with DNA-microarray expression data, shown for different
datasets [156, 169].

4.2.4.3 Success of translation

In summary, risk stratification and classifications can be translated from DNA-
microarray to RNA-seq and, as presented in this thesis, this translation can be vali-
dated. In the TeG, VG and TG, RNA-seq-based and the de novo derived score per-
forms at least as well as the DNA-microarray-based stratifications. The concordance
ranges from 0.55 to 0.62 for EFS and 0.57 to 0.66 for OS, which is typical for survival
data [196, 208, 228, 229].

The similarity of risk assessment by RNA-seq and microarray is further substantiated
by the high correlation (r ranges from 0.77 to 0.85), and the high consistency (from
70% to 92%) of RNA-seq- and microarray-based stratifications. Likewise, the classi-
fications show a high consistency, ranging from 81% to 99%.

One important aspect to mention regarding the categorisation of continuous variables
into groups is that they are to a certain degree inherently arbitrary. For instance,
a myeloma patient sample classified as "medium" or "high" risk, based on a score
close to the threshold will not have a biologically different disease or survival. Hence,
slightly different thresholds will likewise be prognostic. This limitation holds true for
both RNA-seq- and microarray-based methods individually, as well as for the transla-
tion from one strategy to the other. It does, however, not hamper the principal appli-
cability of RNA-seq risk stratifications and classifications in clinical routine. Hence,
the RPI, UAMS70-seq, RS-seq, EMC92-seq, IFM15-seq, HDHDRS as well as the TC,
MC, and t(4;14)-seq were included in the RNA-seq analysis pipeline (see figure 3.1).

4.3 External testing on earlier stage, relapsed and independent

symptomatic myeloma patient cohorts

Two main strategies were applied to create robust stratifications and classifications on
RNA-seq data, and subsequently validate them: internal and external validation. The
division of the HD cohort into TG, VG and TeG (see section 4.2.2) allowed adjusting
initial group definitions using the VG, but retaining the possibility to use an internal
"hold out" set (TeG) for independent testing and validation of the score performance.
This strategy excludes the possibility of overfitting, i.e. the over-adjustment of scores
to the underlying patient cohort. As exemplified in section 4.2.3 for the RS-seq, this
can indeed impose a problem. The internal validation strategy thus focuses on the sta-
tistical and technical aspects of the translation.

The external validation was performed on three independent external cohorts: first,
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on early stages, comprising asymptomatic myeloma patients (AMM), second, on re-
lapsed myeloma (MMR), both from the LfM Heidelberg, and third on an external
symptomatic myeloma patient cohort (CoMMpass). The external validation focuses
on additional information about the biological and pathophysiological transferability
and, more statistically, to what extent scores are still prognostic in a setting of altered
proportions regarding group constitution. Further, testing on the CoMMpass cohort
reveals, how much the stratifications are transferable between RNA-seq data sets of

different research groups.

4.3.1 Early stages

The validation on AMM assess whether the risk stratifications delineate risk only in a
treatment setting, or the assessed risk is to a certain extent independent of the treatment
and thus describes an intrinsic property of malignant plasma cells.

The stratifications were tested on 142 AMM patient samples. The high risk groups
of the three-group stratifications (RPI, RS-seq, and HDHRS) were, as expected, small
(<6%, each, see section 3.4.1). Hence, the medium and the high risk group needed
to be merged. Three of the six stratifications (RPI, UAMS70-seq, and RS-seq) sig-
nificantly delineated two groups, while the EMC92, the IFM15 and the HDHRS are
not predictive in AMM. This shows, that expression of the selected genes for the RPI,
UAMS70-seq, and RS-seq includes intrinsic factors of malignant plasma cells, which

are already present at AMM stage.

4.3.2 Relapsed myeloma

Testing on MMR allows biologically to assess whether scores remain prognostic for
later stage treatment, because MMR samples are, as MM samples, treated, but MMR
treatment did include different treatment regimen compared to upfront induction treat-
ment, high-dose therapy and autologous stem cell transplantation. Of course, in assess-
ment of OS for previously untreated MM patients as in TG, VG, TeG and CoMMpass,
these relapse treatment regimen are included. Testing on MMR likewise allows test-
ing to what extent distributions of scores and proportions of high and low risk shift to
higher values for MMR patients.

The stratifications were tested on 69 relapsed MMR patients. Due to the low amount
of low risk patients (n < 8 patients) for the three-group stratifications (RPI, RS-seq,
and HDHRS), low and medium risk group were merged for the survival analysis. All
six stratifications significantly delineate two groups. The successful performance of
the risk stratifications implies that they are, to a certain level, independent of the actual

treatment.
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4.3.3 CoMMpass

With the TG-VG-TeG three-group-validation strategy (see section 4.2.2), it was pos-
sible to show the transferability and validity of risk stratifications and classifications
focusing on statistical and technical aspects of the translation. The analysis of the
CoMMpass cohort of the MMREF allows to assess to what extent the stratifications are
transferable between RNA-seq data sets of different research groups. More precisely,
the external CoMMpass cohort comprises the validation in the setting of a different
RNA-seq protocol in different institutions and different applied treatment strategies.
The latter is especially relevant if a scoring system, established by one group, is in-
tended to be used in another group, e.g. within translational clinical trials or as part of
a new IMWG-recommendation. This would require highly standardised methods, or
methods, which are robust enough to convey prognostic information within a range of

certain experimental validation (see also section 4.5).

4.3.3.1 Risk stratifications

The stratifications for patients of the CoMMpass cohort were performed as described
for the HD cohorts. From the results (see section 3.4.2) four main conclusions can be
drawn:

1) The continuous scores are highly prognostic in MM, determined by a significant in-
crease of their hazards over time for OS (log-rank test p < 0.001 in all cases).

i1) The risk stratifications delineate groups of patients with significantly different
OS and EFS. Survival analyses for all scores are highly significant for EFS and OS
(p <0.001, each). The Brier scores for EFS of the EMC92-seq and the HDHRS are
larger for the CoMMpass cohort (0.1769 and 0.1804), than for the TeG (0.1554 and
0.1534), but comparable to the ones of the ISS (0.1794) and R-ISS (0.1803) on the
CoMMpass cohort. In contrast, for OS, the HDHRS Brier score of the CoMMpass co-
hort (0.1376) is smaller than the one of the TeG (0.1601), but as for EFS, the Brier score
i1s comparable to the one of ISS (0.1335) and R-ISS (0.1378). Regarding the concor-
dance, for EFS on CoMMpass cohort, the RPI (0.59), RS-seq (0.59) and EMC92-seq
(0.57) perform better, compared to TeG (0.57, 0.56, 0.56, respectively). For OS, the
RPI (0.63 versus 0.60), UAMS70-seq (0.63 versus 0.59), RS-seq (0.62 versus 0.58),
EMC92-seq (0.63 versus 0.58), and IFM15-seq (0.59 versus 0.58) performed better.
Hence, regarding Brier score and concordance, the stratifications perform as well on
the CoMMpass cohort, as on the TeG.

iii) The two-group risk stratifications are successfully transferred. The criteria for
"success" (see section 4.2.4) were analysed for the CoMMpass cohort. The group

size criterion of 9% of patients in each group was fulfilled. The comparison to DNA-
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microarrays could not be performed as none were available for the CoMMpass cohort.
As stated above, the log-rank test of the survival analyses was highly significant and
the curves are in the right order and not intersecting.

1v) The three-group risk stratifications are statistically significant, regarding the log-
rank test of the survival analyses. As the two-group risk stratifications, the group-size
criterion of 9% of patients in each group was likewise fulfilled for the three-group
risk stratifications. Survival curves of low and medium risk intersect for EFS and OS
for the RS-seq after 36 months. Although not intersecting, for the RPI the low and
medium risk curves are closely together. The HDHRS separates low and medium risk
group slightly better, but not comparably well as in the TeG. Hence, the three-group
risk stratifications significantly differentiate two patient groups regarding survival.

In the next section, it is discussed to what extend these discrepancies can be related to

differences in the HD versus CoMMpass cohort

4.3.3.2 Differences between HD and CoMMpass cohort

First of all, it should be noted that the transferability of established scores on the
CoMMpass cohort is quite good in general. With the depicted internal three-group
validation and testing strategy overfitting as reason for the observed differences could
be excluded. More probably the differences are related to three main aspects: dif-
ferences between patient cohorts regarding age and treatment regimen, differences in
experimental laboratory procedures and differences in bioinformatical pipelines.

Patient cohort associated differences. The CoMMpass and the HD cohort differ
in composition of patients (geographically and age) and especially the applied treat-
ment regimen. The CoMMpass cohort includes patients from Canada, Italy, Spain and
the United States, whereas HD patients are mainly from Germany. Different ethnic
background has previously been shown to impact on survival rates [3, 248]. The inclu-
sion criteria for MM patients are the same. Likely most important, treatment regimen
differ between the two patient cohorts. Most striking differences are the use of up-
front high-dose therapy and autologous stem cell transplantation: Nearly all patients
of the HD cohort (99%) received stem cell transplantation, compared to 50% of pa-
tients of the CoMMpass cohort. Further, 73% of the CoMMpass patients received
(non-thalidomide) IMiD-based treatments (see section 3.4.2), which was not used in
the HD cohort. The remaining patients of the CoMMpass cohort (27%) received a
PI-based treatment (bortezomib or carfilzomib), which likewise received 66% of the
patients in the HD cohort, but rarely in the same drug combinations. The latter is in
part explainable as the first sample of the HD cohort was already included in January
2002, while CoMMpass cohort is quite recent and inclusion started in 2012. Further,
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the preferred treatment regime generally differs within Europe and between Europe
and the US (especially in terms of use of upfront high-dose therapy). A further sig-
nificant difference is the median age in both cohorts with patients in the CoMMpass
cohort being significantly older. Age likewise has an impact on the survival [3, 26, 44]
and, not less importantly, impacts the given treatment regimen. Independent of these
factors, the shorter follow up in the CoMMpass cohort implies fewer events and an
overrepresentation of rather early events. This is likely associated with the perfor-
mance of the differentiation of low and medium risk for the RPI, RS-seq and HDHRS.
Here, a separation is frequently found later during the course of observation. Despite
these differences, the percentage of patients without progress within the first year is
80% versus 87% in CoMMpass versus HD cohort and OS rate of 92% versus 95%.
The rates are after three years for both cohorts are 45% for EFS, and 76% and 78% for
OS, respectively.

In general, underlying patient cohorts are widely comparable, except for more patients
being treated upfront with "novel agents" in the CoMMpass cohort (see figure 3.17g
in section 3.4.2). From a technical point of view, this leads to a conservative estima-
tion of score performance, as even better performance would be expected if exactly the
same proportion of treatment regimen would have been used. Of course, the score per-
formance on a cohort of patients receiving current treatment regimen is also clinically
more relevant.

Experimental laboratory differences. Different experimental laboratory procedures
and especially library preparation influence the sequencing results and therefore their
comparability [221], also representing the experience of the LfM (data not shown).
Library preparation was performed for CoMMpass with the Illumina TruSeq RNA li-
brary kit v2 [51, 169], while LfM used the SMARTer Ultra Low RNA Kit (Illumina)
in combination with the NEBNext Chip-Seq Library Prep protocol (New England Bi-
oLabs) [211]. Further, in CoMMpass 150 to 500 ng RNA are used as input [51, 169],
in the HD cohort 5 ng (minimum 10 pg, see also section 2.1.1) [211]. The difference
in starting material itself can lead to a selection bias, as a higher initial tumour mass is
necessary to reach the required amount in the CoMMpass cohort. For sequencing of
the CoMMpass cohort, mainly 2x83bp reads were used, whereas the LfM used 2x50bp
or 2x75bp reads. Sequencing was performed for both groups on Illumina HiSeq2000
instruments with unstranded library preparation.

Experimental bioinformatic differences. A different reference genome version was
used for the alignment. CoMMpass still used the GRCh37 and HD used the (newer)
GRCh38. The ENSGs are almost completely identical, although in GRCh37 3000

fewer genes are referenced compared with GRCh38. Underlying transcripts show sub-
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stantial deviations: From the 57905 genes in GRCh37, 16885 have a different mean
transcript length compared to GRCh38. This biases the number of matching reads and
influences the risk stratification. It was not possible to align the CoMMpass cohort
on GRCh38, as the FASTQ files are not accessible for download. In turn, it was not
considered appropriate to align the HD cohort against the obsolete reference genome
GRCh37, as all subsequent analyses and upward comparability would have been ham-
pered. The different reference genome also necessitated the separate normalisation of
the CoMMpass cohort. Hence, as the raw FASTQ files could not be obtained, the gene
wise adjustment as performed was chosen as best solution (see section 2.7.4). For this,
a modified Z-score standardisation was performed, following the normalisation, using

a subgroup of MM patients of the HD cohort (see section 2.7.4) as reference cohort.

4.3.4 Inter-group transferability and reproducibility

The differences in the experimental design and their impact on the actual risk strat-
ification pose a caveat for the ability to transfer risk stratification between different
groups. On the one hand, the general ability to risk stratify holds true. On the other, it
is likely that a patient presenting at different sites (e.g. HD and in any CoMMpass cen-
tre) would be stratified differently. To achieve inter-group transferability, a "standard"
pipeline would need to be introduced to reduce technical variation in experimental
laboratory and bioinformatical analysis. One necessary step for this is to provide a
detailed description of the used pipeline, to make it comparable to others and repro-
ducible. For instance, the RNA-seq experimental laboratory pipeline used in this thesis
was previously published in detail by Seckinger et al. [211], and this thesis represents
the detailed description of the bioinformatical analysis. The results of the pipeline are
published and presented at the 61st annual meeting of the American society of hema-
tology 2019 [63] (see section 4.1.6).

Summarising, the introduced stratifications are very well transferable to patient sam-
ples which are processed in the same way as the samples used for training of the strati-
fications. Technical variation, caused by differing laboratory pipelines, and variation in
bioinformatical processing influences but does not hamper the use of risk stratification
systems and classifications: these give meaningful and significant results. The degree

of transferability between the groups and patient cohorts is thus the more remarkable.

4.4 RNA-seq-based target assessment

The main aim of this thesis is the implementation of RNA-seq in translational myeloma

research and extended clinical routine application, in terms of risk assessment (see

118



4 DISCUSSION

above, section 4.2) and target analysis.

The latter was assessed for 25 exemplary targets, depicted in the following section
4.4.1. Subsequently, expression assessment, splice variant analysis and the detection
of actionable mutations are discussed. The latter two analyses are not feasible on the
routinely used Affymetrix U133 2.0 DNA-microarrays, due to the a priori designed
sequences (probes) not including e.g. mutated transcripts.

Target analysis was exemplified for a consecutive large patient cohort for the assess-
ment of CD38 expression [213] (during clinical trial design, see below in section
4.4.2), BCMA (during compound development of CC-93269 [212]), and CTAs as vac-
cination targets for assessment of a potential vaccination trial [209]. For all three
publications, data obtained in this thesis have been essential and are discussed within

the following sections.

4.4.1 Target selection

The 25 exemplary targets assessed within this thesis can be grouped in different not
necessarily disjunct categories (see table 3.14 and 3.16). In this section, three groups

are presented, actionable, vaccination, and theoretical targets.

4.4.1.1 Actionable targets

In principle, 14 addressed targets are currently actionable (see targets marked with a
* in table 3.14). BCMA, CD38, CD74, NYESO1/2, GPRC5D, and CS1 represent
surface antigens for which compounds (monoclonal antibodies, TCB) or CAR T cell
treatment options are either approved® (CD38, daratumumab; CS1, elotuzumab) or in
clinical trials (an overview of clinical trials is depicted in table 3.15). The completed
trial of NYESO1/2 treatment revealed promising results [224]. NKG2D in principle
also falls in this category, but is almost not expressed in the 534 MM patient samples
on RNA-seq (0%) and DNA-microarrays (<1%). A further actionable target is the mu-
tated gene BRAF (V600E mutation).

FGFR3, IGF1R, AURKA, and CD20 are special cases in this category. For these tar-
gets, compounds have been tested in clinical trials and are in principle available, but
results have until now not been clinically encouraging:

FGFR3 has been suggested over 15 years ago as target for patients harbouring a
t(4;14), which, in 70% of cases, also express FGFR3 [232]. Tested compounds are

e.g. dovitinib (tested in multiple myeloma) [207], masitinib (ClinicalTrials.gov iden-

9National Cancer Institute: Drugs Approved for Multiple Myeloma and Other Plasma Cell
Neoplasms; Online resource: https://www.cancer.gov/about-cancer/treatment/drugs/
multiple-myeloma; Status: 27.02.2020, 12:55
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tifier: NCT00866138) and edrafitinib (ongoing clinical trial, ClinicalTrials.gov identi-
fier: NCT02952573). Edrafitinib has previously shown activity in solid tumours [13].
IGFIR is an important growth and survival factor in multiple myeloma, shown by the
LfM in collaboration with the "centre hospitalier universitaire" Montpellier [223] and
others. It has been suggested for personalised treatment approaches [96] and the mon-
oclonal antibody AVE-1642, binding IGF1R, has been tested within clinical phase I
trials in refractory multiple myeloma patients in 2007 [163] and 2011 [162]. In the lat-
ter trial, AVE-1642 was tested in combination with bortezomib, but the response rates
were insufficient [162]. Moreau et al. [162] assumed, that the response rates could
have been improved by determining systematically the expression of IGF1R prior to
the treatment (see also section 4.4.6).

AURKA inhibitors have been suggested by the LfM as potential treatment option in
multiple myeloma [102]. Clinically tested compounds include VX680, which failed
due to induction of a long QT-syndrome [71], and Alisertib (MLN8237), not showing
encouraging remission rates [202].

CD20 treatment (rituximab) has not been clinically effective (ClinicalTrials.gov iden-
tifier: NCT00003554), but CD20 CAR T cells are currently in a phase 1 clinical trial
for patients with refractory B cell lymphoma or chronic lymphocytic leukaemia (Clin-
icalTrials.gov identifier: NCT04007029).

The group of actionable targets likewise includes multiple myeloma vaccines, e.g. for
MAGEA3 and MUC1, described below.

4.4.1.2 Vaccination targets

Multiple myeloma vaccines are designed to trigger an antibody response against e.g.
a surface proteins of malignant plasma cells i.e. to induce a myeloma specific im-
munity [209]. This is currently tested, using a recombinant MAGEA3 protein in a
combination treatment, which induces a MAGEA3 specific antibody response in MM
(ClinicalTrials.gov identifier: NCT01380145) [47]. The results are promising and fu-
ture clinical trials are recommended [47]. Further, a MUC]1 vaccine was tested in a
clinical trial (ClinicalTrials.gov identifier: NCT01232712), in a small myeloma pa-
tient cohort (n=15), but with encouraging results [30].

Additional potential vaccination targets are malignant plasma cell surface proteins as
NYESO1/2, MAGEA1, RHAMM, CS1, WT1, and SSX2.

4.4.1.3 Theoretical targets
MMSET, TP53, CCND1, CCND2 and CCND3 have been selected as potential targets,

because they are aberrantly or differentially expressed [156] and involved in myeloma
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pathogenesis [22, 37, 146, 214, 254]. They are potentially targetable by small molecule
inhibitors (e.g. CDK4/6 inhibitors [107, 172]) or siRNA-based strategies. The lat-
ter strategy is currently tested in solid tumours [112], e.g. using the nanoparticle
CALAA-01 (ClinicalTrials.gov identifier: NCT00689065) [54]. CALAA-O1 consists
of a "nanocarrier", which contains RRM2 specific siRNAs [112]. The nanoparticle
binds to transferrin receptors on the cancer cell surface and delivers the siRNAs into
the cell [54]. The siRNAs reduce the expression of the anti-cancer target RRM?2 [54].
However, it has not been tested clinically in myeloma up to now. In the context of
personalised treatment, these targets therefore remain theoretical. In the context of this
thesis, they have mainly been maintained due to theoretical interest in a different cate-
gory of targets and their expression. From a technical point of view, they were included
to analyse the transferability of DNA-microarray-based assessment to RNA-seq on a

broader set of target genes.

4.4.2 Target expression

The main benefit of analysing gene expression are the personalised treatment ap-
proaches for targets with available inhibitor or immunotherapeutical agent, to assess
whether it is expressed and therefore treatable in a specific patient. This expression
assessment is exemplified in the following for CD38 [213], BCMA [212]), and CTAs

as vaccination targets [209].

44.21 BCMA

The target expression analysis of the potential therapeutic target BCMA was assessed
and published by Seckinger et al. [212]. In this project the IgG-based BCMA-TCB
antibody was constructed, which links BCMA on myeloma cells with CD3 on T cells,
leading to immune response and elimination of the myeloma cells. During the initial
phase of the project, one challenge was to assess in which percentage of the myeloma
patients BCMA 1is expressed to evaluate the potential patient population for a respec-
tive treatment option. Literature data at that time were only available for myeloma
cell lines and small patient cohorts [212]. The analyses of the expression of BCMA,
for 778 DNA-microarray samples and 263 RNA-seq samples, was performed within
the framework of this thesis. As depicted above, BCMA is expressed in all malignant
plasma cell samples, including those of patients with especially adverse prognosis.
Based on the results of this thesis, BCMA represents an universal target in multiple
myeloma treatment. For instance, the developed BCMA-TCB CC-93269 [212] is cur-
rently in clinical testing (ClinicalTrials.gov identifier: NCT03486067) [50]. The com-

pound shows promising initial results in terms of response rates for MMR patients of
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83% [50] and 89% (interview at the annual meeting of the American society of hema-
tology 2019'9, published online 15 January 2020) at a target dose of >6 mg. However,
BCMA expression varies significantly between myeloma patients (see figure 3.22) and
could potentially interrelate with the response. The assessment of BCMA expression
was therefore included in the RNA-seq analysis pipeline (see figure 3.1).

Furthermore, it could be shown in this thesis that BCMA is expressed in BMPC, but
not in earlier stages such as MBCs, and in naive B cells, pro- and pre-B cells shown
by Seckinger et al. [212]. Hence, anti-BCMA treatment would lead to the elimination
of normal plasma cells and immune suppression. But this would be reversible, which
is in agreement with clinical trial results (ClinicalTrials.gov identifier: NCT03486067)
reported at the 61st annual meeting of the American society of hematology 2019 [50].

44.2.2 CD38

As detailed above, CD38 expression was assessed during clinical trial design for
GMMG-MMS5 (EudraCT 2010-019173-16) [150, 157], HD6 (ClinicalTrials.gov iden-
tifier: NCT02495922) and GMMG CONCEPT trial (ClinicalTrials.gov identifier:
NCTO03104842) [213]. CD38 is a normal and malignant plasma cell surface protein,
which can be targeted by CD38-antibodies as daratumumab approved in Europe!! and
the USA!? or in late stage clinical development as isatuximab [57] approved in the
USA!2. Tt was previously known that CD38 is a frequently expressed target in ma-
lignant plasma cell diseases. However, only about one thirds of patients respond to
anti-CD38 treatment as monotherapy [147, 148, 234]. This prompted the LfM to in-
vestigate CD38 expression in a large cohort of patients as part of this thesis. The
results were previously published by Seckinger et al. [213] for 62 MGUS, 259 AMM,
764 MM, 90 MMR patients with DNA-microarray data and for 52 MGUS, 29 AMM
and 388 MM with RNA-seq data. The analysis revealed that CD38 is constitutively
expressed. The expression height varies in expression from 7.05 to 15.42 normalised
counts with a median of 12.48 and a standard deviation of 1.04. High CD38 expres-
sion at a level of normal bone marrow plasma cells is (surprisingly) associated with a
shorter time to progression for AMM and a good prognosis for MM.

Seckinger et al. [213] concluded that neither lack of expression, nor alternative splicing

10 ASH Clinical News: Early-Phase Trial Suggests Bispecific Antibody CC-93269 Has Activity in Re-
lapsed/Refractory Multiple Myeloma; Online resource: https://www.ashclinicalnews.org/on-
location/ash-annual-meeting/early-phase-trial-suggests-cc-93269-activity-
relapsed-refractory-multiple-myeloma/; Status: 27.02.2020, 19:57

"'European Medicines Agency, Science Medicines Health: Darzalex; Online resource: https://
WWW.ema.europa.eu/en/medicines/human/EPAR/darzalex; Status: 22.04.2020, 11:54

12National Cancer Institute: Drugs Approved for Multiple Myeloma and Other Plasma Cell
Neoplasms; Online resource: https://www.cancer.gov/about-cancer/treatment/drugs/
multiple-myeloma; Status: 22.04.2020, 11:56
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(see below section 4.4.4.2) are a reason for upfront resistance. Hence, patients should
not be excluded from anti-CD38 treatment based on CD38 expression. However, due
to the variation of CD38 expression, the analysis is included in the standard diagnostic
of patients at the LfM. This diagnostic is used for prospective analysis of patients, in-
cluded in clinical trials, which test anti-CD38 combination treatment. For analysis of

alternative splicing as potential mechanism of resistance, see section 4.4.4.2.

4.4.2.3 Vaccination targets

The third investigated strategy regarding expression of potential targets is the assess-
ment of CTAs. These antigens are selectively expressed on cancer cells and immune
privileged regions, as e.g. testis. Therefore, it is envisioned that normal tissue would
not be affected by CTA treatment. From a therapeutical point of view, CTAs are seen
as ideal targets for vaccination strategies to trigger a (prophylactic) myeloma-specific
immunity [209].

The expression of potential vaccination targets, e.g. HM1.24 and CTAs (NYESO1/2,
MAGEA3, RHAMM, WTI) and their association with survival have been analysed,
as part of this thesis, based on the previous work of the LfM in collaboration with
the "centre hospitalier universitaire" Montpellier [48]. The results were published by
Schmitt et al. [209]. Of 458 DNA-microarray and 152 RNA-seq MM patients, pub-
lished in the paper, all express HM1.24, 318 and 144 RHAMM, 209 and 77 MAGEA3,
40 and 20 NYESO1/2 and 4 and 5 WT'1. As none of the CTAs is expressed in all pa-
tients, the question raised, how many CTAs would be necessary in a vaccine, to cover at
least one expressed CTA in all patients. Of the 458 DNA-microarray patient samples,
368 (80%) express RHAMM, MAGEA3 or NYESO1/2. Hence, the clinical suggestion
for therapeutic strategies is the recommendation to use "cocktails" of different vacci-

nation peptides together covering at least one target in all myeloma patients [48, 209].

4.4.3 Survival association of target expression

Expression of targets can be associated with survival. These targets could then, in prin-
ciple, be used for personalised and risk adapted treatment [96]. Association with ad-
verse survival was found for high expression of FGFR3, MAGEAI, MAGEA3, CCND?2,
MMSET, IGFIR, AURKA, RHAMM and MUCI. In contrast, high expression of CD38,
CD74 and CCNDI is associated with longer survival. The direction of survival as-
sociation, adverse or not, did not differ between the platforms. The one exception
1s CS1 expression, which is associated with survival on RNA-seq but not on DNA-
microarrays. Survival association was always detected, if present, using the maxstat

test. Survival association was not detected with the PA-seq call for the genes CCND?2,
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MMSET, IGFIR and MUC10, and for the constitutively expressed genes CD38, CD74
and CSI. In case of MMSET and MUCI, the PA-seq call is most probably limited
by the ratio of patients with absent and present expression (93.3% and 12.7% present,
respectively). For MUCI likewise survival association was not detected using DNA-
microarrays (98.7% present).

For WTI and SSX2, both weekly associated with survival, microarray- and RNA-
seq-based analyses lead to contradictory results. SSX2 is associated with survival on
DNA-microarray unlike using RNA-seq analysis where the expression is extremely
low, ranging from 0O to 0.25 normalised read counts (see supplementary figure A.15).
WT1 expression is associated with survival for EFS maxstat test and OS PA call on
DNA-microarrays. For CD38, an association with survival in MM in the HD cohort
had previously been published on DNA-microarrays in a large cohort of 764 patients
[213] with a p-value of 0.03 for EFS and a p-value of 0.02 for OS, using the maxs-
tat test. In the smaller cohort used in this thesis, normalised with a differing method,
CD38 marginally fails significance p-values of the maxstat test for OS of 0.08 (ad-
justed: 0.12) for microarrays and 0.055 (adjusted: 0.08) for RNA-seq.

4.4.4 Splice variants

RNA-seq allows the analysis of splice variants. In the context of target analysis, this
especially enables assessing whether alternative splicing can lead to the elimination
of therapeutic monoclonal antibody binding regions. This has been hypothesised to
be a potential mechanism of resistance against CD38-antibody treatment [213] and
has been screened for during the development of the BCMA-TCB antibody CC-93269
[98, 212]. In the following, the assessment of alternative splicing as part of this thesis

is presented for these two exemplary targets on the HD cohort.

444.1 BCMA

During the development of the TCB antibody CC-93269 [212], the question was raised
whether different BCMA transcripts are expressed, potentially in a way that the TCB
antibody binding sequence could not be present in a subfraction of patients or myeloma
cells. For BCMA three protein coding transcripts and five splice junctions are known.
Four of the five splice junctions are transcript specific. The BCMA-001 specific splice
junction (SJ 2) is spanned by at least 10 reads in each MM patient sample (see sec-
tion 3.5.2.1). For all other specific splice junctions, the frequency varies (SJ 3 66.8%,
SJ 4 67.8% and SJ 5 59.3%). Although all splice junctions are frequently expressed,
the expression height of the two BCMA-001 splice junctions is essentially higher, as
the minimum percentage of reads spanning SJ 1 is 37.21% and SJ 2 is 43.74% of all

124



4 DISCUSSION

reads spanning a BCMA splice junction. In contrast, SJ 3 is detected by maximum of
3.51%, SJ 4 by 3.69% and SJ 5 by 2.55% of the reads. Likewise, in exemplary patient
1 the expression of BCMA-001 specific splice junctions is 50 times higher compared
to the BCMA-002 and BCMA-003 specific SJs, whereas in exemplary patient 2 the
expression is even 100 times larger. This suggests that target sequences of BCMA di-
rected treatment are not eliminated by alternative splicing. Hence, alternative splicing
seems not to be biological relevant as mechanism of resistance against BCMA directed

treatment.

4442 CD38

During the preparation of the GMMG-MMS (EudraCT 2010-019173-16) [150, 157],
HD6 (ClinicalTrials.gov identifier: NCT02495922) and GMMG CONCEPT trial
(ClinicalTrials.gov identifier: NCT03104842), the question was raised whether lack
of expression or alternative splicing of CD38 might explain the lack of efficacy of anti-
CD38-antibody monotherapy in two thirds of the patients [213].

As part of this thesis, 388 MM patients were analysed. The reads spanning the splice
junctions of the two protein coding transcripts (CD38-001 and CD38-005) and three
further transcripts (CD38-002, CD38-003 and CD38-004) were counted. The splice
junction SJ 3 is specific for CD38-001 and considerably present in 469 plasma cell
samples, whereas the splice junction SJ 9, specific for CD38-005, is present in only
18 patients. And in these 18 patients, the expression is extremely low: Assuming SJ
3 is expressed 100%, the maximum observed frequency of SJ 9 is 1.8% (see section
3.5.2.2). In summary, for CD38 one (CD38-001) of the two protein coding transcripts
was identified as expressed, which excludes alternative splicing as possible upfront

resistance against anti-CD38 treatment.

4.4.5 Detection of actionable mutations

Using RNA-seq, the detection of targetable mutations in myeloma cells is possible.
In this thesis this is exemplified for the BRAF mutation V60OE in the context of tar-
get assessment: the BRAF mutation V60OE can be targeted by the clinically avail-
able inhibitors vemurafenib [24, 109] and dabrafenib [91]. BRAF is expressed in all
535 previously untreated myeloma patients at a low level, ranging from 2.8 to 3.9
normalised counts. The coverage of the BRAF mutation site is 5.39 reads spanning
the position. The selection criteria are thus quite strict. The mapping quality of 255
confirms uniquely mapping reads. One mapping read in each direction confirms the
reliability of the detection, by omitting the count of PCR duplicates. The nucleotides

at the end of each read are not considered, because the quality in general decreases
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at these positions. The V600 position of BRAF is detected as mutated in 2.1% of the
samples. This is in the range of previously reported results for MM using genotyping
(i.e. DNA-based) approaches (2.5%-4% [8, 37, 245]).

Within the setting of assessment of personalised actionable targets, mutation detection

of BRAF is included in the RNA-seq analysis pipeline (see figure 3.1).

4.4.6 Target assessment for an individual, educated guess based treatment
choice

In this section personalised treatment options for individual patients are discussed in
the context of currently available approved or upcoming (currently in phase I/II clin-
ical testing) agents. For instance, TCB or CAR T cell treatments for BCMA, CD38,
GPRC5D, CD74 and NYESO1/2 are potentially highly effective. However, in a con-
text of treatment perspective and the observed toxicities, it is unlikely that a patient
could receive treatment against all the listed antigens in subsequent relapse settings.
Hence, a choice is inevitable. RNA-seq could help to assist in this choice in form of

an more educated than guessed approach.

4.4.6.1 Analysis of expression in individual patients

In a setting of multiple treatment options, a potential strategy for choosing a treatment
is using RNA-seq expression analysis for making an educated guess. Obviously, it is
useful to assess expression prior to the treatment, to exclude treatments for patients
showing no expression of the respective targets. For instance, the exemplary targets
NYESOI1/2, CD20 and NKG2D are expressed in subfractions of patients (12%, 83%
and <1%). Due to this, NKG2D is very unlikely to be successful in clinical testing
in multiple myeloma due to lack of expression. Within the setting of the multi-entity
trial (ClinicalTrials.gov identifier: NCT03018405), either the very few MM patients
expressing the target could be included (not likely due to the frequency), or the trial
could be restricted to other disease entities. Further, it can indeed be helpful to assess
the expression height of a target and first choose a treatment against the target most
highly expressed (if all other known parameters would not allow a different choice).
Both strategies, determining the presence or the height of expression, of course have
to be tested within a clinical trial setting.

One limitation of the actual expression analysis of targets is, that no treatment targeting
the respective antigen could be systematically analysed. This especially holds true for
targeting BCMA, CD38, GPRC5D and CD74. It can not be excluded that the expres-
sion height might impact on the response rates of the specific agent. This further will

impact the observed prognosis. Prospectively, it is useful to assess the actual expres-
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sion height of the respective target and correlate it with the response to treatment. A
new expression threshold for clinically present response could then potentially be im-
plemented, which is of course possible from a bioinformatic point of view (see section
4.1.3).

Hence, to analyse this prospectively, the analysis of the expression height of the re-

spective genes is included in the RNA-seq analysis pipeline (see figure 3.1).

4.4.6.2 Analysis of actionable mutated targets

Besides actual expression, assessment of actionable mutated targets can be used for
treatment decision. For instance, BRAF mutation V60OE is detected in 2% of the pa-
tients. This small subfraction of patients can be treated with the inhibitors vemurafenib
[24, 109] and dabrafenib [91].

RNA-seq can be used to assess if the mutation is present in all cells or in a subset of
cells, i.e. if the mutation is clonal or subclonal. A subclone expressing a low or non-
detectable amount of target molecules will undergo a positive selection pressure and
potentially be the seed of a subsequent disease progression. This clonal heterogeneity
is not detectable by RNA-seq in case of unmutated targets, as a small subfraction of
myeloma cells with absent expression would not be detectable. In case of mutated
targets, e.g. BRAF, clonality is assessed in this thesis by dividing the number of reads
spanning the mutation by the number of all reads spanning the position. The BRAF
mutation is subclonal in half of the patients carrying it.

To analyse clonal heterogeneity in unmutated targets, two experimental strategies can
in principal be performed: single cell sequencing or flow cytometric methods. The
latter can easily be implemented in the framework of this thesis.

As for the expression height, it will be useful to assess the impact of clonal hetero-
geneity in the expression of mutated targets, in relation to response against respective

inhibitors within a clinical trial setting.

4.4.6.3 Analysis of splice variants in individual patients

Likewise, alternative splicing can in principle be a potential strategy for choosing a
treatment and can be implemented in an RNA-seq analysis pipeline (see figure 3.1).
But, in case of CD38 and BCMA expression alternative splicing is for neither of the
targets the reason for upfront resistance against treatment in terms of eliminating the
target sequences. Hence, the inclusion of these targets in the RNA-seq analysis pipeline
is not necessary in clinical routine. Although this means that no actual example for this

kind of setting is evident, nonetheless the principal approach is feasible.
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4.5 Discussing the aims of the thesis

The primary objectives of this thesis were to form the bioinformatic basis for the imple-
mentation of RNA-seq in translational myeloma research and extended clinical routine
application. The first is exemplified by the assessment of BCMA (during compound
development), CD38 (during clinical trial design), and CTAs as vaccination targets for
the assessment of a potential vaccination trial. For extended clinical routine applica-
tion, microarray-based strategies have been translated to the current RNA-seq-based
approach. This includes the assessment of risk and targets. Subsequently, an RNA-
seq-based risk score has been de novo established and validated. Furthermore, the
target analysis was extended by including the assessment of mutated transcripts and
alternative splicing. In the following, the five aims and as far they are reached is dis-
cussed.

i) Establishment of a practicable pipeline to analyse and to lay a basis to perform
and report RNA-seq in extended clinical routine

The developed pipeline is the proof of principle that a standardised pipeline can es-
tablish RNA-seq risk stratification and target assessment in clinical routine. The
pipeline fulfils three requirements: First, it enables the independent stratification and
target assessment of each new sample individually, as previously established for DNA-
microarray (GEP-R [99, 156]), by ensuring the comparability of all samples. Second,
RNA-seq is broadly applicable. Furthermore, it is possible in substantially more pa-
tients than microarray (about 90% versus about 80%), as shown in the evaluation of
the LfM [99]. Likewise, less patients than in microarray analysis have to be excluded
due to quality issues (3% versus 6.4%). Third, a model for determination of a po-
tential threshold (and its variation) of biologically and clinically relevant expression
was constructed, implemented and validated, considering the gene length (at least 1
normalised count per 1000 bp). This is necessary for the transfer of the stratifications,
classifications and the target assessment.

The analysis in this thesis also covered the question in as much target assessment is
comparable between DNA-microarrays and RNA-seq. Almost all targets have a con-
sistency of > 75% of RNA-seq PA-seq and microarray PA call. The expression com-
parison shows that potential difficulties arise if genes are mostly identified as absent
genes in DNA-microarrays, mainly due to background noise. To this end, RNA-seq is
superior if low thresholds are envisioned.

The pipeline and its results are published and presented at the 61st annual meeting
of the American society of hematology 2019 [63] (see section 4.1.6). Further, a

manuscript, summarising the results is in preparation.
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ii) Transfer and connect current risk stratifications and molecular classifications
based on DNA-microarray to RNA-seq technology

A broad spectrum of stratifications and classifications have been transferred success-
fully to RNA-seq, including the proliferation-based RPI, the risk-based UAMS70-seq,
RS-seq, EMC92-seq, and IFM15-seq as well as the molecular subtype-based TC-seq
and MC-seq classification. The risk stratifications significantly delineate two or three
groups of patients with different EFS and OS. The scores correlate strongly on RNA-
seq and microarray (r ranges from 0.77 to 0.85) and the stratifications show few ex-
treme differences (<1%).

One difficulty in score transfer was the gene translation, using primary the R database
hgu133plus2.db. In case of multiple ENSG, additionally GeneAnnot was used and in
case of multiple probesets jetset. The "success" was controlled by correlating the ex-
pression of both platforms and comparing the PA and PA-seq call. Three exclusion
criteria were defined: First, genes with inconsistent translations between the databases
were excluded, if the correlation was low (r < 0.6). Second, genes with a high number
of patients showing present expression in microarray and absent expression in RNA-
seq (nCO1 > 30%, see section 2.2.2), were excluded, if the correlation was very low
(r £0.4). Third, genes with no correlation at all (r < 0.15) were excluded. Three main
reasons for non-correlation are assumed as result of the analysis in this thesis: First,
mapping of probeset and ENSG is incorrect, i.e. both jetset and GeneAnnot are con-
tradictory. This most probably is the case for MUCI and CD20. Second, on RNA-seq,
genes with high homologous sequences lead to not uniquely mapping reads, which
distorts the read count on RNA-seq. This is the case for NYESO1/2, represented by
the genes CTAGIA, CTAGIB and CTAG2. Third, the background noise in microarrays
influences the correlation, e.g. for WT'l and MAGEAI.

Independent testing was performed for all stratifications on an internal test cohort
(TeG) to control overfitting. Three further independent cohorts were used: an early
stage patient cohort (AMM), a relapsed patient cohort (MMR) and an external co-
hort (CoMMpass). The stratifications were confirmed on the TeG and on the relapsed
MMR group. The latter implies that the scores are independent, to a certain extent, of
the actual treatment. The validation on the AMM cohort was successful for the RPI,
UAMS70-seq, and RS-seq, showing that these stratifications reflect intrinsic factors of
malignant plasma cells. These intrinsic factors are an underlying biological feature,
i.e. they are independent of any given treatment. The testing on the CoMMpass co-
hort yielded four results: First, the continuous scores are highly prognostic in MM.
Second, the risk stratifications delineate groups of patients with significantly different

OS, as the survival analyses are highly significant for EFS and OS (p < 0.001, each),
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the Brier scores are comparable to the ones of the ISS (0.1794) and R-ISS (0.1803) on
the CoMMpass cohort, and the concordances for EFS and OS for RPI (0.59 and 0.63),
RS-seq (0.59 and 0.62) and EMC92-seq (0.57 and 0.63) are even higher as on the
TeG for RPI (0.57 and 0.60), RS-seq (0.56 and 0.58) and EM(C92-seq (0.56 and 0.58).
Third, according to the criteria for "success" (see section 4.2.4) the two-group risk
stratifications are successfully transferred. Fourth, the three-group risk stratifications
significantly differentiate only two patient groups regarding survival, as the survival
curves of low and medium risk intersect (or are closely together) for EFS and OS.
Three main reasons for the differences in the performance of the stratifications have
been identified: First, patient constitution in HD cohort and the CoMMpass cohort is
different regarding age and applied treatment, including percentage of patients treated
by high-dose therapy and autologous stem cell transplantation (50% in CoMMpass
versus 99% in HD cohort). Second, different experimental laboratory procedures, es-
pecially library preparation, have been applied. Third, a different reference genome
(GRCh37) compared to the one applied in this thesis (GRCh38) has been used.

In total, differences in technical and bioinformatic strategies are to be considered as
potentially impacting on the result. However, the independent testing likewise shows
that the principal approach of RNA-seq-based risk stratification is applicable in dif-
ferent groups. In addition, such a strategy can be implemented within a clinical study
group performing multicentre clinical trials, e.g. within the two BMBF funded projects
(CAMPSIMM (01ES1103), CLIOMMICS (01Z2X1309)) of which this thesis is part of.
A further step for the establishment of RNA-seq-based risk stratifications and classi-
fications in clinical routine would require the development of a "standard" processing
pipeline in terms of experimental laboratory procedures as well as bioinformatic anal-
yses (see also the presentation of the pipeline of this thesis, section 4.1.6, published
and presented at the 61st annual meeting of the American society of hematology 2019
[63]).

Taking this point together, the thesis successfully allows conducting RNA-seq-based

risk and target (see below) assessment as part of multicentre clinical trials.

iii) Discover novel prognostic genes and develop a de novo RNA-seq-based risk
stratification

As intended, it was possible to de novo construct a respective score (HDHRS). It is
based on thirteen genes associated with good prognosis and fourty genes associated
with poor prognosis. The HDHRS significantly delineates three groups of patients in
the TeG with different median EFS (40, 32, and 18 months) and median OS (148, 82
and 37 months). It performs as well as the R-ISS, regarding concordance for EFS (0.62

130



4 DISCUSSION

versus 0.6) and OS (0.66 versus 0.67), and regarding Brier scores for EFS (0.1534 ver-
sus 0.1577) and OS (0.1601 versus 0.1550).The HDHRS is independently predictive of
the R-ISS in multivariate analyses and thus conveys additional prognostic information.
The HDHRS delineates two groups on MMR and three group on the CoMMpass co-
hort (despite the methodological challenges as described above, see also section 4.3.3),
implying that the HDHRS is, to a certain extent, intended of the actual treatment. In

turn, the HDHRS could be successfully transferred to DNA-microarrays.

iv) Analyses of potential target structures

RNA-seq can be used to analyse targets regarding expression and, in contrast to DNA-
microarrays, splice variants as well as mutations.

Of the 25 exemplary targets assessed within this thesis, 14 are currently actionable
(see table 3.14). For BCMA, CD38, CS1, GPRC5D, CD74, NYESO1/2, NKG2D and
BRAF monoclonal antibodies, TCB or CAR T cell treatment options are either ap-
proved13 (CD38, daratumumab; CS1, elotuzumab) or in clinical trials (an overview
of clinical trials is depicted in table 3.15). For FGFR3, IGF1R, AURKA, and CD20
compounds have been tested in clinical trials, but results have until now not been clin-
ically encouraging. The vaccination targets MAGEA3 [47] and MUCI [30] are like-
wise actionable and in clinical trials (Clinical Trials.gov identifiers: NCT01380145 and
NCTO01232712). Further potential vaccination targets are e.g. NYESO1/2, MAGEAI,
RHAMM, CS1, WT1, and SSX2.

MMSET, TP53, CCND1, CCND2 and CCND3 remain of theoretical interest, regard-
ing personalised treatment. They are potentially targetable but no actual targeting com-
pound has been tested clinically in myeloma up to now. Nevertheless, they were in-
cluded in this thesis to enlarge the categories of targets and to assess the transferability
of DNA-microarray-based assessment to RNA-seq on a broader set of target genes.

In this thesis, the RNA-seq-based assessment of target expression was successfully
implemented. For clinical application, a threshold for "present" expression was de-
fined as at least 1 normalised count per 1000 bp (see section 4.1.3), overexpression as
expression above the median BMPC expression plus three times standard deviation of
BMPC expression, and aberrant expression was defined as overexpression in combi-
nation with absent expression in 90% of the BMPCs. According to these definitions,
four targets are constitutively expressed (BCMA, CD38, HM1.24 and CD74) and five
targets are aberrantly expressed (NYESO1/2, HGF, FGFR3, MAGEAI and MAGEA3),

detected on both platforms. Twenty targets show a very good consistency between

3National Cancer Institute: Drugs Approved for Multiple Myeloma and Other Plasma Cell
Neoplasms; Online resource: https://www.cancer.gov/about-cancer/treatment/drugs/
multiple-myeloma; Status: 27.02.2020, 12:55
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DNA-microarray and RNA-seq PA and PA-seq call of > 75%. RNA-seq thus can
cover all target assessments previously performed by DNA-microarrays.

Expression of alternative splice variants can eliminate the target sequence of im-
munotherapeutic approaches. In this thesis, splice variant expression was exemplary
assessed for the potential therapeutic targets CD38 and BCMA: For both one single
transcript was identified as expressed in all samples, excluding alternative splicing as
potential upfront resistance to the applied target specific treatment. These results were
published (CD38 [213]) and presented (BCMA [98]).

Mutated target analysis has been implemented and is depicted for the only currently
clinically targetable mutation in myeloma, the BRAF V600. This position is mutated
on gene level in 2.1% of the symptomatic myeloma patients. RNA-seq can be used
to assess clonal heterogeneity in terms of mutated targets, by dividing the number of
reads spanning the mutation by the number of all reads spanning the position. The
BRAF mutation is subclonal in half of the patients carrying it.

The proposed analysis strategy can easily be extended regarding future targets, mutated

transcripts or, if becoming clinically relevant, alternative splicing.

v) Prospectively test the theoretical target analysis in a consecutive large patient
cohort in three clinically relevant examples

The implementation of RNA-seq-based target analysis was exemplified for a consecu-
tive large patient cohort for the assessment of BCMA (during compound development
of CC-93269 [212]), CD38 expression (during clinical trial design [213]), and CTAs
as vaccination targets for assessment of a potential vaccination trial [209].

The analyses of the expression of BCMA in a consecutive large patient cohort was
performed within the framework of this thesis. BCMA is expressed in all malignant
plasma cell samples, i.e. BCMA represents an universal target in multiple myeloma
treatment. The analysis of the splice junctions shows, that the expression height of the
two BCMA-001 splice junctions is essentially higher than the expression height of the
other splice junctions. This suggests that alternative splicing is not biological relevant
as potential mechanism of resistance against BCMA directed treatment. The analyses
were published by Seckinger ef al. [212] and presented by Hose [98]. The developed
BCMA TCB CC-93269 is currently in clinical testing (ClinicalTrials.gov identifier:
NCTO03486067) [50], showing promising initial response rates for MMR patients of
89% at a target dose of >6 mg!4.

14 ASH Clinical News: Early-Phase Trial Suggests Bispecific Antibody CC-93269 Has Activity in Re-
lapsed/Refractory Multiple Myeloma; Online resource: https://www.ashclinicalnews.org/on-
location/ash-annual-meeting/early-phase-trial-suggests-cc-93269-activity-
relapsed-refractory-multiple-myeloma/; Status: 27.02.2020, 19:57
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CD38 monotherapy treatment is active in one thirds of the patients [147, 148, 234].
During the preparation of the GMMG-MMS5 (EudraCT 2010-019173-16) [150, 157],
HD6 (ClinicalTrials.gov identifier: NCT02495922) and GMMG CONCEPT trial
(ClinicalTrials.gov identifier: NCT03104842), the question was raised whether lack
of expression or alternative splicing of CD38 might explain this. Hence, as part of this
thesis, CD38 expression was assessed in a large cohort of patients. CD38 is consti-
tutively expressed. The analysis of alternative splicing variants showed that only one
protein coding transcript (CD38-001) is expressed. The analyses were published by
Seckinger et al. [213], who concluded, that neither lack of expression, nor alternative
splicing are a reason for upfront resistance.

Vaccination strategies should trigger a (prophylactic) myeloma-specific immunity
[209]. As part of this thesis, the expression of potential vaccination targets, e.g.
HM1.24 and CTAs (NYESO1/2, MAGEA3, RHAMM, WT1I) and their association with
survival have been analysed. None of the CTAs is expressed in all patients, which was
published by Schmitt e al. [209]. The clinical suggestion of Schmitt et al. [209] for
therapeutic strategies is to use "cocktails" of different vaccination peptides together

covering at least one target in all myeloma patients [48, 209].

4.6 Conclusion and outlook

The main aim of this thesis was the implementation of RNA-seq in translational
myeloma research and extended clinical routine application, in terms of risk assess-
ment (see section 4.2) and target analysis (see section 4.4). The implemented RNA-seq
analysis pipeline can be successful performed in 90% of the patients both in clinical
trials (exemplified by the GMMG-MMS phase I1I clinical trial [99]) and extended clin-
ical routine. In contrast, the GEP-R, a comparable setting using DNA-microarrays, is
possible in 80% of the patients [156]. This likewise includes risk stratification for pa-
tients with low tumour mass (i.e. MGUS, AMM) [99, 213]. Risk-based stratifications
and molecular subtype-based classifications have been successfully transferred from
Affymetrix U133 2.0 DNA-microarrays to RNA-seq-based assessment.

Target assessment has been implemented and allows the analyses of expression, mu-
tations and splicing variants. It was exemplified regarding patient cohorts in applied
translational myeloma research and extended clinical routine for the assessment of
BCMA [212], CD38 [213], and CTAs as vaccination targets [209]. For all three pub-
lications, data obtained in this thesis have been essential. For BCMA, the proportion
of patients and plasma cell precursor stages expressing the target has been assessed, to
determine potential clinical side effects of the developed compound CC-93269 [212]
(ClinicalTrials.gov identifier: NCT03486067). This exemplifies the usefulness of
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RNA-seq in assessing potential targets for compound development. Likewise, RNA-
seq can be used to assess expression prior to the treatment, to make an educated-guess
choice on the selection from currently available a priori equivalent treatment options.
In a setting where TCB or CAR T cell treatment against BCMA, CD38, GPRCS5D,
CD74 and NYESO1/2 is available, it can be helpful to first choose treatment against
the antigen most highly expressed. BCMA and CD38 splice variant analysis has been
introduced and showed that alternative splicing does not confer upfront resistance of
anti-BCMA and anti-CD38 treatment. Both analysis strategies can be directly used for
other target structures and will be applied to future compound developments.

Hence, this thesis is the proof of principle, that all steps necessary for targeted and risk
adapted treatment strategy in myeloma can be performed using RNA-seq. The strategy
has been published and presented at the 61st annual meeting of the American society
of hematology 2019 [63] and a full paper publication is currently in preparation. It will
include a description of the bioinformatical analysis as well as the results of stratifica-
tion, classification and target analyses performed within this thesis for a large cohort of
798 consecutive patients and likewise focus on the long-term survival of the patients.
From a bioinformatic perspective, the next step for a prospective use of RNA-seq in
clinical routine, is to implement a graphical user interface, e.g. as in the GEP-R [156].
This Seq-report, assessing risk and actionable targets, can be used in a tumour boards
setting or as help for physicians and patients in educated-guess situation.

However, before introducing the Seq-report to clinical use in different institutions,
it would be very helpful to agree on a standard for experimental laboratory proce-
dures and bioinformatical implementation of the RNA-seq analyses. In some points,
the necessity of a standard processing pipeline is already realised: For instance, the
reference genomes of UCSC, termed with "hg", and the ones of NCBI, termed with
"GRCh", were standardised in December 2013 in version 38. Additionally, the read
file format FASTQ and the alignment format SAM/BAM are unified and broadly used.
To these regards, the LfM published the experimental laboratory RNA-seq pipeline
by Seckinger et al. [213] and the bioinformatical pipeline is depicted in detail within
this thesis. The results of this thesis could be used as the basis for this standardised
pipeline and lay the bioinformatic basis for the implementation of RNA-seq for risk

adapted and targeted treatment strategies in clinical routine.
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S Summary

Summary

Background. Multiple myeloma is a haematological disease characterised by the
accumulation of malignant plasma cells in the bone marrow. Gene expression data of
839 patients have been obtained using Affymetrix U133 2.0 microarrays in the Multi-
ple Myeloma Research Laboratory at the University Hospital Heidelberg in extended
clinical routine. RNA-sequencing was introduced as novel method thought to be su-
perior to DNA-microarray analysis, regarding precision, lower amount of input RNA,
and ability to analyse mutated transcripts and splice variants. Therefore, the primary
objective of this thesis was to lay the bioinformatic basis for the implementation of
RNA-sequencing in applied translational myeloma research and extended clinical rou-
tine. This includes 1) to establish a practicable analysis pipeline for RNA-sequencing
data, ii) to transfer and connect current stratification and classification methods based
on microarrays to future RNA-sequencing technology, iii) to discover novel prognostic
genes and to develop a novel RNA-sequencing-based risk stratification, iv) to analyse
potential and especially actionable therapeutic targets regarding expression, alterna-
tive splicing, and mutations, and v) to prospectively test these theoretical target analy-
sis strategies in a consecutive large patient cohort in three clinical relevant examples:
BCMA, in development of the T cell bispecific antibody CC-93269 now in clinical
testing, CD38, to assess potential mechanism of upfront resistance against anti-CD38
treatment, and cancer testis antigens as vaccination targets, analysing their clinical ap-
plicability.

Methods. For risk stratification, RNA-sequencing files of 535 multiple myeloma
samples were divided into three groups for classification training (~40%), validation
(~20%) and testing (~40%). All samples were aligned with STAR and resulting read
counts were normalised using edgeR. Each microarray classification was transferred by
1) translating the microarray probe sets to Ensembl gene identifiers, ii) creating RNA-
sequencing classification as similar as possible to microarray classification, iii) calcu-
lating new cutoffs and iv) stratifying the patients. The classifications were validated
by examining the proportions of the groups and comparing the survival performance
to the microarray classifications of 534 multiple myeloma patients, respectively. Ad-
ditionally, running log-rank algorithms were used to determine prognostic genes and
create a novel RNA-sequencing-based classification, the HDHRS. For potential target
analysis, the expression per target, e.g. BCMA or CD38, was determined, definitions
for "absent" and "present" expression were established and alternative splice variants

were assessed. A pipeline was developed and tested on 142 asymptomatic, 69 relapsed
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and 767 symptomatic myeloma patients of the CoMMpass cohort.

Results. RNA-sequencing can be performed in 90% (in contrast to 80% by microar-
ray) of all patients and the quality of the RNA-sequencing files is sufficient in 97% of
all cases. An RNA-sequencing pipeline was successfully implemented. Proliferation-
based risk assessment (GPI), risk stratifications (RS, UAMS70, EMC92 and IFM15)
as well as molecular classifications (MC, TC) are as predictive on RNA-sequencing
as on microarray and are significant prognostic. The novel HDHRS includes 53 dis-
covered prognostic genes and significantly delineates three groups. All stratifications
and classifications were validated on the independent test group. On the CoMMpass
cohort the stratifications are significant, with laboratory and bioinformatical variations

to consider.

Nineteen potential targets, five theoretical targets and the mutated target BRAF were
assessed. The actionable targets BCMA, CD38, and CD74 are expressed in all, the
cancer testis antigens MAGEA3 (33%), RHAMM (88%) and NYESO1/2 (12%) in sub-
fractions of myeloma patients, and 2% show expression of mutated (V600E) BRAF.

To assess a potential mechanism of upfront resistance, splice variants of BCMA and

CD38 have been analysed. For both targets only one main transcript is expressed.

Discussion. RNA-sequencing has been implemented successfully in applied transla-
tional myeloma research and extended clinical routine application: All intended risk
stratifications and classifications could be successfully transferred and a novel RNA-
seq-based risk score (HDHRS) be developed and validated.

The target assessment was exemplified regarding patient cohorts for assessment of
BCMA, CD38, and cancer testis antigen as vaccination targets. For BCMA, the pro-
portion of patients and plasma cell precursor stages expressing the target has been
assessed, to determine potential clinical side effects of the developed compound CC-
93269. This exemplifies the usefulness of RNA-sequencing in assessing potential tar-
gets for compound development. Likewise, RNA-sequencing is useful to assess ex-
pression prior to therapy, to exclude treatments for patients lacking expression of the
respective targets. BCMA and CD38 splice variant analyses showed that alternative
splicing does not confer up-front resistance of anti-BCMA and anti-CD38 treatment.
Both analysis strategies can and will be directly applied to future compound develop-

ments.

Hence, this thesis is the proof of principle, that all steps necessary for targeted and risk
adapted treatment strategy in myeloma can be performed using RNA-sequencing. The
results of this thesis, including the developed pipeline, are the fundamental step for the
implementation of RNA-sequencing for risk adapted and targeted treatment strategies

in clinical routine.
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Zusammenfassung

Hintergrund. Das multiple Myelom ist eine hamatologische Erkrankung, die durch
die Ansammlung maligner Plasmazellen im Knochenmark gekennzeichnet ist. Im La-
bor fiir Myelomforschung des Universititsklinikums Heidelberg wurden Affymetrix
U133 2.0-Microarray Genexpressionsdaten von 839 Patienten in erweiterter klinis-
cher Routine untersucht. Die RNA-Sequenzierung wurde als neuartige Methode
vorgestellt, die der Microarray Analyse iiberlegen sein soll, hinsichtlich Prizision,
geringerer Menge an Input-RNA und der Moglichkeit Transkripte sowie Spleifvari-
anten zu analysieren. Daher bestand das Hauptziel dieser Arbeit darin, die bioinfor-
matische Grundlage fiir die Implementierung der RNA-Sequenzierung in der ange-
wandten translationalen Myelomforschung und erweiterten klinischen Routine zu
schaffen. Das beinhaltet i) die Erstellung einer praktikablen Analysepipeline fiir
RNA-Sequenzierungsdaten, ii) die Ubertragung und die Verbindung von aktuellen
Einteilungs- und Klassifizierungsmethoden basierend auf Microarrays zur zukiinfti-
gen RNA-Sequenzierungstechnologie, iii) die Entdeckung neuer prognostischer Gene
und die Entwicklung einer auf RNA-Sequenzierung basierenden Risikoeinteilung, iv)
die Analyse potentieller und insbesondere anwendbarer therapeutische Zielgene in
Bezug auf Expression, alternatives Spleifen und Mutationen und v) die prospektive
Testung dieser theoretischen Zielgen-Analysestrategien in einer groen Patientenko-
horte in drei klinisch relevanten Beispielen: BCMA, bei der Entwicklung des gerade
in klinischen Tests befindlichen, bispezifischen T-Zell-Antikorpers CC-93269, CD38,
zur Analyse der klinischen Anwendbarkeit von Anti-CD38-Behandlung, und Krebs-
Hoden-Antigenen als Impfziel unter Bewertung des moglichen Mechanismus der Vor-
abresistenz.

Methoden. Fiir die Risikostratifizierung wurden RNA-Sequenzierungs Proben von
535 Myelom Patienten in drei Gruppen eingeteilt, eine Trainings- (~40%), eine
Validierungs- (~20%) und eine Testgruppe (~40%). Alle Proben wurden mit
STAR aligniert und die resultierenden Read Anzahlen mit edgeR normalisert. Jede
Microarray-Klassifizierung wurde iibertragen durch i) Translation der Microarray-
Sondennamen in Ensembl-Gennamen, ii) Erzeugung einer RNA-Sequenzierungs-
Klassifizierung, die so @hnlich wie moglich ist zur Microarray-Klassifizierung, iii)
Berechnung neuer Grenzwerte und iv) die Einteilung der Patienten. Die Validierung
der Klassifikationen erfolgte durch die Untersuchung der Proportionen der Grup-
pen und dem Vergleich der Uberlebenszeitanalyse zu den Microarray-Klassifikationen
von 534 Patienten mit multiplem Myelom. Zuséitzlich wurden laufende Log-Rank-
Algorithmen verwendet, um prognostische Gene zu bestimmen und eine neue auf

RNA-Sequenzierung basierende Klassifizierung zu erstellen, den HDHRS. Fiir die
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Analyse potentieller Zielgene wurde die Expression pro Zielgen, z.B. BCMA oder
CD38, bestimmt, eine Definition fiir "fehlende" und "vorhandene" Expression etabliert
und alternative Spleilvarianten bewertet. Eine Pipeline wurde entwickelt und an 142
asymptomatischen, 69 rezidivierten und 767 symptomatische Myelompatienten der
CoMMpass-Kohorte getestet.

Ergebnisse. = Die RNA-Sequenzierung kann bei 90% aller Patienten durchge-
fiihrt werden (im Gegensatz zu 80% bei Mikroarray) und die Qualitdt der
RNA-Sequenzierungsdaten ist in 97% der Fille ausreichend. Eine RNA-
Sequenzierungspipeline wurde erfolgreich implementiert.  Proliferation basierte
Risikobewertung (GPI), Risikoklassifizierungen (RS, UAMS70, EMC92 und IFM15),
sowie molekulare Klassifikationen (MC, TC) sind signifikant prognostisch und ebenso
pradiktiv fiir die RNA-Sequenzierung wie auf Microarrays. Der neue HDHRS umfasst
53 prognostische Gene und unterscheidet drei Gruppen signifikant. Alle Klassifikatio-
nen wurden in der unabhingigen Testgruppe validiert. Die Klassifikationen sind auf
der CoMMpass Kohorte signifikant, unter Beriicksichtigung Labor- und bioinforma-
tischen Variationen. Neunzehn potenzielle, fiinf theoretische und das mutierte Zielgen
BRAF wurden analysiert. Die angreifbaren Zielgene BCMA, CD38 und CD74 sind
in allen Patienten exprimiert, die Krebs-Hoden-Antigene MAGEA3 (33%), RHAMM
(88%) und NYESO1/2 (12%) in Subfraktionen von Myelompatienten und 2% zeigen
die Expression des mutierten (V600E) BRAF Genes. Um einen moglichen Mechanis-
mus der Vorabresistenz auszuschliefen, wurden die Spleil3-Varianten von BCMA und
CD38 untersucht. Fiir beide Zielgene wird nur ein Haupttranskript exprimiert.
Diskussion. Die RNA-Sequenzierung wurde erfolgreich implementiert und in der
Myelomforschung und der erweiterten klinischen Routine angewandt. Alle unter-
suchten Risiko-Einteilungen und Klassifikationen konnten erfolgreich iibertragen wer-
den und eine neue auf RNA-Sequenzierung basierende Klassifizierung (HDHRS) kon-
nte entwickelt und validiert werden. Die Zielgen Analyse wurde am Beispiel von
BCMA, CD38 und Krebs-Hoden-Antigenen als Impfzielgene in Bezug auf Patien-
tenkohorten beispielhaft dargestellt. Fiir BCMA wurde der Anteil der Patienten und
Plasmazellvorldufer-Stadien bestimmt, die das Zielgen exprimieren, um mogliche klin-
ische Nebenwirkungen des entwickelten Medikaments CC-63269 zu bestimmen. Dies
veranschaulicht die Niitzlichkeit von RNA-Sequenzierung bei der Bewertung poten-
zieller Zielgene fiir die Wirkstoffforschung. Ebenso ist RNA-Sequenzierung niitzlich,
um die Expression vor Beginn der Therapie zu bewerten, um Patienten von der Be-
handlung auszuschlieen, denen die Expression des jeweiligen Zielgens fehlt. BCMA
und CD38 SpleiBvariantenanalysen zeigten, dass alternatives Spleilen nicht die Ur-
sache fiir Resistenzen gegen Anti-BCMA- und Anti-CD38-Behandlung sind. Beide

138



5 SUMMARY

Analysestrategien konnen und werden direkt auf zukiinftige Wirkstoff Entwicklungen
angewendet werden.

Somit ist diese Dissertation der Grundsatzbeweis, dass alle Schritte, die notwendig sind
fiir eine zielgerichtete und risikoadaptierte Behandlungsstrategie beim Myelom, mit
RNA-Sequenzierung durchfiihrbar sind. Die Ergebnisse dieser Arbeit, einschlie3lich
der entwickelten Pipeline, sind der grundlegende Schritt fiir die Implementierung von
RNA-Sequenzierung fiir risikoadaptierte und zielgerichtete Behandlungsstrategien in

der klinischen Routine.
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Figure A.1: Proportions of patients regarding risk stratifications and classifications(test group (TeG)).
Shown are the different a risk stratification and b molecular classification proportions for DNA-
microarrays in comparison to RNA-sequencing based analysis. Depicted are t(4;14) prediction assessed
by RNA-seq (t(4;14)-seq) and DNA-microarrays (t(4;14)), molecular classification (MC) and TC. For
further explanations of the groups see section 1.4.2.3.
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Figure A.2: Survival analysis regarding RNA-seq based proliferation index (RPI) for training group
(TG), validation group (VG), as well as for asymptomatic multiple myeloma (AMM) and relapsed
myeloma (MMR) patients. Performance of the RPI in event free survival (EFS) and overall survival
(OS) for the TG (a, b) and VG (¢, d). Progression free survival of AMM patients is depicted in subfigure

e and OS of MMR patients in subfigure f.
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Figure A.3: Survival analysis regarding UAMS70-seq for training group (TG), validation group (VG),
as well as for asymptomatic multiple myeloma (AMM) and relapsed myeloma (MMR) patients. Per-
formance of the UAMS70-seq in event free survival (EFS) and overall survival (OS) for the TG (a, b)
and VG (¢, d). Progression free survival of AMM patients is depicted in subfigure e and OS of MMR
patients in subfigure f.
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Figure A.4: Survival analysis regarding RS-seq for training group (TG), validation group (VG), as well
as for asymptomatic multiple myeloma (AMM) and relapsed myeloma (MMR) patients. Performance
of the RS-seq in event free survival (EFS) and overall survival (OS) for the TG (a, b) and VG (c,
d). Progression free survival of AMM patients is depicted in subfigure e and OS of MMR patients in

subfigure f.
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Figure A.5: Survival analysis regarding EMC92-seq for training group (TG), validation group (VG),
as well as for asymptomatic multiple myeloma (AMM) and relapsed myeloma (MMR) patients. Per-
formance of the EMC92-seq in event free survival (EFS) and overall survival (OS) for the TG (a, b)
and VG (¢, d). Progression free survival of AMM patients is depicted in subfigure e and OS of MMR
patients in subfigure f.
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Figure A.6: Survival analysis regarding IFM15-seq for training group (TG), validation group (VG), as
well as for asymptomatic multiple myeloma (AMM) and relapsed myeloma (MMR) patients. Perfor-
mance of the IFM15-seq in event free survival (EFS) and overall survival (OS) for the TG (a, b) and VG
(c, d). Progression free survival of AMM patients is depicted in subfigure e and OS of MMR patients in

subfigure f.
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Figure A.7: Survival analysis regarding HDHRS for training group (TG), validation group (VG), as well
as for asymptomatic multiple myeloma (AMM) and relapsed myeloma (MMR) patients. Performance
of the HDHRS in event free survival (EFS) and overall survival (OS) for the TG (a, b) and VG (c,
d). Progression free survival of AMM patients is depicted in subfigure e and OS of MMR patients in

subfigure f.
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Figure A.8: Survival analysis regarding HDHRS-GEP for training group (TG), validation group (VG),
as well as for asymptomatic multiple myeloma (AMM) and relapsed myeloma (MMR) patients. Per-
formance of the HDHRS-GEP in event free survival (EFS) and overall survival (OS) for the TG (a, b)
and VG (¢, d). Progression free survival of AMM patients is depicted in subfigure e and OS of MMR

patients in subfigure f.
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Figure A.9: Expression of CD38, HM1.24 and CD74. The whole cohort is assessed. Expression is
grouped by disease entity, compared to non-malignant cells and precursors (memory B cells (MBC),
polyclonal plasmablastic cells (PPC), bone marrow plasma cells (BMPC)) and human myeloma cell
lines (HMCL). Significant differences in expression compared to BMPCs are indicated by 1, 2 or 3 as-
terisks, for p-values (p) smaller than 0.05, 0.01 and 0.001, respectively. RNA-seq expression is depicted
for a CD38 (published with a smaller cohort in Seckinger, ..., Emde et al., Frontiers in Immunology 2018
[213]) and ¢ HM1.24 (published with a smaller cohort in Schmitt, ..., Emde et al., Oncotarget 2017 [209])
and e CD74. Microarray expression is depicted for b CD38 (published with altered sample composition
in Seckinger, ..., Emde et al., Frontiers in Immunology 2018 [213]), d HM1.24 (published with altered
sample composition in Schmitt, ..., Emde et al., Oncotarget 2017 [209]) and f CD74. The red dashed
line depicts the threshold for overexpression, defined as median expression in BMCPs plus 3 times the
standard deviation. Two exemplary patients are highlighted with red (patient 1) and yellow (patient
2) dot for CD38 (in panel a). MGUS, monoclonal gammopathy of undetermined significance; AMM,
asymptomatic multiple myeloma, MM, symptomatic multiple myeloma; MMR, relapsed myeloma.
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Figure A.10: Expression of NYESO1/2, HGF and FGFR3. The whole cohort is assessed. Expression
is grouped by disease entity, compared to non-malignant cells and precursors (memory B cells (MBC),
polyclonal plasmablastic cells (PPC), bone marrow plasma cells (BMPC)) and human myeloma cell
lines (HMCL). Significant differences in expression compared to BMPCs are indicated by 1, 2 or 3 as-
terisks, for p-values (p) smaller than 0.05, 0.01 and 0.001, respectively. RNA-seq expression is depicted
for a NYESO1/2 (published with smaller cohort in Schmitt, ..., Emde et al., Oncotarget 2017 [209]), ¢
HGF and e FGFR3. Microarray expression is depicted for b NYESO1/2 (published with altered sample
cohort in Schmitt, ..., Emde et al., Oncotarget 2017 [209]), d HGF and f FGFR3. The red dashed line
depicts the threshold for overexpression, defined as median expression in BMCPs plus 3 times the stan-
dard deviation. MGUS, monoclonal gammopathy of undetermined significance; AMM, asymptomatic
multiple myeloma, MM, symptomatic multiple myeloma; MMR, relapsed myeloma.
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Figure A.11: Expression of MAGEAI, MAGEA3 and MMSET. The whole cohort is assessed. Expression
is grouped by disease entity, compared to non-malignant cells and precursors (memory B cells (MBC),
polyclonal plasmablastic cells (PPC), bone marrow plasma cells (BMPC)) and human myeloma cell
lines (HMCL). Significant differences in expression compared to BMPCs are indicated by 1, 2 or 3 as-
terisks, for p-values (p) smaller than 0.05, 0.01 and 0.001, respectively. RNA-seq expression is depicted
for a MAGEAI, ¢ MAGEA3 (published with a smaller cohort in Schmitt, ..., Emde et al., Oncotarget
2017 [209]) and e MMSET. Microarray expression is depicted for b MAGEAI, d MAGEA3 (published
with an altered sample cohort in Schmitt, ..., Emde et al., Oncotarget 2017 [209]) and f MMSET. The
red dashed line depicts the threshold for overexpression, defined as median expression in BMCPs plus
3 times the standard deviation. MGUS, monoclonal gammopathy of undetermined significance; AMM,
asymptomatic multiple myeloma, MM, symptomatic multiple myeloma; MMR, relapsed myeloma.
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Figure A.12: Expression of IGFIR, TP53 and AURKA. The whole cohort is assessed. Expression is
grouped by disease entity, compared to non-malignant cells and precursors (memory B cells (MBC),
polyclonal plasmablastic cells (PPC), bone marrow plasma cells (BMPC)) and human myeloma cell
lines (HMCL). Significant differences in expression compared to BMPCs are indicated by 1, 2 or 3
asterisks, for p-values (p) smaller than 0.05, 0.01 and 0.001, respectively. RNA-seq expression is de-
picted for a IGFIR, ¢ TP53 and e AURKA. Microarray expression is depicted for b IGFIR, d TP53 and
f AURKA. The red dashed line depicts the threshold for overexpression, defined as median expression in
BMCPs plus 3 times the standard deviation. MGUS, monoclonal gammopathy of undetermined signifi-
cance; AMM, asymptomatic multiple myeloma, MM, symptomatic multiple myeloma; MMR, relapsed
myeloma.
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Figure A.13: Expression of CCND1, CCND2 and CCND3. The whole cohort is assessed. Expression
is grouped by disease entity, compared to non-malignant cells and precursors (memory B cells (MBC),
polyclonal plasmablastic cells (PPC), bone marrow plasma cells (BMPC)) and human myeloma cell
lines (HMCL). Significant differences in expression compared to BMPCs are indicated by 1, 2 or 3 as-
terisks, for p-values (p) smaller than 0.05, 0.01 and 0.001, respectively. RNA-seq expression is depicted
fora CCNDI, ¢ CCND2 and e CCND3. Microarray expression is depicted forb CCND1, d CCND2 and
f CCND3. The red dashed line depicts the threshold for overexpression, defined as median expression in
BMCPs plus 3 times the standard deviation. MGUS, monoclonal gammopathy of undetermined signifi-
cance; AMM, asymptomatic multiple myeloma, MM, symptomatic multiple myeloma; MMR, relapsed
myeloma; HMCL, human myeloma cell line.
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Figure A.14: Expression of RHAMM, CD20 and MUCI. The whole cohort is assessed. Expression is
grouped by disease entity, compared to non-malignant cells and precursors (memory B cells (MBC),
polyclonal plasmablastic cells (PPC), bone marrow plasma cells (BMPC)) and human myeloma cell
lines (HMCL). Significant differences in expression compared to BMPCs are indicated by 1, 2 or 3
asterisks, for p-values (p) smaller than 0.05, 0.01 and 0.001, respectively. RNA-seq expression is de-
picted for a RHAMM (published with a smaller cohort in Schmitt, ..., Emde et al., Oncotarget 2017
[209]), ¢ CD20 and e MUCI. Microarray expression is depicted for b RHAMM (published with altered
sample composition in Schmitt, ..., Emde et al., Oncotarget 2017 [209]), d CD20 and f MUCI. The
red dashed line depicts the threshold for overexpression, defined as median expression in BMCPs plus
3 times the standard deviation. MGUS, monoclonal gammopathy of undetermined significance; AMM,
asymptomatic multiple myeloma, MM, symptomatic multiple myeloma; MMR, relapsed myeloma.
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Figure A.15: Expression of CS1, WT'I and SSX2. The whole cohort is assessed. Expression is grouped
by disease entity, compared to non-malignant cells and precursors (memory B cells (MBC), polyclonal
plasmablastic cells (PPC), bone marrow plasma cells (BMPC)) and human myeloma cell lines (HMCL).
Significant differences in expression compared to BMPCs are indicated by 1, 2 or 3 asterisks, for p-
values (p) smaller than 0.05, 0.01 and 0.001, respectively. RNA-seq expression is depicted for a CSF1,
¢ WT1 (published with a smaller cohort in Schmitt, ..., Emde et al., Oncotarget 2017 [209]) and e SSX2.
Microarray expression is depicted for b CSFI, d WTI (published with altered sample composition in
Schmitt, ..., Emde et al., Oncotarget 2017 [209]) and f SSX2. The red dashed line depicts the threshold
for overexpression, defined as median expression in BMCPs plus 3 times the standard deviation. MGUS,
monoclonal gammopathy of undetermined significance; AMM, asymptomatic multiple myeloma, MM,
symptomatic multiple myeloma; MMR, relapsed myeloma.
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Figure A.16: Correlation of target expressions on RNA-sequencing (RNA-seq) and microarrays for all
534 symptomatic multiple myeloma patients (MM). HM1.24, MAGEA3, RHAMM and WT] are pub-
lished with a smaller cohort in Schmitt, ..., Emde et al., Oncotarget 2017 [209]. The Pearson correlation
coefficient (r) is displayed with its confidence interval. As the correlation and not the expression height
is in the focus of this figure, axes per plot are not shown. Present (P), marginal present (M) and ab-
sent (A) expression is displayed. Absence in RNA-seq and microarray is depicted in grey, presence
(P in RNA-seq and M or P in microarray) in black. Expression values only present in microarrays are
depicted in green, expression values only defined present in RNA-seq in blue.
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Figure A.17: Relative abundance of reads per splice junction for 18 exemplary patients. Depicted are
the nine splice junctions of CD38 for 18 patients with present (spanned by at least 10 reads) CD38-005
specific splice junction (lilac) (adapted from Seckinger, ..., Emde et al., Frontiers in Immunology 2018
[213]). Shown is the relative abundance of the reads per splice junction in comparison to the CD38-
001 specific splice junction. The maximum observed frequency of the alternatively spliced transcript
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Figure A.18: CD38 transcript expression, exemplary patient 1. (adapted from Seckinger, ..., Emde et al.,
Frontiers in Immunology 2018 [213]). Depicted are multiple (red colour) and uniquely (black colour)
mapping reads in a histogram per transcript. The transcript specific splice junctions per transcript are
highlighted in coloured font. Exemplary patient 1 shows alternative splicing in low frequency. SJ: splice

junction.
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Figure A.19: CD38 transcript expression, exemplary patient 2. (adapted from Seckinger, ..., Emde et al.,
Frontiers in Immunology 2018 [213]). Depicted are multiple (red colour) and uniquely (black colour)
mapping reads in a histogram per transcript. The transcript specific splice junctions per transcript are
highlighted in coloured font. Exemplary patient 2 shows expression of CD38-001 only. SJ: splice

junction.
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Figure A.20: BCMA transcript expression, exemplary patient 1. Depicted are multiple (red colour)
and uniquely (black colour) mapping reads in a histogram per transcript. The transcript specific splice
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B Supplementary Tables

Table B.4: Download links of used data. Overview of all downloaded data with corresponding links.
GRCh38=Genome Reference Consortium Human Build 38; GTF=Gene Transfer Format

Re- Download

Data Format | lease | Citation date link

GRCh38 FASTA | 77 Zerbino et al. | 2015.10.01, | £tp://ftp.ensembl.org/pub/
sequence [253] 13:46 release-77/fasta/homo_sapiens/

dna/Homo_sapiens.GRCh38.dna.
primary_assembly.fa.gz

GRCh38 GTF 82 Zerbino et al. | 2015.10.05, | ftp://ftp.ensembl.org/pub/

annota- [253] 09:19 release-82/gtf/homo_sapiens/
Homo_sapiens.GRCh38.82.gtf.gz

tion
CoMMpass| various | 12 Craig et al. | 2019.05.09, | https://research.themmrt.org
data [51], MMRF | 12:54

etal. [169]

Table B.5: List of applied tools. Tools are depicted with version and corresponding citation.

Tool Version | Citation and/or link

bam-readcount | 1.52.0 Gautier et al. [70]

Bioconductor 3.4 Gentleman et al. [72]

BLAT 97 Kent [119] (https://www.ensembl.org/Homo_sapiens/Tools/Blast)

Ensembl 97 Zerbino et al. [253] (bttps://waw.ensembl.org/)

FastQC 0.11.4 Conesa et al. [49]

GeneAnnot 2.2 Chalifa-Caspi et al. [33, 34], Ferrari et al. [64] (https://
genecards.weizmann.ac.il/cgi-bin/geneannot/GA_search.pl)

GeneCards 3.08 Stelzer et al. [226] (nttps://www.genecards.org/)

GEP-R 3.08 Meissner et al. [156] ()

htseq-count 0.6.0 Anders et al. [5]

R 3.3.2 R Core Team [188]

R-Studio 1.1.442 | RStudio Team [203]

RSEM Li and Dewey [140]

samtools 1.2 Li et al. [141]

STAR 24.2 Dobin et al. [58]

Table B.6: List of applied R packages. Overview of the R packages, their versions and references (R
base packages are not listed).

Package Version | Citation

clinfun 1.0.15 Seshan [218]

docval 1.1.2 Kostka [123]

edgeR 3.16.5 Chen et al. [38]
forestplot 1.7.2 Gordon and Lumley [78]
germa 2.46.0 Wu et al. [249]
GenomicRanges | 1.26.4 Lawrence et al. [138]
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hgul33plus2.db | 3.2.3 Carlson [29]

jetset 3.4.0 Li et al. [142]
maxstat 0.7-25 Hothorn and Lausen [105]
pamr 1.55 Hastie et al. [90]
panp 1.44.0 Warren [246]

pec 254 Mogensen et al. [161]
RColorBrewer 1.1-2 Neuwirth [177]
reactome.db 1.58.0 Ligtenberg [143]

rms 5.1-2 Harrell [87]
S4Vectors 0.12.2 Pages et al. [181]
showtext 0.5-1 Qiu [187]

survival 2.41-3 Therneau [228]
xtable 1.8-2 Dahl et al. [53]

Table B.7: Patient characteristics TG, VG, TeG. Depicted are the patient characteristics for the 535
symptomatic multiple myeloma patients (MM), divided in TG, VG and TeG. None of the groups showed
significant differences regarding the depicted characteristics. TG: training group; VG: validation group;
TeG: test group; ISS: International staging system; R-ISS: revised ISS; NA: not available; NR: not
reached; n: number of patients.

TG VG TeG
Variable Level n % n % n %
S female 78 | 40.20 | 51 | 47.20 | 89 | 38.20
X male | 116 | 59.80 | 57 | 52.80 | 144 | 61.80
<60 108 | 55.70 | 62 | 57.40 | 117 | 50.20
Age [years]
>60 86 | 4430 | 46 | 42.60 | 116 | 49.80
<20 39 | 20.10 | 19 | 17.60 | 44 | 18.90
) >20 27 | 1390 | 11 | 10.20 | 29 | 12.40
Monoclonal protein [g/1]
>30 105 | 54.10 | 58 | 53.70 | 117 | 50.20
NA 23 | 1190 | 20 | 1850 | 43 | 18.50
76 | 39.20 | 50 | 46.30 | 99 | 42.50
63 | 3250 | 29 | 26.90 | 69 | 29.60
ISS stage
3 50 | 25.80 | 25 | 23.10 | 59 | 25.30
NA 5 2.60 4 3.70 6 2.60
I 37 | 19.10 | 31 | 28.70 | 47 | 20.20
1I 88 | 4540 | 38 | 35.20 | 100 | 42.90
R-ISS stage
111 23 | 11.90 | 19 | 17.60 | 28 | 12.00
NA 46 | 23.70 | 20 | 18.50 | 58 | 24.90
low 11 5.70 9 8.30 25 | 10.70
) medium | 156 | 80.40 | 82 | 75.90 | 177 | 76.00
meta score risk .
high 21 | 10.80 | 13 | 12.00 | 25 | 10.70
NA 6 3.10 4 3.70 6 2.60
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Table B.8: Proportions of risk stratifications per patient cohort. The proportions are depicted regarding
RNA-seq for symptomatic multiple myeloma patients (MM) in the test group (TeG), MM patients in the
CoMMpass cohort (CP), asymptomatic MM patients (AMM) and relapsed MM patients (MMR). For
comparison, the microarray stratification proportions are shown for the TeG. See also figure 3.16.

Stratification | Group | low risk [%] | medium risk [%] | high risk [%]
GPI TeG 32.19 57.94 9.87
TeG 33.91 5021 15.88
RPI CP 3833 4276 18.90
AMM 64.79 33.10 211
MMR 870 50.72 40.58
UAMS70 TeG 76.39 : 23.61
TeG 82.83 - 17.17
CP 78.10 5 21.90
UAMS70-seq — ong 92.96 5 7.04
MMR 71.01 5 78.99
RS TeG 36.91 54.08 9.01
TeG 24.89 63.95 11.16
RS-sc CP 2425 62.45 13.30
q AMM 43.66 54.03 141
MMR 435 63.77 31.88
EMC92 TeG 79.40 : 20.60
TeG 73.82 : 26.18
CP 69.88 5 30.12
EMC92-seq  —vv 86.62 5 13.38
MMR 42.03 5 57.97
IFMI15 TeG 91.42 ; 858
TeG 87.98 - 12.02
CP 86.96 5 13.04
IFMI1S-seq  — v 97.89 5 211
MMR 63.77 5 36.23
HDHRS-GEP | TeG 46.35 33.48 20.17
TeG 38.20 38.63 23.18
CP 35.20 .72 23.08
HDHRS AMM 65.49 28.87 563
MMR 11.59 34.78 33.62

Table B.9: Translation of GPI genes. In this table the 50 genes of GPI are listed as microarray probeset
and corresponding Ensembl Gene Identifiers (ENSG), determined with hgul33plus2.db in R. Correla-
tion (r) and the percentage of present expression determined with the present/absent (PA) call (PA-seq)
for RNA-sequencing (RNA-seq) and absent PA call for microarrays (nCOj, see section 2.2.2) are listed
in the table. Excluded genes are listed with exclusion reason: 1 is a correlation r < 0.15, 2 is a correla-
tion r < 0.4 and a non-overlapp nCO; > 0.3, and 3 is an inconsistent translation (for details see section
2.5).

Probeset ENSG r nCOq [%] | exclusion reason
200886_s_at | ENSG00000171314 | 0.36 0
205339_at ENSG00000123473 | 0.47 55

221923_s_at | ENSG00000181163 | 0.48
213008_at ENSG00000140525 | 0.52
204531_s_at | ENSG00000012048 | 0.52
205394 _at ENSG00000149554 | 0.53
204887_s_at | ENSG00000142731 | 0.56

[«=) R} INo) Nl N
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221520_s_at | ENSG00000134690 | 0.57 3
209464 _at ENSG00000178999 | 0.57 0
212021_s_at | ENSG00000148773 | 0.58 6
204240_s_at | ENSG00000136824 | 0.58 2
38158_at ENSG00000135476 | 0.58 2
219306_at ENSG00000163808 | 0.59 3
219918_s_at | ENSG00000066279 | 0.59 20
205167_s_at | ENSG00000158402 | 0.59 2
203145_at ENSG00000076382 | 0.6 3
209408 _at ENSG00000142945 | 0.6 1
201930_at ENSG00000076003 | 0.61 1
220651_s_at | ENSG00000065328 | 0.61 0
204444 _at ENSG00000138160 | 0.61 25
204170_s_at | ENSG00000123975 | 0.62 0
212789_at ENSG00000151503 | 0.62 0
203755_at ENSG00000156970 | 0.62 10
218662_s_at | ENSG00000109805 | 0.63 7
203418 _at ENSG00000145386 | 0.63 1
203554_x_at | ENSG00000164611 | 0.63 0
204162 _at ENSG00000080986 | 0.64 6
210052_s_at | ENSG00000088325 | 0.64 1
222077_s_at | ENSG00000161800 | 0.64 1
218755_at ENSG00000112984 | 0.65 1
203764 _at ENSG00000126787 | 0.65 2
218542 _at ENSG00000138180 | 0.66 16
209714_s_at | ENSG00000100526 | 0.66 0
204318_s_at | ENSG00000075218 | 0.66 0
203967_at ENSG00000094804 | 0.67 0
219588_s_at | ENSG00000146918 | 0.68 3
202954 _at ENSG00000175063 | 0.68 2
204026_s_at | ENSG00000122952 | 0.68 8
202705_at ENSG00000157456 | 0.68 3
202870_s_at | ENSG00000117399 | 0.71 0
202095_s_at | ENSG00000089685 | 0.71 1
206102_at ENSG00000101003 | 0.72 4
214710_s_at | ENSG00000134057 | 0.72 1
201897_s_at | ENSG00000173207 | 0.72 0
204092_s_at | ENSG00000087586 | 0.73 3
204641 _at ENSG00000117650 | 0.73 13
201202 _at ENSG00000132646 | 0.73 0
203213_at ENSG00000170312 | 0.74 3
203362_s_at | ENSG00000164109 | 0.74 1
209642 _at ENSG00000169679 | 0.78 1
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Table B.10: Translation of UAMS70 genes. In this table, the 70 genes comprising the UAMS70 score
are listed as microarray probeset and corresponding Ensembl Gene Identifiers (ENSG), determined with
hgul33plus2.db in R. Correlation () and the percentage of present expression determined with the
present/absent (PA) call (PA-seq) for RNA-sequencing (RNA-seq) and absent PA call for microarrays
(nCOq, see section 2.2.2) are listed in the table. Excluded genes are listed with exclusion reason: 1 is a
correlation r < 0.15, 2 is a correlation r < 0.4 and a non-overlapp nCO; > 0.3, and 3 is an inconsistent

translation (for details see section 2.5).

Probeset ENSG r nCOq [%] | exclusion reason
227547 _at - - - -
237964 _at - - - -

1557277_a_at | ENSG00000249346 | -0.03 0 1
244686_at ENSG00000070814 | -0.07 0 1
1554736_at ENSG00000137962 0 0 1
210334_x_at | ENSG00000089685 | 0.18 0 -
200634 _at ENSG00000108518 | 0.22 0 -
204016_at ENSG00000011376 | 0.24 0 -
200638 _s_at | ENSG00000164924 | 0.27 0 -
201921 _at ENSG00000242616 0.29 100 2
216194_s_at | ENSG00000105254 0.3 0 -
48106_at ENSG00000211584 | 0.31 0 -
200966_x_at | ENSG00000149925 | 0.31 0 -
226954 _at ENSG00000107341 | 0.32 0 -
201091_s_at | ENSG00000122565 | 0.32 0 -
213607_x_at | ENSG00000008130 | 0.33 0 -
200850_s_at | ENSG00000168710 | 0.35 1 -
218947_s_at | ENSGO00000107951 | 0.36 0 -
208117_s_at | ENSG00000001497 | 0.37 0 -
1555274 _a_at | ENSG00000138018 0.4 0 -
224523 _s_at | ENSG00000184220 | 0.41 0 -
243011 _at ENSG00000144815 | 0.43 0 -
225834 _at ENSG00000263513 | 0.44 63 3
224200_s_at | ENSG00000070950 | 0.45 0 -
210460_s_at | ENSG00000159352 | 0.45 0 -
213535_s_at | ENSG00000103275 | 0.46 0 -
208931_s_at | ENSG00000129351 | 0.46 0 -
205235_s_at | ENSG00000138182 | 0.46 0 -
225834 _at ENSG00000196550 | 0.47 64 -
200750_s_at | ENSG00000132341 | 0.47 0 -
209717_at ENSG00000067208 | 0.49 1 -
58696_at ENSG00000178896 0.5 0 -
209740_s_at | ENSG00000006757 0.5 0 -
213310_at ENSG00000123908 0.5 0 3
225082_at ENSG00000119203 | 0.51 0 -
225834 _at ENSG00000188610 | 0.51 58 3
206364 _at ENSG00000118193 | 0.51 8 -
1565951_s_at | ENSG00000203668 | 0.51 23 -
201947_s_at | ENSG00000166226 | 0.52 0 -
204023_at ENSG00000163918 | 0.52 0 -
222417_s_at | ENSG00000089006 | 0.53 0 -
220789_s_at | ENSG00000136270 | 0.53 0 -
238952_x_at | ENSG00000185869 | 0.55 2 3
201105_at ENSG00000100097 | 0.55 0 -
1555864_s_at | ENSG00000131828 | 0.55 0 -
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201231_s_at | ENSGO00000074800 | 0.55 0 -
222495_at ENSG00000215717 | 0.56 0 -
218924_s_at | ENSGO00000117151 | 0.57 0 -
230192_at ENSG00000204977 | 0.58 0 -
213628_at ENSG00000121940 | 0.58 0 -
212435_at ENSG00000197323 | 0.58 4 -
226936_at ENSG00000203760 | 0.58 10 -
202838_at ENSG00000179163 | 0.58 0 -
203432_at ENSG00000120802 | 0.59 0 -
219918_s_at | ENSG00000066279 | 0.59 20 -
225834 _at ENSG00000215784 0.6 68 -
212533_at ENSG00000166483 | 0.61 40 -
227278 _at ENSG00000197780 | 0.62 6 -
201614_s_at | ENSGO00000175792 | 0.64 0 -
242488 _at ENSG00000133019 | 0.66 5 -
202729_s_at | ENSG00000049323 | 0.66 4 -
204033_at ENSG00000071539 | 0.69 2 -
206513_at ENSG00000163568 | 0.69 0 -
225582 _at ENSG00000148841 | 0.71 5 -
211576_s_at | ENSG00000173638 | 0.71 2 -
213194 _at ENSG00000169855 | 0.71 20 -
202345_s_at | ENSG00000164687 | 0.72 7 -
200916_at ENSG00000158710 | 0.72 0 -
201897_s_at | ENSGO00000173207 | 0.73 0 -
204092_s_at | ENSGO00000087586 | 0.73 2 -
221970_s_at | ENSGO00000130935 | 0.74 0 -
217901_at ENSG00000046604 | 0.74 8 -
206332_s_at | ENSGO00000163565 | 0.77 0 -

Table B.11: Translation of RS genes.

In this table, the 19 genes comprising the RS score are

listed as microarray probeset and corresponding Ensembl Gene Identifiers (ENSG), determined with
hgul33plus2.db in R. Correlation (r) and the percentage of present expression determined with the
present/absent (PA) call (PA-seq) for RNA-sequencing (RNA-seq) and absent PA call for microarrays
(nCOq, see section 2.2.2) is listed in the table. Excluded genes are listed with exclusion reason: 1 is a
correlation r < 0.15, 2 is a correlation r < 0.4 and a non-overlapp nCO; > 0.3, and 3 is an inconsistent
translation (for details see section 2.5).

Probeset ENSG r nCOq [%] | exclusion reason
233660_at ENSG00000103966 | 0.26 0 3
204031_s_at | ENSG00000197111 | 0.34 0 -
218460_at ENSG00000164818 | 0.38 7 -
235353_at ENSG00000091490 | 0.41 0 3
225687_at ENSG00000101447 | 0.42 7 -
219978_s_at | ENSGO00000137804 | 0.45 1 -
214464 _at ENSG00000143776 | 0.46 2 -
225272 _at ENSG00000141504 | 0.48 0 -
234672_s_at | ENSG00000058804 | 0.54 0 -
221520_s_at | ENSG00000134690 | 0.57 4 -
218726_at ENSG00000123485 | 0.57 1 -
203358_s_at | ENSG00000106462 | 0.58 24 -
226936_at ENSG00000203760 | 0.58 10 -
229553 _at ENSG00000165434 | 0.61 24 -
203755_at ENSG00000156970 | 0.62 10 -
226980_at ENSG00000035499 | 0.65 9 -
203764 _at ENSG00000126787 | 0.66 3 -
220945_x_at | ENSGO00000111261 | 0.76 8 -
219855_at ENSG00000196368 | 0.81 4 -
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Table B.12: Translation of EMC92 genes. In this table, the 92 genes comprising the EMC92 score are
listed as microarray probeset and corresponding Ensembl Gene Identifiers (ENSG), determined with
hgul33plus2.db in R. Correlation () and the percentage of present expression determined with the
present/absent (PA) call (PA-seq) for RNA-sequencing (RNA-seq) and absent PA call for microarrays
(nCOq, see section 2.2.2) are listed in the table. Excluded genes are listed with exclusion reason: 1 is a
correlation r < 0.15, 2 is a correlation r < 0.4 and a non-overlapp nCO; > 0.3, and 3 is an inconsistent
translation (for details see section 2.5).

Probeset ENSG r nCOq [%] | exclusion reason
243018 _at - - - -
231989_s_at ENSG00000183889 | -0.02 2 1,3
231989_s_at ENSG00000233024 | -0.06 2 1,3

233399 _x_at ENSG00000196922 | -0.19 3 1
213350_at ENSG00000142534 | 0.03 0 1,3
230034_x_at ENSG00000182154 | 0.04 0 1,3
216473 _x_at ENSG00000281591 | 0.04 100 1,2,3
223811_s_at ENSG00000164828 | 0.05 0 1,3
215181 _at ENSG00000149654 | 0.07 99 1,2
223811_s_at ENSG00000239857 0.1 95 1,2
217548 _at ENSG00000242498 | 0.11 0 1,3
216473 _x_at ENSG00000260596 | 0.12 100 1,2,3
242180_at ENSG00000130167 | 0.13 85 1,2
221755_at ENSG00000173442 | 0.13 50 1,2
231989_s_at ENSG00000237296 | 0.16 2 -
208232_x_at ENSG00000157168 | 0.16 79 23
231989_s_at ENSG00000183793 | 0.18 1 3
210334_x_at ENSG00000089685 | 0.18 0 -
231989_s_at ENSG00000180747 | 0.19 1 -
231989_s_at ENSG00000185864 0.2 1 3
201102_s_at ENSG00000141959 0.2 0 -
214482 _at ENSG00000089775 0.2 0 -
200933_x_at ENSG00000198034 0.2 0 -
221677_s_at ENSG00000159147 | 0.21 73 2
202542 _s_at ENSG00000164022 0.24 0 -
200775_s_at ENSG00000165119 | 0.25 0 -
201398 _s_at ENSG00000067167 | 0.26 0 -
231989_s_at ENSG00000243716 | 0.27 1 3
217732_s_at ENSG00000136156 0.3 0 -
202884 _s_at ENSG00000137713 | 0.32 0 -
208967_s_at ENSG00000004455 | 0.33 0 -
218365_s_at ENSG00000117593 | 0.34 0 -
219510_at ENSG00000051341 | 0.34 5 -
208904 _s_at ENSG00000233927 | 0.34 0 -
231989_s_at ENSG00000198064 | 0.35 2 3
238662_at ENSG00000134146 | 0.36 0 -
208732_at ENSG00000104388 | 0.36 0 -
208942_s_at ENSG00000008952 | 0.36 0 -
239054 _at ENSG00000163935 | 0.38 0 -
205046_at ENSG00000138778 | 0.39 0 -
214150_x_at ENSG00000113732 | 0.39 0 -
211714_x_at ENSG00000196230 0.4 0 -
209026_x_at ENSG00000196230 0.4 0 -
217824 _at ENSG00000198833 | 0.41 0 -
208667_s_at ENSG00000100380 | 0.44 0 -
226742 _at ENSG00000152700 | 0.44 0 -
222713_s_at ENSG00000183161 | 0.44 1 -
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225366_at ENSG00000169299 | 0.46 0
212788_x_at ENSG00000087086 | 0.46 0
233437_at ENSG00000109158 | 0.47 0
221826_at ENSG00000174606 | 0.47 0
219550_at ENSG00000154134 | 0.48 0
231210_at ENSG00000168070 | 0.48 0
238116_at ENSG00000168589 | 0.49 0
217852_s_at ENSG00000134108 0.5 0
202728_s_at ENSG00000049323 | 0.51 4
202842 _s_at ENSG00000128590 | 0.52 0
226217_at ENSG00000162695 | 0.52 0
208747_s_at ENSG00000182326 | 0.52 0
202553_s_at ENSG00000117614 | 0.52 0
202813_at ENSG00000059588 | 0.54 26
238780_s_at ENSG00000120457 | 0.56 4
213002_at ENSG00000277443 | 0.56 2
212055_at ENSG00000134779 | 0.57 0
221041_s_at ENSG00000119899 | 0.57 0
203145_at ENSG00000076382 | 0.57 1
213007_at ENSG00000140525 | 0.57 1
38158_at ENSG00000135476 | 0.58 2
200875_s_at ENSG00000101361 0.58 0
228416_at ENSG00000121989 | 0.59 0
215177_s_at ENSG00000091409 0.6 0
207618_s_at ENSG00000074582 0.6 0
201930_at ENSG00000076003 | 0.61 1
202532_s_at ENSG00000228716 | 0.61 18
222154 _s_at ENSG00000196141 | 0.62 2
218662_s_at ENSG00000109805 | 0.63 8
225601 _at ENSG00000029993 | 0.64 1
212282 _at ENSG00000109084 | 0.64 1
218355_at ENSG00000090889 | 0.66 1
226218 _at ENSG00000168685 | 0.66 5
201292 _at ENSG00000131747 | 0.67 1
200701_at ENSG00000119655 | 0.67 0
211963_s_at ENSG00000162704 | 0.68 0
AFFX-HUMISGF3A/M97935_MA _at | ENSG00000115415 | 0.68 0
204026_s_at ENSG00000122952 | 0.69 8
221606_s_at ENSG00000198157 | 0.69 2
217728_at ENSG00000197956 | 0.69 0
222680_s_at ENSG00000143476 | 0.69 1
209683 _at ENSG00000197872 0.7 1
202322_s_at ENSG00000152904 | 0.71 0
231738_at ENSG00000113212 | 0.72 14
201795_at ENSG00000143815 | 0.72 0
202107_s_at ENSG00000073111 | 0.72 4
220351_at ENSG00000129048 | 0.72 4
223381 _at ENSG00000143228 | 0.73 2
201555_at ENSG00000112118 | 0.74 1
214612_x_at ENSG00000197172 | 0.76 9
201307_at ENSG00000138758 | 0.82 1
206204 _at ENSG00000115290 | 0.82 1
224009_x_at ENSG00000073737 | 0.85 1
204379_s_at ENSG00000068078 | 0.92 3
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Table B.13: Translation of IFM15 genes. In this table, the 15 genes comprising IFM15 score are
listed as microarray probeset and corresponding Ensembl Gene Identifiers (ENSG), determined with
hgul33plus2.db in R. Correlation (r) and the percentage of present expression determined with the
present/absent (PA) call (PA-seq) for RNA-sequencing (RNA-seq) and absent PA call for microarrays
(nCOy, see section 2.2.2) are listed in the table. Excluded genes are listed with exclusion reason: 1 is a
correlation r < 0.15, 2 is a correlation r < 0.4 and a non-overlapp nCO; > 0.3, and 3 is an inconsistent
translation (for details see section 2.5).

Probeset ENSG r nCOq [%] | exclusion reason
202470_s_at | ENSG00000111605 | 0.21 0 -
202486_at ENSG00000141385 | 0.33 28 -
228677_s_at | ENSG00000105122 | 0.41 87 -
200779_at ENSG00000128272 | 0.44 0 -
204072_s_at | ENSGO00000073910 | 0.47 1 -
217752_s_at | ENSGO00000133313 | 0.61 0 -
228737 _at ENSG00000124191 | 0.62 5 -
202951 _at ENSGO00000112079 | 0.68 3 -
203657_s_at | ENSGO00000174080 | 0.69 9 -
208644 _at ENSG00000143799 | 0.69 0 -
209683_at ENSG00000197872 | 0.7 1 -
212098 _at ENSG00000152127 0.7 32 -
200783_s_at | ENSG00000117632 | 0.72 0 -
201425_at ENSG00000111275 | 0.73 2 -
231736_x_at | ENSG00000008394 | 0.8 2 -

Table B.14: Translation of HDHRS genes. In this table, the 53 genes comprising the HDHRS score are
listed as Ensembl Gene Identifiers (ENSG) and corresponding microarray probesets and gene symbols
(SYMBOL), determined with hgul33plus2.db in R. Best probesets determined with jetset package in
R are depicted in bold. Additionally, the HDHRS factor, correlation (r) and the percentage of present
expression determined with the present/absent (PA) call (PA-seq) for RNA-sequencing (RNA-seq) and
absent PA call for microarrays (nCO1, see section 2.2.2) are listed in the table.

ENSG SYMBOL Probeset Factor r nCOq [%]
ENSG00000123965 - - 1 - -
ENSG00000203819 - - 1 - -
ENSG00000211592 - - -1 - -
ENSG00000234722 - - 1 - -
ENSG00000236675 - - 1 - -
ENSG00000240086 - - 1 - -
ENSG00000272525 - - 1 - -
ENSG00000273002 - - 1 - -
ENSG00000166415 WDR72 1563874 _at, 227174 _at, 1 -0.03 0

236741 _at, 238253 _at

ENSG00000237424 FOXD2-AS1 224456_s_at, 224457 _at 1 0.01 0
ENSG00000247774 PCED1B-AS1 241947_at -1 0.16 0
ENSG00000276234 TADA2A 209938 _at, 210537_s_at 1 0.23 0
ENSG00000151239 TWF1 201745_at, 214007_s_at, -1 0.3 0

214008_at, 243033 _at, 244199 _at
ENSG00000158427 TMSBI15B 1570039_at, 205347 _s_at, 1 0.3 85

214051 _at
ENSG00000188092 GPR89B 1562412_at, 220642_x_at, 1 0.3 17
222140_s_at, 223531_x_at,
225463 _x_at

ENSG00000100629 CEP128 1557755_at, 1557756_a_at, 1 0.32 0

232635_at, 233859_at, 244033 _at
ENSG00000143379 SETDB1 203155_at, 214197 _s_at 1 0.44
ENSG00000105438 KDELR1 1555575_a_at, 200922_at -1 0.45 0
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ENSG00000250317 SMIM20 225014 _at -1 0.46 0
ENSG00000172057 ORMDL3 223259 _at, 235136_at -1 0.48 0
ENSG00000167077 MEI1 1554208 _at, 1564621 _a_at, -1 0.49 0
230011_at
ENSG00000133678 TMEM254 218174_s_at, 222545 _s_at 1 0.5 0
ENSG00000203668 CHML 1565947_a_at, 1565949_x_at, 1 0.51 23
1565951 _s_at, 1566337_x_at,
206079_at, 226350_at
ENSG00000091483 FH 203032_s_at, 203033_x_at, 1 0.53 0
214170_x_at
ENSG00000149809 TM7SF2 210130_s_at -1 0.53 0
ENSG00000168275 COA6 225638_at 1 0.53 0
ENSG00000172954 LCLAT1 226996_at 1 0.54 0
ENSG00000174456 C12o0rf76 1556299_s_at, 226583_at, 1 0.54 5
229679 _at
ENSG00000149218 ENDODI 212570_at, 212573 _at 1 0.51 55
ENSG00000163689 C3orf67 239697_x_at 1 0.55 2
ENSG00000146192 FGD2 1553906_s_at, 1559091 _s_at, -1 0.56 5
1565751 _at, 1565752_at,
1565754_x_at, 215602_at,
242632 _at
ENSGO00000143179 | UCK2, MIR3658 209825_s_at, 225722 _at 1 0.58 0
ENSG00000163468 CCT3 200910_at 1 0.58 0
ENSG00000103540 CCP110 1569353 _at, 204662 _at 1 0.59 1
ENSG00000143390 RFX5 202963_at, 202964 _s_at 1 0.59 0
ENSG00000147535 PLPP5 223568_s_at, 223569_at, -1 0.59 0
226150_at, 226384 _at
ENSG00000221944 TIGD1 1553099 _at 1 0.59 16
ENSG00000143157 POGK 218229 _s_at, 222564 _at, 1 0.6 3
239392_s_at
ENSG00000152270 PDE3B 208591 _s_at, 214582 _at, 1 0.62 4
222317_at, 231276_at
ENSGO00000097046 CDC7 204510_at 1 0.63 0
ENSG00000124243 BCAS4 1569005_at, 220588 _at, -1 0.63 3
228787 _s_at, 231584 _s_at,
239278 _at
ENSG00000140455 USP3 221654_s_at, 226652 _at -1 0.63 0
ENSG00000188343 FAM92A1 228011_at, 235391 _at, 1 0.63 1
237910_x_at
ENSG00000160710 ADAR 201786_s_at 1 0.66 0
ENSG00000131778 CHDIL 1556988 _s_at, 207645_s_at, 1 0.67 2
212539 _at, 238070_at, 244848 _at
ENSG00000170522 ELOVL6 204256_at, 210868 _s_at, 1 0.68 3
227491 _at
ENSG00000117625 RCOR3 218344 _s_at, 222605_at, 1 0.7 0
241433_at
ENSG00000164647 STEAPI 205542_at 1 0.71 4
ENSG00000117650 NEK2 204641_at, 211080_s_at 1 0.73 26
ENSG00000148175 STOM 201060_x_at, 201061_s_at, -1 0.79 0
201062_at
ENSG00000158164 TMSBI5A 205347_s_at, 214051 _at 1 0.83 6
ENSG00000238269 PAGE2B 231307_at 1 0.84 2
ENSG00000234068 PAGE2B 231307_at 1 0.95 1
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Table B.15: Confusion matrices for TC-seq and TC classification on the training group (TG) and vali-
dation group (VG). Depicted are the number (and percentage) of patients per TC-seq group in rows and
per TC group in columns. a TG and b VG. In the top left the percentage of consistency (CO) is depicted.

a TC 2007
CO=751% | 11q13 | 6p21 D1 D1+D2 D2 FGFR3 | MAF | none
28 7 2 1 1
11q13 0 0 0
(15%) (4%) (1%) | (<1%) (<1%)
2 1 1
6p21 0 0 0 0 0
(1%) | (<1%) (1%)
2 1 56 1 1 1
D1 0 0
g (1%) | (<1%) | (30%) <1%) | (<1%) (<1%)
o 2 5 15 4 3
S D1+D2 0 0 0
S (1%) (3%) (8%) 2%) 2%)
=~ 2 16 1
D2 0 0 0 0 0
(1%) (8%) (<1%)
2 1 14
FGFR3 0 0 0 0 0
(1%) (<1%) (7%)
6 1 11
MAF 0 0 0 0 0
(3%) (<1%) (6%)
1
none 0 0 0 0 0 0 0
(<1%)
b TC 2007
CO=751% | 11q13 | 6p21 D1 D1+D2 D2 FGFR3 | MAF | none
11 1 1 1
11q13 0 0 0 0
(10%) (1%) (1%) (1%)
2
6p21 0 0 0 0 0 0 0
(2%)
2 32 1 1 1
D1 0 0 0
g 2%) | (30%) (1%) (1%) (1%)
e 1 1 6 1 2 1
S D1+D2 0 0
3 (1%) (1%) (6%) (1%) (2%) | (1%)
3] 1 10 1
D2 0 0 0 0 0
(1%) (10%) (1%)
1 2 9
FGFR3 0 0 0 0 0
(1%) (2%) (9%)
3 1 3 9
MAF 0 0 0 0
(3%) (1%) | (3%) (9%)
none 0 0 0 0 0 0 0 0
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Table B.16: Confusion matrices for MC-seq and MC classification on the training group (TG) and
validation group (VG). Depicted are the number (and percentage) of patients per MC-seq group in rows
and per MC group in columns. a TG and b VG. In the top left the percentage of consistency (CO) is

depicted.
a MC
CO = 83.9% CD1 CD2 HY LB MF MS PR
CD1 15(8%) | 1(<1%) 0 0 0 0 3 (2%)
s CD2 1(<1%) | 28 (14%) 3 (2%) 3 (2%) 0 2 (1%) 2 (1%)
S HY 0 0 50 (26%) 3 (2%) 0 1 (<1%) 0
= LB 0 1 (<1%) 2 (1%) 21 (11%) 0 0 1 (<1%)
MF 0 0 1 (<1%) 0 8(4%) 0 0
MS 0 1 (<1%) 0 1 (<1%) 0 17 (9%) 0
PR 1(<1%) | 1(<1%) 0 3 (2%) 0 0 23 (12%)
b MC
CO = 82.4% CD1 CD2 HY LB MF MS PR
CD1 4 (4%) 0 0 2 (2%) 0 1 (<1%) 2 2%)
s CD2 1(<1%) | 15(14%) 0 2 (2%) 0 1 (<1%) 0
:'; HY 0 0 24 (22%) 3 (3%) 0 1 (<1%)
= LB 1 (<1%) 0 1(<1%) | 14(13%) 0 1 (<1%)
MF 0 0 0 0 7 (6%) 0
MS 0 0 1 (<1%) 0 0 13 (12%) 0
PR 0 1 (<1%) 1 (<1%) 0 0 12 (11%)

Table B.17: Confusion matrices of t(4;14) prediction on the training group (TG) and validation group
(VG) regarding RNA-seq, microarray and iFISH. Depicted are the number (and percentage) of patients
with and without predicted t(4;14) on RNA-seq in rows and a and ¢ predicted on microarray or b and d
determined with iFISH in columns. a and b TG, ¢ and d VG. In the top left the percentage of consistency
(CO) is depicted. iFISH: interphase fluorescence in-situ hybridisation.

t(4;14)-iIFISH

a g t(4;14)-microarray b g
21 CO=974% | not(4;14) | t(4;14) 21 CO=99% | not(4;14) | t(4;14)
:v; no t4;14) | 171(89%) | 3 (2%) E no t(4;14) | 172 (90%) | 1 (<1%)
= t(4;14) 2(1%) | 17 (9%) S t(4314) 1 (<1%) | 18 (9%)
¢ z t(4;14)-microarray d g t(4;14)-iFISH
£ 1CO0=973% | not4;14) | t(4;14) £ | CO=953% | not4;14) | t(4;14)
:v:. no t@d;14) | 91 (84%) | 2 (2%) E no t@d:;14) | 90(83%) | 3 (3%)
= t(4;14) 1(<1%) | 14(13%) | = t(4;14) 20Q2%) | 13(12%)
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Table B.18: Median survival of AMM, MM, MMR and CoMMpass patients regarding assessed risk
stratifications. Depicted are RNA-sequencing (RNA-seq) based risk stratifications, DNA-microarray
based risk stratifications, the international staging system (ISS) and the revised ISS (R-ISS). EFS: event
free survival; OS: overall survival; AMM: asymptomatic multiple myeloma; MM: multiple myeloma;
CP: CoMMpass cohort; MMR: relapsed myeloma patients.

. Median EFS [months] Median OS [months]
Stratificaion Group
AMM | MM CP MM CP | MMR
low 68.5 | 37.52 | 39.1 | 10346 | NR -
RPI medium | 30.59 | 32.59 | 31.21 | 91.86 | 63.87 | 79.7
high - 252 | 18.17 | 5493 | 49.28 | 13.9
low 89.95 | 35.71 - 126.65 - -
GPI medium | 24.31 | 32.59 - 82.27 - 79.7
high - 16.72 - 32.99 - 13.86
low 46.69 | 35.61 | 36.63 | 103.46 | NR 79.7
UAMS70-seq .
high 13.42 | 16.56 | 20.11 | 46.85 | 38.44 | 13.93
low 48.76 | 36.44 - 109.83 - 66.17
UAMS70 .
high 11.73 | 23.43 - 52.4 - 15.01
low 59.47 | 40.18 | 38.64 | 129.81 NR -
RS-seq medium | 30.59 | 31.93 | 3594 | 83.32 | 63.87 | 79.7
high - 16.72 | 14.75 | 37.19 | 31.21 | 14.08
low 56.77 | 39.69 - 126.65 - -
RS medium | 14.65 | 29.40 - 70.11 - 79.7
high - 16.56 - 32.72 - 13.45
low 46.69 | 36.37 | 3594 | 103.46 | NR 79.7
IFM15-seq .
high 27.99 | 2096 | 23.62 | 6597 | 58.78 | 22.37
low 44.35 | 34.86 - 103.46 - 79.7
IFM15 .
high 21.62 | 23.43 - 44.85 - 24.16
low 4435 | 3535 | 3594 | 103.46 | NR 79.7
EMC92-seq )
high 23.92 | 13.63 | 13.86 | 29.83 | 20.04 | 13.04
low 42.74 | 34.66 - 103.46 - 66.17
EMC92 .
high 15.56 | 16.33 - 28.88 - 8.31
low 51.78 | 39.03 | 39.92 | 14755 | NR -
HDHRS medium | 24.38 | 31.74 | 32.92 | 82.27 | 63.87 | 79.7
high - 18.2 | 20.14 | 36.76 | 52.24 | 13.93
low 45.54 | 39.06 - 147.55 - -
HDHRS-GEP medium | 20.5 28.7 - 70.08 - 79.7
high - 20.67 - 37.19 - 13.93
1 40.71 | 37.78 | 43.66 | 129.81 | NR NR
1SS 2 22.51 | 27.89 | 29.21 | 70.08 NR 30.54
3 51.78 | 23.85 | 23.49 | 54.21 | 54.74 | 46.98
1 4876 | 414 | 46.16 NR NR NR
R-ISS II 27.99 | 26.71 | 30.13 | 78.49 NR | 46.98
III 2249 | 19.84 | 18.99 | 33.71 NR 5.21
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Table B.19: Targets - jetset and GeneAnnot database results. In this table 24 exemplary targets are
listed. Depicted are gene gene symbbol (SYMBOL), Ensembl gene identifiers (ENSG) and Affymetrix
U133 2.0 plus GeneChip probesets. Percentage of consistency of present and absent (PA) expression
determination for RNA-seq (PA-seq call) and for microarrays (PA call) is depcited in the collumn "CO
PA [%]". The column "Jetset max." includes if the depicted ENSG-probeset-pair has the maximum
Jetset score for the SYMBOL. Sensitivity and specificity are extracted from the GeneAnnot databse.
Selected probesets or ENGS are depicted in bold. - indicates no entry in the Jetset or GeneAnnot databse.
Presented are only probesets and ENSGs present in the expression tables. The probeset 210546_x_at of
NY-ESO 1/2 used in the GEP-R, matches to three ENSGs and three SYMBOLs: CTAG2, CTAGIB and
CTAGIA.

Name SYMBOL ENSG probeset RS 2 3 &
BCMA TNFRSF17 | ENSG00000048462 | 206641_at | 0.66 | 100 | TRUE | 0909 | 1
CD38 CD38 | ENSG00000004468 | 205692_s at | 0.68 | 100 | TRUE | | 1
HM1.24 BST2 | ENSG00000130303 | 201641_at | 0.60 | 100 | TRUE | 0909 | 1
1567627_at | 054 | 31 | FALSE | -
CD74 CD74 | ENSG00000019582 | 1567628_at | 038 | 2 | FALSE | 0.909 | |
209619 at | 073 | 100 | TRUE | 1 I

207337_at 0.58 90 TRUE | 0.909 1
215733_x_at 0.77 93 FALSE 1 0.758
210546_x_at 0.73 92 - 0.636 | 0.407
211674_x_at 0.72 93 - 0.636 | 0.407
210546_x_at 0.22 87 | FALSE | 0.636 | 0.296
CTAGIA ENSG00000268651 211674_x_at 0.21 87 | FALSE | 0.636 | 0.296
217339_x_at 0.26 94 | FALSE | 0.545 | 0.333
210546_x_at 0.20 87 | FALSE | 0.636 | 0.296
CTAGI1B ENSG00000184033 211674_x_at 0.19 87 | FALSE | 0.636 | 0.296
217339_x_at 0.21 94 | FALSE | 0.545 | 0.333

209960_at 0.79 89 | FALSE | 0.273 1
209961 _s_at 0.71 91 FALSE 1
HGF HGF ENSG00000019991 210755_at 0.81 66 | FALSE 1

210997_at 0.85 88 TRUE | 0.818
210998_s_at 0.83 83 FALSE 1
204379_s_at 0.90 97 TRUE 1

CTAG2 ENSG00000126890

NYESO1/2

—_ = = =] =

FGFR3 FGFR3 ENSG00000068078
204380_s_at 0.76 96 | FALSE 1 1
MAGEA1 MAGEA1 ENSG00000198681 | 207325_x_at 0.80 86 TRUE | 0.545 | 0.889
209942 _x_at 0.82 85 FALSE 1 0.462
MAGEA3 ENSG00000221867
MAGEA3/ 214612_x_at 0.80 84 - 0.818 | 0.386
MAGEAG6 209942 _x_at 0.79 85 FALSE | 0.909 | 0.439

MAGEAG6 ENSG00000197172
214612_x_at 0.80 85 FALSE | 0.909 | 0.432

209052_s_at 0.66 10 | FALSE 1 0.955
209053_s_at 0.78 50 | FALSE 1
209054 _s_at 0.76 96 TRUE 1
222777_s_at 0.78 81 FALSE | 0.727
222778_s_at 0.79 45 FALSE | 0.818
223472 _at 0.73 12 | FALSE | 0.636
203627_at 0.50 28 FALSE | 0.818
203628_at 0.32 24 | FALSE | 0.455
IGFIR IGFIR ENSG00000140443 208441 _at -0.01 23 FALSE - -
225330_at 0.68 52 TRUE | 0.818 1
243358_at -0.04 | 23 FALSE | 0.727 1

MMSET WHSCI ENSG00000109685

===~~~
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201746_at 0.64 95 TRUE 1 1
TP53 TP53 ENSG00000141510
211300_s_at 0.28 4 FALSE 1 1
204092_s_at 0.78 72 FALSE 1 1
AURKA AURKA ENSG00000087586 208079_s_at 0.76 81 TRUE 1 1
208080_at 0.00 29 FALSE | 0.364 1
208711_s_at 0.81 82 FALSE 1 1
CCND1 CCND1 ENSG00000110092 208712_at 0.79 89 TRUE 1 1
214019_at 0.04 16 FALSE | 0.545 1
200951 _s_at 0.85 65 FALSE 1 1
200952_s_at 0.62 43 FALSE 1 1
CCND2 CCND2 ENSG00000118971
200953_s_at 0.86 78 TRUE | 0.909 1
231259_s_at 0.79 59 FALSE - -
1562028_at 0.08 0 FALSE - -
CCND3 CCND3 ENSG00000112576
201700_at 0.79 99 TRUE 1 1
207165_at 0.74 88 TRUE 1 1
RHAMM HMMR ENSG00000072571
209709_s_at 0.69 57 FALSE 1 1
210356_x_at 0.73 37 FALSE 1 1
217418_x_at 0.71 35 FALSE | 0.909 1
CD20 MS4A1 ENSG00000156738 228592 _at 0.78 65 FALSE 1 1
228599 _at 0.76 44 TRUE 1 1
231418_at 0.61 30 | FALSE - -
207847_s_at 0.59 89 FALSE 1 1
MUCI1 MUC1 ENSG00000185499 211695_x_at 0.20 87 FALSE | 0.909 1
213693_s_at 0.63 14 TRUE 1 1
GPRC5D GPRC5D ENSG00000111291 221297_at 0.84 98 TRUE 1 1
219159_s_at 0.06 100 | FALSE 1 1
CS1 SLAMF7 ENSG0000026751 222838_at 0.71 100 | TRUE | 0.818 1
234306_s_at 0.56 100 | FALSE 1 1
206067_s_at 0.12 99 TRUE 1 1
WT1 WTI1 ENSG00000184937
216953_s_at 0.02 99 FALSE 1 1
207493_x_at 0.28 99 FALSE 1 0.311
210497 _x_at 0.08 90 | FALSE 1 0.37
SSX2 ENSG00000241476
215881_x_at 0.38 100 | FALSE | 0.636 | 0.246
216471_x_at 0.10 92 FALSE | 0.909 | 0.294
SSX2/SSX2B 207493_x_at 0.24 99 FALSE - -
210497_x_at 0.22 90 | FALSE - -
SSX2B ENSG00000268447 215881_x_at 0.20 100 | FALSE - -
215885_at 0.25 100 | FALSE - -
216471_x_at 0.18 92 FALSE - -
1555691_a_at | 0.03 100 - 1 0.47
NKG2D KLRK1 ENSG00000213809
205821 _at 0.04 97 - 0.909 0.47
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Table B.20: Presence and absence of targets assessed by RNA-sequencing (RNA-seq) and microarrays.
Depicted is the consistency of presence and absence of target expression determined on RNA-seq (P
and A) and microarrays (MP and A). Present expression values on both platforms are depicted in black,
absent expression values are depicted in grey. Expression values only present in microarray are depicted
in green, expression values only present in RNA-seq in blue.

[A[MP][A[MP|[ A MP|[ A MP|| A |MP]
BCMA CD38 HM1.24 CD74

A [000 0.00 0.00 0.00

P | [0.00] 1.00| [0.00] 1.00| [0.00 | 1.00 | [ 000 1.00

NYESO1/2 HGF FGFR3 MAGEA1 MAGEA3

50 A 0.84 0.05 0.89 0.71 0.56
g P 0.04 | 0.08 0.11 | 0.83 0.00 | 0.07 0.11 | 0.15 0.04 | 0.29
S MMSET IGF1R TP53 AURKA CCND1

g A 0.04 0.22 0.01 0.19 0.12
qv:a) P 0.50 | 0.46 0.47 | 0.30 0.04 | 0.95 0.08 | 0.62 0.07 | 0.77
<ZC CCND2 CCND3 RHAMM CD20 GPRCSD

[ A 0.24 0.00 0.07 0.16 0.00
P 0.20 | 0.54 0.01 | 0.99 0.07 | 0.82 0.55 | 0.28 0.02 | 0.98
MUC1 CSF1 WT1 SSX2 NKG2D

A 0.01 0.75 0.99 0.90 1.00

P 0.00 | 0.13 0.25 | 0.00 0.01 | 0.00 0.00 | 0.00 0.00 | 0.00

DNA-microarray

Table B.21: Proportion of overexpressed targets on RNA-sequencing (RNA-seq) and microarray. De-
picted is the consistency of overexpressed targets (up) determined by RNA-seq and microarray. Over-
expressed values in both samples are depicted in black, normal expressed values (-) in both samples
are depicted in grey. Overexpressed samples only in microarray are depicted in green, overexpressed
samples only in RNA-seq in blue.

|~ Juw | [ -Juw] | [ - Juw]|[-Juw] |- [up]
BCMA CD38 HM1.24 CD74
— |[0.44 0.98 0.34 0.85
up || 046 [ 0.10 | [ 0.01 | 0.01 033029 | [0.010.04
NYESO1/2 HGF FGFR3 MAGEA1 MAGEA3
o — 1087 0.11 0.90 0.74 0.58
£ up || 0.04 [0.07 | [0.06] 082 [0.00008| [012]0.12] [ 0.04]0.29
S MMSET IGFIR TP53 AURKA CCND1
=3 — 1[0.79 0.91 0.22 0.31 0.12
2 up |[ 0.01 [ 0.12] [ 0.01 | 0.01 0.03]039| [000]0.13| [0.07 ] 077
< CCND2 CCND3 RHAMM CD20 GPRC5D
é — [ 057 0.95 0.67 0.82 0.00
up |[ 002036 [003]002] [0.10017| [003]0.12] [ 0.02] 098
MUC1 CSF1 WT1 SSX2 NKG2D
— [ 054 0.84 0.99 0.92 1.00
up |[ 003 0.15] [0.16 ] 0.00 | | 0.01 [ 0.00 | [ 0.00 | 0.00 | [ 0.00 | 0.00

DNA-microarray
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Table B.22: Log-rank test results of target survival analysis. Survival analyses were performed by divid-
ing patients in two expression groups by maxstat test or present/absent (PA) determination. The depicted
log-rank p-values are adjusted per column for multiple testing. * CD38 was previously published at the
LfM [213] as associated with survival on microarray, with borderline significant p-value of 0.02 in over-
all survival (OS). In this thesis, using a subset of patients and a differing normalisation method, CD38 is
not associated with OS, indicated by borderline (undadjusted) p-values of 0.08 (adjusted: 0.11) for mi-
croarray and 0.055 (adjusted: 0.08) for RNA-sequencing (RNA-seq). OS: overall survival; EFS: event

free survival.

FlF o5 Pl -

=8| 23 8§ § |5 ¢

2 5 z 3 g £ s g | 8

E | E | &8 | F E 2 Z <

% o 4 & =~ N=2 ~ Z, Z

3 2 5 | = % = | 4| & | 3

" g 3 = - g s g g =

g % % &= 2 @ 2 % 2 Z

z = = = = o o o ) Z
BCMA 72 NA A1 NA .66 NA 21 NA no
CD38 27 NA 33 NA A2 NA .08 NA yes*
HM1.24 18 .04 54 NA 18 54 39 NA no
CD74 .003 NA .07 NA .009 NA | <.001 | NA | yes
NYESO1/2 | <.001 | <.001 .001 <.001 | <.001 | <.001 | <.001 | <.001 | yes
HGF 73 41 .79 32 .83 73 93 .68 no
FGFR3 002 | .004 01 01 .007 01 01 01 yes
MAGEA1 | <.001 | <.001 | <.001 | <.001 | <.001 | <.001 | <.001 | <.001 | yes
MAGEA3 | <.001 | <.001 | <.001 | <.001 | <.001 | <.001 | <.001 | <.001 | yes
CCNDI 002 | .003 12 08 | <.001 | <.001 | <.001 | .01 yes
CCND2 | <.001 | .02 |<.001 | .87 |<.00l | .052 |<.001 | 096 | yes
CCND3 73 .63 8 31 42 .76 Sl .56 no
MMSET | <.001 | <.001 | <.001 | .76 | <.001 | <.001 | <.001 | .16 | yes
IGFIR | <.001 | .008 | .008 1 <.001 | <.001 | .006 07 yes
TP53 73 .84 17 .08 .83 94 47 .002 no
AURKA <.001 .008 | <.001 | <.001 | <.001 | <.001 | <.001 | <.001 | yes
RHAMM | <.001 | .05 | <.001 | .04 | <.001 1 <.001 | .02 | yes
CD20 .18 43 .04 .54 45 74 .07 54 NA
GPRC5D .02 .64 .02 94 13 52 21 A5 NA
MUCI <.001 6 004 13 | <.001 | .76 03 14 | yes
CS1 .09 43 .03 4 43 0.18 | <.001 | .17 | NA
WTI1 .06 .59 .83 4 24 18 13 18 no
SSX2 <.001 | <.001 | NA NA | <.001 | <.001 | NA NA | NA
NKG2D .02 57 19 NA 27 18 9 NA | NA
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Table B.23: Splice junction analysis for CD38 and BCMA exemplified for two patients. aPatient 1
(left part) shows expression of CD38-001. All seven splice junctions (SJs) are present. Patient 2 shows
additional low expression of SJ 9 specific for CD38-005. b Patient 1 shows expression of BCMA-001.
Both SJs are present. Patient 2 shows additional low expression of SJ 3, SJ 4 and SJ 14 specific for
BCMA-002 and BCMA-003. (Seckinger, ..., Emde et al., Frontiers in Immunology 2018 [213])

a Specific Patient 1 Patient 2

Splice for CD38 || uniquely | multiple | over- || uniquely | multiple | over-
Junction | transcript || mapping | mapping | hang || mapping | mapping | hang

SJ1 - 964 1 38 1774 4 38

SJ2 - 1079 0 38 1904 0 38

SJ3 001 914 1 38 1734 1 38

SJ4 - 983 0 38 1840 1 38

SIS - 1017 0 38 1882 2 38

SJe6 - 919 0 38 1743 1 38

SJ7 - 1002 0 38 1969 0 38

SJ 8 002 0 0 0 0 0 0

SJ9 005 0 0 0 19 0 37

b Specific Patient 1 Patient 2

Splice | for BCMA || uniquely | multiple | over- || uniquely | multiple | over-
junction | transcript || mapping | mapping | hang || mapping | mapping | hang

SJ1 - 1667 0 38 1881 1 38

SJ2 001 1674 2 38 2010 3 38

SJ3 002 0 0 - 22 0 37

SJ4 002 0 0 - 13 0 38

SJ5 003 0 0 - 14 0 37
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C Supplementary Code

1 |#!/bin/bash

3 |# 1. Create a directory for the index:

4 |mkdir References/StarIndex

6 |# 2. Step into the directory and download the genome FASTA file and the GTF file:

8 | # Download genome and uncompress it:
9 |# ftp://ftp.ensembl.org/pub/release-77/fasta/homo_sapiens/dna/
10 |# Homo_sapiens.GRCh38.dna.primary_assembly.fa.gz

12 | # Download Ensembl GTF and uncompress it:

13 |# ftp://ftp.ensembl.org/pub/release-82/gtf/homo_sapiens/Homo_sapiens.GRCh38.82.gtf.gz

15 |# 3. Build the genome index:

16 |STAR --runMode genomeGenerate --runThreadN 15 --genomeDir References/StarIndex

--genomeFastaFiles
References/StarIndex/Homo_sapiens.GRCh38.dna.primary_assembly.fa

--sjdbGTFfile References/Homo_sapiens.GRCh38.82.gtf

18 |# 4. Alignment and read count per gene and splice junction:

19 | STAR --runThreadN 15 --genomeDir References/StarIndex

--readFilesIn $sample_1.fa.gz $sample_2.fa.gz

--readFilesCommand gzip -cd --outFileNamePrefix $sample

--outSAMtype BAM SortedByCoordinate

--quantMode GeneCounts --outReadsUnmapped Fastx --chimSegmentMin 15

--genomeLoad LoadAndKeep --limitBAMsortRAM 31532137230

20

21 |# 5. Generating a bam index:

2 |samtools index $sample_Aligned.sortedByCoord.out.bam

23

24 |# 6. Read count per base

25 |bam-readcount -f References/StarIndex/Homo_sapiens.GRCh38.dna.primary_assembly.fa

$sample_Aligned.sortedByCoord.out.bam 7:140753336-140753336 > V600counts
.txt

Code C.1: Alignment and read count using STAR. The sample $sample is aligned against the
human genome and the number of reads are counted per gene and splice junction with STAR. The
reads per base are counted with bam-readcount. (For references, see section 2.3.2.1)
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1 |#!/bin/bash

3 |# 1. Create a directory for the index:
4 |mkdir References/RSEMIndex

6 |# 2. Step into the directory

8 |# 3. Build the index:
9 |rsem-prepare-reference --gtf References/Homo_sapiens.GRCh38.82.gtf
--star References/StarIndex/Homo_sapiens.GRCh38.dna.primary_assembly.fa

rsem_ref/human_ensembl

11 |# 4. Alignment:

12 | STAR --runThreadN 15 --genomeDir References/RSEMIndex
--readFilesIn $sample_1.fa.gz $sample_2.fa.gz
--readFilesCommand gzip -cd --outFileNamePrefix $sample
--outSAMtype BAM Unsorted

--quantMode TranscriptomeSAM

--genomeLoad LoadAndKeep --limitBAMsortRAM 31532137230

14 |# 5. RSEM quantification

15 |rsem-calculate-expression --paired-end

--num-threads 15

--quiet

--bam $sample_Aligned.toTranscriptome.out.bam
References/rsem_ref/human_ensembl

$sample_quant

17 |# 6. RSEM plot

18 | echo -e "ENST00000053243\nENST00000396495\nENST00000562385" > inputBCMA.txt
19 | rsem-plot-transcript-wiggles $sample_quant inputBCMA.txt

--show-unique $sample_quant_BCMA.pdf

Code C.2: Alignment and read count using RSEM. The sample $sample is aligned against the
human genome and the number of reads are counted per transcript with STAR. The expression is

quantified and visualised with RSEM. (For references, see section 2.3.2)

1 |#!/bin/bash

3 | # Quality control

4 |# 1. before alignment: FastQC

5 |fastqc $sample_1.fa.gz --threads 15 --outdir $sample_1_fastqc_reports
6 |fastqc $sample_2.fa.gz --threads 15 --outdir $sample_2_fastqc_reports

8 |# Evaluation of the HTML report as described in chapter 2.3.2.5

Code C.3: Quality control with FastQC. The quality report of both files of the sample $sample is
controlled.
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1 |[# R
2 |# Quality control

4 |# 2. After alignment: at least 60\ mapped reads

5 |logs <- read.csv($sample*Log.final.out, sep=c("["))

6 |# Column 27 contains the percentage unmapped reads due to too many mismatches
7 |# Column 28 contains the percentage unmapped reads due to too short reads

8 |# Column 29 contains the percentage unmapped reads due to other reasons

9 | UnmappedReads <- sum(as.numeric(

10 c(str_replace(unlist(str_split(logs[27,2], "\t"))[2], "%", "™,
1 str_replace (unlist(str_split(logs[28,2], "\t"))[2], "%", ""),
12 str_replace(unlist(str_split(logs[29,2], "\t"))[2], "%", ""))))

13 | if (UnmappedReads < 40, "keep", "remove')

15 |# 3. After summing up technical replicates: Library size >= 1000000
16 | counts <- read.table("$sample*ReadsPerGene.out.tab")

17 |# The first four rows contain a mapping summary

18 |# column 2 contains the counts for unstranded RNA-seq

19 |librarysize <- sum(ct[-c(1:4),2])

20 |if (librarysize >= 10000000, 'keep', "remove')

21

22 |# merge all count tables in one (count.table)

Code C.4: Quality control of the number of mapping reads and the library size. The sample
$sample has to fullfill the following criteria: At least 60% of the reads have to map to the genome
and the library size has to be >10000000 reads.

1 |# 1. Sum technical replicates:

2 | ct <- aggregate(t(count.table), by=list(colnames(count.table)), sum)

4 |# 2. Exclude genes with zero counts in all samples:
5 |zero <- apply(ct, 1, function(x) all(x==0))
6 | ct2 <- ctl[!zero,]

8 |# 3. Normalisation
9 |y <- DGEList(counts=ct2, group=entities, genes=rownames(ct2))
10 |yl <- calcNormFactors(y) # method=TMM

11 |nc <- cpm(yl, normalized.lib.sizes=TRUE)

13 |# 4. Log2 transformation:

14 |nc.log <- log2(nc+l)

Code C.5: EdgeR normalisation. The merged read counts from the STAR output files
(countfiles) are summed per patient, normalised with EdgeR and log2 transformed.
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| |add.normalise <- function(ct, entity="MMs", ct.TG=ct.TG, e.TG=entities.TG){
2 # 1. Order the genes of the ct and add the new ct to ct.TG:
3 ct.add <- cbind(ct.TG, ct[match(row.names(ct.TG), row.names(ct)),])

4 colnames (ct.add) [ncol(ct.add)] <- colnames(ct)

6 # 2. Adds the new entity to e.TG:

7 entity.add <- c(e.TG$entity.1, as.character(entity))

8

9 # 3. Normalisation:

10 y <- DGEList(counts=ct.add, group=entity.add, genes=rownames(ct.add))
1 y1 <- calcNormFactors(y)

12 nc <- cpm(yl, normalized.lib.sizes=TRUE) # nc: normalized counts
13

14 # 4. Generate nice output:

15 nc <- data.frame(nc[, ncol(nc)])

16 colnames(nc) <- colnames(ct)

17 nc

18 |}

Code C.6: Normalisation function. Input parameters are the raw counts of the new sample (ct)
and of the training group (ct.TG) and the entities of both (entity and entities.TG).

1 |RPI.seq <- function(nc.log, entity='"l1Ms", genes=gpi.genes, glc=gene.length.cutoff){

2 # 1. Vector with the genes translated to Ensembl gene IDs: genes

4 # 2. Cutting nc.log to 50 gpi_genes and do present/absent call

5 nc.RPI <- nc.loglgenes, ncol(nc.log)]

6 glc.nc <- cbind(glc[genes], nc.RPI)

7 nc.RPI.pa <- t(apply(glc.nc, 1, function(x) ifelse(x[-1]1>=x[1], 1, 0)))
8 nc.RPI.pa <- nc.RPI*nc.RPI.pa

10 # 3. Score estimation by summing up the 50 genes

11 score <- sum(nc.RPI.pa)

13 # 4. Division in 3 groups

14 low.cut=121.9601

15 high.cut=202.7359

16 risk <- ifelse(score<=low.cut, "low risk",

ifelse(score<=high.cut, "medium risk", "high risk"))

18 data.frame (ID=colnames (nc.log), score=score, risk=risk, entity=entity)

19 |}

Code C.7: RPI function. Input parameters are the normalised and log2 transformed counts
(nc.log), the entity, the genes of the RPI (gpi_genes), depicted in table B.9 and the gene length
cutoff (gene.length.cutoff).
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25

26

UAMS70.seq <- function(nc.log, entity="MVs", td=traindata.UAMS70){

}

# 1. Extract the genes, translated to Ensembl gene IDs
uams.genes <- row.names (td)
sel = intersect(uams.genes, rownames(nc.log))

gep70.log2.exp = as.matrix(nc.log[sel,])

# 2. Centre probe sets using the TG expression averages

centred.gep70.1log2.exp = gep70.log2.exp - td[,"TrainingMeans"]

# 3. weighting of the expression, using a weighting matrix and a vector

weighted.ave = t(td[,7:12]) %*¥% centered_gep70_log2_exp

score = t(weighted.ave) %*% c(-0.193970199, -0.102403915, 0.048411741,
0.043861307, 0.181940086, 0.171153439)

# 4. Estimate the squared distance to the group mean risk

squared.dist = (matrix(score, nrow=length(score),ncol=3) -

matrix(c(-6.083014, -5.190644, -4.096769),
nrow=length(score), ncol=3, byrow=TRUE))"2

# 5. Classify the sample

risk = apply(squared.dist, 1, which.min)
risk = ifelse(risk==1, "low risk", ifelse(risk==2, "medium risk", "high risk"))

names (risk) <- row.names(score)

data.frame (ID=colnames (nc.log), score=score, risk=risk, entity=entity)

Code C.8: UAMS70-seq function. Input parameters are the normalised and log2 transformed

counts (nc. log), the entity and the data of the training cohort (traintab).

EMC92.seq <-function(nc.log, entity="NMMs'", td=traindata.EMC92){

}

# 1. Match translated genes

nc.log <- nc.log[match(row.names(td) ,row.names(nc.log)),]

# 2. Mean variance standardisation

nc.EMC <- t((nc.log-td$trainmean)/td$trainsd)

# 3. Estimate score by matrix-weighting score-product estimation

score <- nc.EMC %7 td$weight_EMC
# 4. Division in 2 groups
threshold=1.014283

risk <- ifelse(score>threshold, "high risk", "standard risk")

data.frame (ID=colnames (nc.log), score=score, risk=risk, entity=entity)

Code C.9: EMC92-seq function. Input parameters are the normalised and log2 transformed counts

(nc.log), the entity and the data of the training cohort (traindata).
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1 |RS.seq <- function(nc.log, entity="Mls", genes=rs.genes)q{

2 # 1. RS genes translated to Ensembl gene IDs: genes

4 # 2. Multiply genes by a factor
5 RS.factor <- c(rep(l, 14),rep(-1, 3))

6 nc.RS <- nc.loglgenes,]*as.numeric(rs.factor)

5

8 # 3. Score estimation by summing up the gene expression
9 score <- sum(nc.RS)

11 # 4. Division in 3 groups
12 low.cut=9.01033587115606
13 high.cut=29.3685251672214

14 risk <- ifelse(score<=low.cut, "low risk",

15 ifelse(score<=high.cut, "medium risk", "high risk"))

16

17 data.frame (ID=colnames (nc.log), score=score, risk=risk, entity=entity)
18 [}

Code C.10: RS-seq function. Input parameters are the normalised and log2 transformed counts
(nc.log), the entity and the genes of the RS-seq (RS_genes), depicted in table B.11.

1 |HDHRS.seq <- function(nc.log, entity="MVs", genes=HDHRS.genes){
2 # 1. Vector of genes of HDHRS (Ensemble gene IDs): genes

4 # 2. Multiply genes by a factor
5 HDHRS.factor <- c(rep(-1, 13), rep(1, 40))
6 nc.HDHRS <- nc.logl[genes,]*as.numeric (HDHRS.factor)

8 # 3. Score estimation by summing up the 53 genes

9 score <- sum(nc.HDHRS)

11 # 4. Division in 3 groups
12 low.cut=3.86805329889207
13 high.cut=24.0962532436869

14 risk <- ifelse(score<=low.cut, "low risk",

15 ifelse(score<=high.cut, "medium risk", "high risk"))

16

17 data.frame (ID=colnames (nc.log), score=score, risk=risk, entity=entity)
18 |}

Code C.11: HDHRS function. Input parameters are the normalised and log2 transformed counts
(nc.log), the entity and the genes of the HDHRS (HDHRS_genes), depicted in table B.14.
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TC2007.seq = function(nc, entity="MMs") {
co=c (FGFR3=72.19458, WHSC1=39.63992, CCND3=459.58197, CCND2.x=48.84759,
CCND2.y=68.41890, CCND1.2=2.90520, ITGB7=104.57858, CX3CR1 =14.05472,
MAF=24.63713, MAFB=13.50716, CCND1.1=333.19385, mpI=132.79614)

# 1. Estimate geometric mean of the ten genes (called macrophage index)

p = c("ENSG00000120708", "ENSG0O0000170458", "ENSGO0000177575", c("ENSG0O0000162747",
"ENSG00000203747") , "ENSGO0000073754", "ENSG0O0000131495", "ENSG0O0000275385",
c("ENSG00000113141", "ENSG00000113119"))

expr <- c(nclplc(1:3,6:8)]1,], sum(nclplc(4:5)1,]), sum(nclplc(9:10)1,1))

macrophageIndex = exp(mean(log2(expr+1) ,na.rm=TRUE))

# 2. Class prediction
TC.1 <- ifelse(nc["ENSG00000068078",] > co["FGFR3"], 1,
ifelse(nc["ENSG00000109685",]1 > co["WHSC1"], 1,0))
TC.2 <- ifelse(nc["ENSG00000112576",1 > co["CCND3"] &
(nc["ENSG00000118971",]1 < co["CCND2.x"] &
nc["ENSG00000110092",] < co["CCND1.2"]), 1,0)
TC.3 <- ifelse((nc["ENSG00000139626",]1 > co["ITGB7"] &
nc["ENSG00000168329",] > co["CX3CR1"]), 1,0)
TC.32<- ifelse((nc["ENSG0O0000139626",] > co["ITGB7"] |
nc["ENSG00000178573",1 > co["MAF"] |
nc["ENSG00000204103",] > co["MAFB"] &
macrophageIndex < co["mpI"] &
nc["ENSG00000118971",] > co["CCND2.y"]1), 1,0)
TC.4 <- ifelse(nc["ENSG00000110092",] co["CCND1.1"], 1,0)
TC.5 <- ifelse(nc["ENSG00000110092",] co["CCND1.2"] &
nc["ENSG00000118971",] <= co["CCND2.x"], 1,0)
TC.6 <- ifelse(nc["ENSG00000110092",] co["CCND1.2"] &
nc["ENSG00000118971",] co["CCND2.x"], 1,0)
TC.7 <- ifelse(nc["ENSG00000110092",] <= co["CCND1.2"] &
nc["ENSG00000118971",] > co["CCND2.x"], 1,0)
TC.8 <- ifelse(nc["ENSG00000110092",] <= co["CCND1.2"] &
nc["ENSG00000118971",] <= co["CCND2.x"], 1,0)

>
>

vV Vv

# 3. Choose right class
TC.mat = c("FGFR3"=TC.1, "6p21"=TC.2, "MAF"=max(TC.3, TC.32), "11q13"=TC.4,
"D1"=TC.5, "D1+D2"=TC.6, "D2"=TC.7, "none'"=TC.8)
class <- names(TC.mat) [which(TC.mat==1)][1]

data.frame(ID=colnames(nc), class=class, entity=entity)

Code C.12: TC2007-seq function. Input parameters are the normalised counts (nc) and the entity.
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1 | IFM15.seq <- function(nc.log, entity="MMs", genes=IFM15.genes){
2 # 1. Vector with IFM genes translated to Ensembl gene IDs and
3 # named with the microarray probe set: genes

4

5 # 2. Estimate IFM score by equation

6 score = nc.logl[genes["208644_at"],]  * 0.27578783 +

7 nc.loglgenes["202470_s_at"],] * 0.26987655 +

8 nc.loglgenes["202951_at"],]  * 0.29530369 +

9 nc.loglgenes["200783_s_at"],] * 0.31490195 -

10 nc.loglgenes["201425_at"],]  * 0.13137903 +

1 nc.loglgenes["231736_x_at"],] * 0.17772804 +

12 nc.loglgenes["217752_s_at"],] * 0.38697337 +

13 nc.loglgenes["202486_at"],]  * 0.30371178 +

14 nc.loglgenes["212098_at"],]  * 0.25043791 -

15 nc.loglgenes["209683_at"],]  * 0.29483393 +

16 nc.loglgenes["228677_s_at"],] * 0.19243758 -

17 nc.loglgenes["200779_at"],]  * 0.2491429 -

18 nc.loglgenes["203657 _s_at"],] * 0.17822457 +

19 nc.loglgenes["204072_s_at"],] * 0.21255699 +

20 nc.loglgenes["228737_at"],] % 0.21956366

21

22 # 3. Classify in 2 groups

23 threshold=7.672949

24 risk = factor(ifelse(score > threshold,"high risk","low risk"),
25 levels=c("low risk", "high risk"))

26

27 data.frame (ID=colnames (nc.log), score=score, risk=risk, entity=entity)
28 |}

Code C.13: TFM15-seq function. Input parameters are the normalised and log2 transformed counts
(nc.log), the entity and the genes of the IFM-seq (IFM_genes), depicted in table B.13.

1 |MC.pam.seq <- function(nc.log, entity="MVs", td=traindata.MC){

2 # 1. Filtering the expression table

3 nc.MC <- data.frame(nc.log[match(row.names(td$centroids), row.names(nc.log)),])
4 row.names (nc.MC) <- row.names(td$centroids)

5

6 # 2. Prediction

7 threshold = 0.2505557
8 prediction <- pamr.predict(fit = td, newx = nc.MC, threshold=threshold)

10 data.frame (ID=colnames(nc.log), prediction=as.character(prediction), entity=entity)

1 |}

Code C.14: MC-seq function. Input parameters are the normalised and log2 transformed counts

(nc.log), the entity and the parameters of the training cohort (pam. train).
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t414.pam.seq <- function(nc.log, entity="NMMs", td=traindata.t414){
# 1. Filtering the expression table
nc.t414 <- data.frame(nc.log[match(row.names (td$centroids), row.names(nc.log)),])

row.names (nc.t414) <- row.names (td$centroids)

# 2. Prediction
threshold = 6.556106
prediction <- pamr.predict(fit = td, newx = nc.t414, threshold=threshold)

data.frame (ID=colnames (nc.log), prediction=as.character(prediction), entity=entity)

}

Code C.15: t(4;14)-seq prediction function. Input parameters are the normalised and log2

transformed counts (nc.log), the entity and the parameters of the training cohort (pam.train).

20

21

22

# 1. Read splice junction table

counts.SJ <- read.table("$sample*SJ.out.tab")
# column 1: chromosome,

# column 2: first base of the intron (1-based)
# column 3: last base of the intron (1-based)
# ...

# 2. Count splice junctions of e.g. BCMA at chromosome 16
BCMA.SJ <- counts.SJ[which(counts.SJ[,1]1==16 & counts.SJ[,2]1>=11965107 &
counts.SJ[,3]1<=11968068),]

# 3. Filter: at least 10 uniquely mapping reads crossing the junction
BCMA.SJ <- BCMA.SJ[which(BCMA.SJ[,71>=10),]

# Positions of the splice junctions per transcript

BCMA.001 <- c(8J.1="11965455_11966194", §J.2="11966342_11967569")

BCMA.002 <- c(SJ.1="11965455_11966194", §J.3="11966342_11967019",8J.4="
11967144_11967569")

BCMA.003 <- c(8J.5="11965455_11967569")

# 4. Test if transcripts are expressed

if(all1(BCMA.001 %in}, paste(BCMA.SJ[,2], BCMA.SJ[,3], sep="_")), "present", "absent'")
if(all(BCMA.002 %in}, paste(BCMA.SJ[,2], BCMA.SJ[,3], sep="_")), "present", "absent")
if (al11(BCMA.003 %in% paste(BCMA.SJ[,2], BCMA.SJ[,3], sep="_")), "present", "absent'")

Code C.16: Splice junction analysis. The table containing the counts per splice junction is

preprocessed and filtered. The expressed transcripts are determined.
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1 |pa.call.seq <- function(nc, glc=gene.length.cutoff)q{
2 # 1. load median transcript length per gene divided by 1000 (gene length cutoff)

4 # 2. estimate present (P) and absent (A) expression per gene

5 nc.pa <- data.frame(ifelse(nc[,1]>=glc[row.names(nc)], "P", "A"))
6 colnames (nc.pa) <- colnames(nc)

7 nc.pa

8 |}

Code C.17: PA call function for RNA-seq. Input parameters are the normalised counts (nc) and

the gene length cutoff (gene.length.cutoff).

| | overexpression.call.seq <- function(nc.log, Bc=BMPC.log.cutoff)q{

2 # 1. the overexpression cutoff is the median expression of the BMPCs per gene
3 # multiplied with three times the standard deviation of the BMPC expressions
4

5 # 2. estimate overexpression per gene

6 nc.ov <- data.frame(ifelse(nc.log[,1]>=BC[row.names(nc.log)], "UP", "-"))

7 colnames(nc.ov) <- colnames(nc.log)

8 nc.ov

9 |}

Code C.18: Overexpression function for RNA-seq. Input parameters are the normalised and
log transformed counts (nc.log) and a estimated cutoff, using the expression of BMPCs
(BMPC.log.cutoff).

1 |# 1. Read table with counts per base

2 |counts.base <- read.table("$sample*counts.txt")

3 |# columm 1, 2, 3, 4: chr, position, reference_base, depth

4 |# column 6, 7, 8, 9: base information for A, C, G, T :

5 | # base:count:avg_mapping_quality:avg_basequality:avg_se_mapping_quality:num_plus_

strand:num_minus_strand:avg_pos_as_fraction:

7 |# 2. Split information per base e.g. G
8 |counts.G <- as.numeric(str_split(counts.base[,8], ":")[[1]1]1[-1])

3. Count and filter reads per base e.g. G
i) at least two reads covering the mutation

ii) a mapping quality of 255

#
#
#
13 |# iii) a base quality of at least 30
# iv) at least one read in each strand direction
# v) an average base position in the intermediate 85% of the nucleotides
# vi) variant allel frequency of at least 10%
17 |ifelse(counts.G[1]>=2 & counts.G[2]==255 & counts.G[3]>=30 &
(counts.G[5]>=1 & counts.G[6]>=1) & counts.G[7]>=0.85 &

counts.G[1]/as.numeric(counts.base[,4])>=0.1, "G present", "G absent')

Code C.19: Mutation analysis. The table containing the counts per base is preprocessed, filtered
and the number of mutated bases (e.g. "G" at position V600) is determined.
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31

32

33

34

35

36

37

# First part: Preprocessing

# 1.1 The alignment, the index and the read count per base is performed as

# described in code C.1, lines 18 to 25

# 1.2 For quality control see code C.3 and C.4 lines 1 to 20

# Second part: Normalisation, risk stratification and molecular classification

# 2.1 Normalisation with TG 1 and TG 2

ct <- matrix(counts[-c(1:4),2], dimnames=list(counts[-c(1:4),1], "sample.name"))
ncl <- add.normalize(ct=ct, entity="MNMs", ct.TG=counttable.TG, e.TG=entities.TG)
nc2 <- add.normalize(ct=ct, entity="lMMs", ct.TG=counttable.TG.M, e.TG=entities.TG.M)
# log2 transformation

ncl.log <- log2(ncl+1)

nc2.log <- log2(nc2+1)

# 2.2 Estimate stratifications and classifications:
RPI.Seq(nc.log=ncl.log, entity="Ms")
UAMS.Seq(nc.log=nc2.log, entity="MNMs")
RS.Seq(nc.log=nc2.log, entity="NMMs")
EMC92.Seq(nc.log=nc2.log, entity="MMs")
IFM15.Seq(nc.log=nc2.log, entity="MMs")
HDHRS.Seq(nc.log=nc2.log, entity="MMs")
TC2007.Seq(nc=nc2, entity="MMs")
MC.Seq(nc.log=nc2.log, entity="MMs")
t414.Seq(nc.log=ncl.log, entity="1NMs")

# Third part: Target analysis

# 3.1 Target expression PA call and overexpression
pa.call.seq(nc, glc=gene.length.cutoff)
overexpression.call.seq(nc.log, Bc=BMPC.log.cutoff)

# 3.2 Splice junction analysis e.g. BCMA is described in code C.16

# 3.3 Mutation analysis, e.g. G at V60OE in BRAF is described in code C.19

Code C.20: Example of using RNA-seq stratification, classification and target assessment analysis

pipeline.
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